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One major goal of human genetics is to identify variants,
genes,  and  pathways  causing  diseases,  both  common
and rare. Statistical thinking and approaches have played
a major role in advancing human genetics research both
historically  and  in  recent  years  after  the  completion  of
the Human Genome Project. There has been a paradigm
shift  from  family-based  linkage  studies  to  population-
based association studies  in  the  past  15 years  thanks to
the Human Genome Project, and many genomic regions
have been implicated for human diseases and traits. The
first success of genome wide association study (GWAS)
was  published  in  2005  by  Josephine  Hoh  and  her
colleagues  [1]  who were  able  to  use  only  96  cases  and
50  controls  and  a  low-resolution  array  to  identify
complement  factor  H  as  a  major  gene  for  age  related
macular  degeneration.  Since  then,  numerous  GWAS
have been performed for thousands of traits, with results
catalogued  at  the  GWAS  Catalog  (https://www.ebi.ac.
uk/gwas/)  and  other  web  sites.  Most  of  the  identified
associations  have  been  for  single  nucleotide
polymorphisms  (SNPs),  one  of  the  most  common
genetic variations in the human genome. The number of
SNPs  that  have  been  associated  with  a  complex  trait
ranges from a few (e.g., posttraumatic stress disorder) to
a few thousands (e.g., height [2]). These successes have
benefited  greatly  from  the  developments  and
applications  statistical  methods  to  gather,  model,
analyze, and interpret GWAS data. In the following, we
discuss  several  areas  that  statistical  thinking  and

modeling  have  led  to  significant  insights  on  the  design
and  analysis  of  human  genetic  studies,  and  conclude
with  future  challenges  that  demand  further  statistical
developments. 

CHOICE OF STUDY DESIGNS TO
IDENTIFY COMPLEX DISEASE GENES

Compared  to  Mendelian  diseases,  which  are  caused  by
the mutations in single genes,  complex diseases are the
result of perturbation of many genes and pathways and it
proved  difficult  to  identify  complex  disease  genes
through  family  studies  with  a  few exceptions  that  have
genes  with  large  effects,  such  as  BRAC1  for  breast
cancer  [3].  The  basic  idea  for  family-based  study  is  to
track co-segregation of inherited chromosomal segments
with  disease  phenotypes  among  family  members,  and
these  are  called  linkage  analyses.  There  are  two  major
categories  of  linkage  analyses,  parametric  and  allele-
sharing  methods.  Parametric  linkage  methods  need  to
make  explicit  assumptions  of  disease  models,  e.g.,
disease-causing  allele  frequencies  and  penetrance,  that
are often difficult to estimate. In contrast, allele sharing
methods  compared  the  observed  allele  sharing  at
candidate markers between affected relatives versus that
expected by chance when the candidate markers are not
in linkage to disease loci.  As allele-sharing methods do
not  rely  on  specific  disease  model  assumptions,  these
methods are  also  called non-parametric.  However,  very
few  loci  were  implicated  with  either  parametric  or
allele-sharing  methods  for  complex  traits.  In  a  seminal
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paper  published  in  1996,  Risch  and  Merikangas  [4]
showed  that  the  allele-sharing  methods,  e.g.,  affected
sib-pair  methods,  have  very  limited  statistical  power  to
identify  genetic  variants  conferring  moderate  relative
disease  risks.  For  example,  it  may  require  hundreds  of
thousands of affected sib pairs to have adequate power.
In  contrast,  study  designs  that  look  for  association
signals,  e.g.,  case  control  studies,  across  individuals  in
the population (instead of co-segregation signals within
families) between candidate markers and disease pheno-
types  are  much  more  efficient.  However,  historically
researchers were concerned about false positives due to
population  stratification  and  other  confounding  factors.
To  minimize  false  positives  due  to  population  stratifi-
cation,  Ewens  and  colleagues  [5]  proposed  a  family-
based association design that  treats  the alleles transmit-
ted  from  the  parents  to  the  affected  offspring  as  cases
and  those  untransmitted  alleles  from  the  parents  to  the
affected offspring as controls for association analysis. It
was  shown  that  this  design  is  robust  to  population
stratification.  In  fact,  this  family-bases  association
design was considered by Risch and Merikangas [4] as a
much more powerful  alternative to the affected sib-pair
design.  It  is  interesting  to  note  that  the  statistical
significance  level  of  5×10‒8  was  used  in  [4]  to  make
multiple  comparison  adjustment,  which  is  the  same  as
the  significance  threshold  commonly  used  for  GWAS.
However, this level was adopted to adjust for 105 genes
with each gene having 10 alleles, as the number of genes
was  estimated  to  be  105  in  the  human  genome  at  that
time.  One  limitation  of  the  family-based  association
study was the need to collect probands and their parents
and a number of methods were proposed to deal with the
case  of  having  one  or  no  parents.  Despite  these
developments,  the design would still  be considered less
efficient than that based on standard case control studies
where the subjects  are unrelated individuals.  Moreover,
for  late-onset  diseases,  it  is  challenging  to  collect
biospecimen from affected individuals and their parents.
Around this time, researchers realized the possibility of
using  genomic  markers  to  infer  and  control  population
stratifications in the samples with a number of methods
developed, including the now commonly used principal
component  analysis  [6,7]  to  control  for  population
stratification.  We  note  that  the  statistical  power
comparison  of  the  affected  sib-pair  design  and  family-
based  association  design  by  Risch  and  Merikangas  [4]
provided  theoretical  foundation  for  the  launch  of  the
HapMap  project  [8],  and  therefore  the  revolution
brought on by genome wide association studies. 

MISSING HERITABILITY

After the initial GWAS successes, it was found that the

significant SNPs identified from GWAS only explained
a  small  proportion  of  the  genetic  contributions  as
inferred  from  twin  and  family  studies.  This  so-called
“missing heritability” [9] led to different hypotheses on
the  limitations  of  the  GWAS  approach  to  identifying
disease  causing  genes,  such  as  contributions  from  rare
variants  and  possible  gene-gene  interactions  that  could
not be captured by GWAS analysis. However, it came as
a  somewhat  surprise  to  many  human  geneticists  that
Peter  Visscher  and  colleagues  demonstrated  in  a  2010
seminal  paper  [10]  that  the  SNPs  captured  by
genotyping  arrays  could  indeed  account  for  a  major
proportion  of  the  heritability  although  only  a  limited
number  of  them  could  be  found  to  be  statistically
significant.  To  discuss  the  basic  idea  of  their  work,  we
need  to  go  back  to  a  very  basic  quantitative  genetics
model introduced by R. A. Fisher in his 1918 paper [11]
that  laid  the  foundation for  quantitative  genetics.  In  his
paper,  Fisher  assumed  that  a  quantitative  trait  is  the
result of the additive effects from many genetic variants.
Based on this model, the overall genetic contribution to
the trait variation, i.e., heritability both in the broad and
narrow  sense,  can  be  defined  and  the  overall  genetic
contribution can be further partitioned into additive and
dominance  components.  Fisher  showed  that  the
phenotypic correlation between a pair of relatives is the
weighted  sum of  the  additive  and  dominance  variances
with  weights  determined  by  the  specific  relationships
between  individuals.  This  formulation  facilitates  the
estimation  of  additive  and  dominance  variance  from  a
collection of relative sets,  without knowing any genetic
marker  information.  For  a  binary  trait,  an  unobserved
liability can be assumed to be underlying the binary trait
and  a  person  will  manifest  the  disease  if  the  liability
score is above a threshold. These models have been used
to  estimate  heritability  from  pedigree  data  using  the
observed phenotypes and reported relationships. In fact,
the  “missing  heritability”  refers  to  the  significant  gap
between the phenotype variations that  can be explained
by  the  genetic  markers  identified  from  GWAS and  the
heritability estimated from family and twin studies.
Instead  of  considering  only  genome  wide  significant

markers,  Visscher  et  al.  [10]  started  from  the  Fisher
model  and  assumed  that  the  effect  sizes  of  all  the
markers that can be analyzed (either observed or imputed)
follow the  same normal  distribution,  where  the  genoty-
ping  scores  for  each  marker  are  normalized  to  have
mean  0  and  the  variance  1.  This  genotype  standardiza-
tion effectively assumes that  markers  with lower minor
allele frequencies tend to have larger effect sizes. Based
on  this  assumption,  the  covariance  of  trait  values
between  two  individuals  will  depend  on  the  overall
genetic similarity across all  the markers in the genome,
not  just  the  markers  with  genome  wide  statistical
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significance.  Based  on  this  framework,  Visscher  et  al.
demonstrated  that  a  substantial  amount  of  heritability
inferred from family studies can be indeed explained by
this  so-called  chip-based  heritability  using  genetic
similarities  between  individuals.  It  is  called  chip-based
heritability  because  only  markers  that  can  be  inferred
from  genotyping  arrays  are  considered.  This  paper
shows  the  critical  importance  of  using  appropriate
statistical models and inferential procedures to interpret
GWAS results, and the random effects model considered
in  this  paper  has  become  the  standard  for  GWAS
modeling and analysis.
One  limitation  of  the  random  effects  model  used  by

Visscher  et  al.  is  that  it  assumes  that  all  the  markers
have  phenotypic  effects  and  this  unlikely  holds  in
practice. It is more likely only a small proportion of the
markers  can  affect  a  trait  where  the  others  are  not
associated with the trait at all. Fortunately, it was shown
that  the  statistical  inference  approach  for  the  random
effects  model  used  by  Visscher  et  al.  still  provides
unbiased  estimate  of  heritability  when  only  a  limited
proportion of the markers are trait associated [12].
In addition to the simple random effects model where

all the markers are assumed to make equal contribution
to  the  trait  variation,  other  models  have  also  been
proposed  to  characterize  the  relationship  between  the
effect sizes of the SNPs and their properties, e.g., allele
frequencies  and  linkage disequilibrium  (LD)  patterns
[13]. 

SUMMARY STATISTICS-BASED
METHODS

Most classical statistical methods assume the availability
of  individual  level  data  for  inference.  In  the  context  of
GWAS,  both  individual  level  genotype  and  phenotype
data are needed. However, due to both privacy and other
concerns,  individual  level  data  may  not  be  readily
shared  across  studies  or  with  the  research  community.
Instead,  summary  statistics  are  often  provided  from
published  GWAS.  This  has  stimulated  many  methods
that  only  require  input  from  summary  statistics,
including  SNP  allele  frequencies,  effect  sizes  and  their
standard errors [14]. For the purpose of estimating chip-
based heritability, LD score regression [15] represents a
major  advancement  and  is  commonly  used  for
heritability estimate from summary statistics although it
was initially proposed to investigate whether there is any
evidence  of  population  stratification  in  the  GWAS
results.  We  note  that  there  are  often  parallel
developments  of  methods  in  the  GWAS  literature  for
both individual level data and summary statistics. 

ENRICHMENT ANALYSIS

Although  the  random  effects  model  considered  by

Visscher  et  al.  aimed  to  answer  the  question  encom-
passing  all  the  markers  in  the  genome,  this  model  can
also  be  applied  to  a  subset  of  SNPs,  e.g.,  those  in  a
pathway  or  on  a  specific  chromosome,  to  estimate  the
heritability explained by this  subset  of  SNPs.  In fact,  it
was  found  that  the  variance  of  phenotype  explained  by
the markers on different chromosomes was for the most
part proportional to the chromosomal length with a few
exceptions.  Based  on  these  estimates,  we  can  identify
pathways  and  marker  sets  that  are  enriched  for  GWAS
signals. For example, if the SNPs in a pathway account
for  10%  of  the  overall  SNPs  in  the  genome  but  can
explain  30%  of  the  chip-based  heritability,  this
represents  a  three-fold  enrichment  suggesting  the
importance  of  this  pathway.  The  SNP  set  can  be
constructed  based  on  other  information.  For  example,
we  can  use  the  genetic  variants  annotated  to  be
functional  in  a  specific  tissue  or  cell  type  and  ask  the
question whether  there  is  enrichment  for  certain  tissues
or  cell  types.  Such  analyses  have  implicated  the
importance of the immune system for Alzheimer disease
and  Parkinson  disease  [16].  Both  individual  level  data
and  summary  statistics  have  been  considered  for
enrichment analysis [17,18]. 

PLEIOTROPY

Pleiotropy  refers  to  the  phenomenon  that  a  genetic
variant  can  affect  more  than  one  trait,  and  it  is
commonly  observed  in  human  genetics.  Although
pleiotropy  can  be  studied  for  individual  SNPs,  genetic
correlation has been introduced to quantify the degree of
genetic  sharing  between  two  traits  across  the  genome.
This  is  formulated  by  simultaneously  considering  two
random  effects  model  for  the  two  traits,  with  where
genetic  correlation  is  defined  by  the  correlation  of  the
SNP  effects  on  the  two  traits.  Again,  both  individual
data and summary statistics can be used to infer genetic
correlation  [19–21].  This  line  of  work  has  led  to  many
methodology  developments,  including  the  partitioning
of the overall  covariance into different annotations [22]
and  the  analysis  of  local  genetic  correlation  [23].
Although  the  random  effects  model  is  useful  for
quantifying  genetic  correlations  for  the  effect  sizes  for
common variants, it is more challenging for rare variants
due  to  the  large  errors  in  estimating  their  effect  sizes.
Alternative methods are needed to quantify concordance
of  association  signals  for  rare  and  de  novo  variants
between traits [24]. With shared genetics between traits,
we  can  leverage  this  to  better  identify  disease  genes
[25,26]. 

GENETIC RISK PREDICTION

With  the  identifications  of  many  SNPs  associated  with
various  traits  through  GWAS,  it  is  natural  to  translate
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these  results  into  useful  risk  prediction  models.  The
initial  risk  prediction  models  were  built  from  SNPs
attaining genome-wide statistical significance. However,
it was noted early on that there is information from those
SNPs without  genome wide significance,  and including
those SNPs may improve prediction accuracy [27]. Built
from  the  same  random  effects  model,  improved  effect
size estimates can be obtained through borrowing infor-
mation across markers, leading to more accurate predic-
tion  models.  When  only  summary  statistics  are
available,  a  number  of  methods  have  been  developed
that are based on different assumptions of the effect size
distributions  and  statistical  inference  procedures.  The
most  accurate  models  are  based  on  Bayesian  formula-
tions  where  different  priors  are  assumed  for  the
proportions  of  SNPs  having  non-zero  effects  on  the
traits  and  the  distribution  for  the  effect  sizes.  For
example, LD-Pred [28] assumed a spike-slab prior with
a  point  mass  at  0  and  normal  distribution  for  the  other
markers. Efforts have also been made to incorporate the
annotation information [29] and pleiotropic information
[30,31] to improve risk prediction. More recent develop-
ments have considered other prior distributions [32,33],
including very general non-parametric priors [34]. 

IDENTIFICATIONS OF FUNCTIONAL
GENES AND VARIANTS

Although  GWAS  have  identified  many  chromosomal
regions  associated  with  complex  traits,  it  has  been
challenging  to  infer  the  disease-causing  genes  and
variants  due  to  the  presence  of  LD  which  refers  to
statistical  dependence  of  nearby markers.  Although LD
was  critical  in  designing  genotyping  arrays  and
imputations  for  untyped  markers,  its  presence  makes  it
difficult  to  distinguish  SNPs  that  are  functional  from
those  that  are  associated  with  the  traits  simply  due  to
their  associations  with  the  true  SNPs  through  LD.
Another  difficulty  in  identifying  disease-causing  genes
and variants is that most significant SNPs are not in the
coding  regions,  suggesting  the  importance  of  non-
coding  regions  for  complex  traits.  Yet  not  much  was
known  about  the  non-coding  regions.  A  number  of
national  and  international  programs  have  been
developed,  mostly  notably  ENCODE  [35],  Roadmap
Epigenomics  [36],  and  GTEx  [37]  to  understand  the
regulatory  regions  of  the  human  genome.  The  data
gathered from these programs have stimulated a number
of data integration methods to identify disease genes, as
highlighted  by  transcriptome  wide  association  study
[38–41].  These  data  have  also  motivated  many
functional  annotations  of  the  human genome [42],  with
annotations  done  at  the  organism,  tissue,  and  cell  type
level, allowing more refined analysis. These annotations
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and  biological  network  information  can  be  used  to 
prioritize disease genes [43–46]. Fine mapping can also 
be  performed  based  on  the  integration  of  these 
annotations  [47,48].  Data  from  recent  projects,  such  as 
the  Human  Cell  Atlas  project  [49],  the  4D  Nucleome 
project  [50],  and  other  NIH  Common  Fund  projects  
also   offer rich   information   to   identify   functional 
genes  and  variants.

FUTURE CHALLENGES

As  summarized  above,  remarkable  progress  has  been 
made  to  identify  SNPs  and  other  markers  associated 
with  many  human  diseases  and  traits.  It  is  an 
understatement  that  GWAS  has  changed  the  landscape 
of  human  genetics  research.  From  knowing  almost  no 
genetic  factors  for  most  common  diseases,  researchers 
have  accumulated  many  hit  regions  in  the  human 
genome with  reproducible  statistical  association  signals 
yet  little  understanding  the  disease-causing  genes  and 
variants,  and mechanisms.  Looking forward in  the next 
several years in human genetics research, there is going 
to be continued accumulation of genomic loci associated 
with  complex  traits,  and  the  identifications  of  disease-
causing genes and variants as a result of ever-increasing 
sample  sizes  in  different  populations,  including  many 
biobanks;  sequencing  of  whole  exomes  and  whole 
genomes for study participants; access to comprehensive 
medical  records,  behavioral  and  exposure  information; 
diverse  molecular  phenotypes;  and  large-scale 
functional  assays  of  genetic  variants.  Statistical 
modeling and inference will  continue to  play important 
roles to move human genetics forward to ask and answer 
key questions.
First,  causal  inference  is  at  the  center  of  many 

scientific inquiries. Mendelian randomization (MR) uses 
SNPs  as  instrumental  variables  to  infer  causal 
relationships  among  traits  [51,52].  There  are  three  key 
assumptions  for  the  validity  of  the  MR  approach, 
including  the  absence  of  horizontal  pleiotropy  and  the 
absence  of  association  between  instrumental  variables 
(SNPs)  and  confounding  factors.  Many  methods  have 
been  developed  to  make  the  general  MR  more  robust 
when  these  assumptions  are  violated,  and  the 
applications of different methods  to  the same data often 
lead to conflicting results [53]. New methods are needed 
to more effectively combine genetic, environmental, and 
other  information  together  to  consider  both  unrelated 
and related subjects  in causal  inference. Given the large 
sample size for many genetics studies these days, which 
may  be  in  the  order  of  hundreds  of  thousands  to 
millions,  much  care  is  needed  to  not  misinterpret 
associations  due  to  unmeasured  subtle  confounding
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effects as causal.
Second,  there  is  a  need  to  better  understand  the

interplay between common and rare variants on disease
onset  and  progression  [54,55].  The  analysis  of  rare
variants has been hindered by the available sample sizes
to  date,  but  this  will  likely  change  in  the  near  future.
These can be all  be done in  the context  of  diverse data
types,  such  as  gene  expression  [56,57],  protein
expression,  and  epigenetic  information  collected  at
different scales.
Third,  genetic  risk  prediction  efforts  have  primarily

focused  on  the  genetic  contributions  with  different
degrees  of  considerations  of  other  variables.  Although
many methods  have  been  proposed,  the  performance  is
in  general  very  close  to  each  other.  To  significantly
improve  prediction  accuracy,  additional  data,  such  as
trajectory  information  from  medical  records  and
molecular  data,  and  more  sophisticated  modeling,  such
as  those  from  deep  learning  and  incorporation  of  non-
linear and non-additive effects, may be needed. Ideally,
a person’s disease risk at a certain point in life should be
based  on  all  available  information  up  to  that  point,  not
just  baseline  and  genetic  information.  A  much-
coordinated  effort  is  needed  as  this  will  require  much
more  comprehensive  data  as  well  as  consideration  of
data privacy.
Fourth,  in  addition  to  predicting  disease  risks,  for

many  individuals  already  affected  with  diseases
especially  those  with  congenital  diseases,  the  primary
interest  is  the  identification  of  disease-causing
pathways/genes/variants  for  a  specific  patient.  The
computational  tools  are  lacking  to  sift  through  many
candidate genes and variants for effective prioritizations.
Existing  methods  are  not  able  to  leverage  the  detailed
phenotypes  from  patients  and  the  knowledge  gained  in
the  past  15  years  from  GWAS  and  other  studies  yet.
This is an area that will likely see rapid development in
the  near  future  due  to  its  importance  and  the  maturity
and availability of many data collection tools.
Fifth,  it  is  expected that  genes and variants identified

from  GWAS  may  inform  drug  developments,  either
repositioning  existing  drugs  for  new  indications  or
selecting compounds from a large number of candidates
[58].  Although  some  progress  has  been  made  in  this
regard,  much  more  can  be  done  in  combination  with
other resources.
Last but not least, we need to recognize the similarity

and  difference  of  the  genetic  contributions  to  diseases
and  traits  across  different  populations.  For  example,
most  genetic  risk  predictions  have  focused  on
individuals  of  European  ancestry,  partly  because  most
subjects in existing GWAS are of European ancestry. It
has been shown that the PRS developed from European
samples  may  not  perform  well  for  other  populations

[59]. As a result, clinical use of the PRS thus developed
may exacerbate  health  disparities  [60].  Therefore,  there
is a great need to collect and analyze data from diverse
populations  to  understand  biological  pathways  and
predict disease risks.
Rigorous  statistical  modeling  and  analysis  will  be

indispensable  for  all  these  aspects  of  future  develop-
ments so that diverse and rich data sources can be more
coherently integrated. It is also likely that new statistical
methods  may  be  developed  motivated  from  answering
these  questions  just  like  what  have  happened  since  the
first  publication  of  the  human  genome  sequences.
Compared  to  20  years  ago,  we  have  many  more
statistical tools in our arsenal and much more computing
power.  Coupled with many more data sources,  the next
decade  will  be  even  more  exciting  and  rewarding  for
statistical genetics and genomics. 
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