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Human genetic research has morphed
from studying rare disorders in families
to common conditions in populations
of unrelated individuals.

Advances in biobanking, computer
science, and EHRs linked to real-life
clinical data have allowed for the study
of thousands of diseases simulta-
neously via phenome-wide association
studies.

As genomic studies continue to grow
in size and scale, both rare and com-
mon diseases may be studied simulta-
neously at the genome-wide and
phenome-wide level, which may help
understand the genetic causes of
human diseases and ways to treat
them.
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The field of human genomics has changed dramatically over time. Initial geno-
mic studies were predominantly restricted to rare disorders in small families.
Over the past decade, researchers changed course from family-based studies
and instead focused on common diseases and traits in populations of unrelated
individuals. With further advancements in biobanking, computer science, elec-
tronic health record (EHR) data, and more affordable high-throughput geno-
mics, we are experiencing a new paradigm in human genomic research. Rapidly
changing technologies and resources now make it possible to study thousands
of diseases simultaneously at the genomic level. This review will focus on these
advancements as scientists begin to incorporate phenome-wide strategies in
human genomic research to understand the etiology of human diseases and
develop new drugs to treat them.

A Genomic Perspective
We live in a rapidly advancing technological age driven by ever-increasing computational
power. In genetics research, high-throughput computing, high-throughput genomics, and
biobanking resources comprising ‘big data’ have become increasingly important. The goal
of this review is to describe the current trajectory of human genetic research in the context of
advances in phenome-wide research; an innovative field of research that can often be
compared to genome-wide research. However, before one can discuss future trajectories
in human genomic research, it is always important to evaluate the trends of the past.

According to the Online Mendelian Inheritance of Man, there are nearly 4000 genes with
phenotype-causing variantsi [1]. Most of these discoveries were made possible with family-
based study designs, which are effective in identifying rare variants with large effect sizes [2,3].
Family-based study designs can include a variety of familial relationships (e.g., twins, sib-pairs,
mother–father–child trios, and extended families). There is also a multitude of statistical tests
that can be applied to family-based studies, such as segregation and linkage analyses (see
Glossary). Segregation analysis does not require genetic data but can be used to inform the
likelihood that a disease is heritable and provide insights into the genetic mode of inheritance of
the disease. If a disease appears to be heritable and the mode of inheritance can be accurately
defined, classical parametric linkage tests can identify regions of the genome that co-segregate
with the disease in families. These analyses are robust under population substructure and are
useful for monogenic disorders. Linkage tests are less effective in the presence of locus
heterogeneity, when the inheritance model is unknown, and for low penetrant variants, qualities
often connected to complex diseases. An alternative to classical linkage analysis in family-
based designs can include transmission disequilibrium tests. These tests can detect linkage in
the presence of a genetic association and can have more statistical power in some instances,
as shown by Risch and Merikangas [4]. A significant challenge with any family-based study
design is recruiting informative families to study the most interesting phenotypes. Over the past
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Glossary
Biobank: a tissue repository
collected via clinical care and/or
research.
Electronic health record (EHR): an
electronic data repository of health
records collected via routine clinical
care.
Genome-wide association study
(GWAS): a general study design or
statistical methods intended to
identify genetic variants associated
with a phenotype. In a case-control
study, each variate is evaluated to
determine whether the allele
frequency is different in one group
compared with the other. Although
not exclusive, GWASs are often
applied to populations of unrelated
individuals.
Linkage analysis: a family-based
statistical method that evaluates
whether genetic markers co-
segregate with disease in families.
There are numerous types of linkage
analysis that can be applied to
different family structures and
disease models.
Linkage disequilibrium (LD): a
measure of correlation within a
population between two genetic
markers. Genetic variants are in LD
most often when two loci are
physically in close proximity to one
another. Given that they are close
together, few recombination events
occur between the markers and they
co-segregate during meiosis.
Phenome-wide association study
(PheWAS): a general study design
or statistical method intended to
identify phenotypes associated with a
genotype. PheWASs often rely on in-
depth phenotypic data, including
EHR or epidemiologic data, to define
case-control status for a variety of
phenotypes.
Principal component analysis
(PCA): a statistical method often
applied in epidemiological research
to account for population
substructures.
Single nucleotide polymorphism
(SNP): one of the most common
types of genetic variation in the
human genome that results in a
single nucleotide point change in
DNA sequence. SNPs are often
measured for mapping human
diseases.
decade, studies such as that by Risch and Merikangas [4], advancements in high-throughput
genotyping, and ease of recruiting unrelated individuals, have shifted human genomic research
from family-based studies to studies of large numbers of unrelated individuals. More specifi-
cally, research groups have gravitated towards the genome-wide association study
(GWAS) (Figure 1, Key Figure).

One of the first GWASs published was in 2005, and described the genotyping of 96 cases with
age-related macular degeneration (AMD) and 50 unaffected controls [5]. This study, along with
two others published simultaneously in the journal Science [6,7], was able to map a common
variant in CFH that was associated with AMD, which validated previous findings first discovered
by family-based linkage analyses [8–11]. This result supported a popular hypothesis that
common traits are largely influenced by a few common variants [12–14] and highlighted the
inherent strength of the GWAS technique to study populations of unrelated individuals. Since
then, the GWAS technique has been highly effective in associating common variants with
common diseases. As of 2018, GWASs have identified over 50 000 candidate single nucle-
otide polymorphism (SNP)–disease/trait associations (P < 1* 10�5)ii [15,16]. Incidentally, all
these GWAS results support an iteration of the common disease common variant hypothesis,
where many variants with weak effects cumulatively contribute to disease risk [17,18]. Unfor-
tunately, an unexpected shortcoming of the GWAS approach was the challenge in extracting
biological inferences from GWAS results. Whereas family-based approaches are well suited to
identify rare variants with large effects that often cause perturbations of protein-coding
sequences, most variants identified by GWAS are noncoding and may influence genes that
are kilobases away from candidate variants. This challenge is further compounded by linkage
disequilibrium (LD) [19], a phenomenon where alleles nonrandomly associate with one
another at two or more loci in a population, making it more difficult to identify causative variants.

To better understand human disease, larger GWASs have been conducted to overcome the
impact of common variants with ever smaller effect sizes, to account for rare variants, and to
overcome stringent corrections for multiple hypothesis testing. For example, the first GWAS of
AMD described above evaluated 146 case-controls and was able to identify one statistically
significant signal [5]. Only 11 years later, the largest GWAS of AMD to date genotyped nearly
16 000 cases and 18 000 controls to identify 52 statistically significant and independent
variants, including rare variants [20]. Such GWASs are not feasible without highly collaborative
consortiums and still require significant expense in patient recruitment and genomic data
acquisition. This is particularly relevant as next-generation sequencing technologies replace
SNP array platforms. Using biobanks with pre-existing genomic and phenomic data may help
expedite such studies.

Biobanks in Genomic Research
A biobank is a collection of stored biological specimens. This may include residual tissues from
clinical care saved for legal purposes or collected directly for research. Arguably, one of the
most valuable biobanks in genomic research has included material gathered from Centre
d'Etude du Polymorphism Humain (CEPH) families [21]. Established in 1984, lymphocytes from
CEPH families were collected as a reference set for human genome mapping. Lymphocytes
were immortalized so that DNA could be obtained in perpetuity. This DNA was some of the first
to be used for mapping the genome with microsatellites [22,23], SNPs [24,25], and at the single
base-pair level [26,27]. A significant advantage of a biobank is its use in future research that may
not have been conceivable when the samples were first banked. For example, the immortalized
lymphocytes initially designed to maintain DNA stocks from CEPH families have been devel-
oped into model systems for quantitative trait loci mapping of epigenomic, transcriptomic, and
30 Trends in Genetics, January 2019, Vol. 35, No. 1



Key Figure

Schematic Representation of a Genome-wide Association Study (GWAS) (blue) and Phenome-
wide Association Study (PheWAS) (red) Relative to a GWAS-by-PheWAS (green)
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Figure 1. Included are examples of corresponding results and significant findings.
proteomic variants [28–31]. These cell lines have also been used as a model system to map
drug response phenotypes [32–35]. What the CEPH biobank lacks, and many others like it, is a
connection to extensive disease information necessary for mapping human traits.

With the computer age, extensive disease information can now be collected and stored in an
EHR. An EHR can include diagnostic/billing codes, prescription records, laboratory results,
Trends in Genetics, January 2019, Vol. 35, No. 1 31



clinical notes, family histories, images, and other clinically relevant data. Clinical information in
an EHR is often updated in real-time and does not require patient interactions via a research
protocol beyond initial recruitment. Recognizing the importance of EHR data, scientists have
created large DNA biobanks linked to extractable clinical data. Multiple examples of such
biobanks exist, including academic healthcare institutions aligned with the electronic MEdical
Records and GEnomics (eMERGE) Network [36–38], UK-Biobank [39,40], and deCODE [41].
Larger biobanks linked to medical record data are currently at varying stages of development,
including the National Institute of Health ‘All of Us’ project (formally known as Precision
Medicine Initiative Cohort Program; >1 million participants) [42] and the Million Veteran
Program (>1 million participants) [43]. EHR data can provide an efficient mechanism to identify
cases and controls for disease-specific research. For example, it may take many years to recruit
thousands of patients with type 2 diabetes mellitus (T2DM). Conversely, it may take a fraction of
the time to develop a T2DM prediction algorithm to identify cases and controls in an EHR-linked
biobank based on T2DM diagnostic codes, T2DM medication records, and/or fasting glucose/
HbA1c test results [44]. Replicating this algorithm in another EHR system is even faster, on the
order of days to weeks, once the algorithm has been validated. With sufficient time and subject
matter expertise, and depending on the complexity of the input data, these algorithms can be
developed to parse cases from controls with favorable predictive values. In the future, machine-
learning techniques in a complex EHR environment may expedite algorithm development and
reduce the need for subject matter expertise [45]. Lastly, EHR-linked biobanks with pre-existing
genomic data can further reduce project costs and can be repurposed to study other diseases
(Figure 2).

Whereas the extractable EHR data can be the greatest asset to a biobank, they are also its
greatest limitation. For example, diagnostic codes, most notably the International Classification
of Disease (ICD) codes that can be used to identity patients with a specific disease [e.g.,
diabetes code(s); ICD9 250 or ICD10 E08–E13], are used for billing purposes in the USA. These
codes can have limited phenotypic resolution, can change over time, and may be used
differently across institutions and in clinical practice [46]. Likewise, medication data in an
EHR can be incomplete because there are often disagreements between what is prescribed,
what prescription is filled, and whether the patient is compliant. An EHR may also not list
medications/supplements self-administered by a patient. Another limitation of an EHR is its
inherent link to the stability of the patient population. Patients who are transient or seek care at
multiple healthcare systems can leave significant gaps in the clinical record, particularly if each
institution uses different EHR systems. Yet, even with these challenges, EHR data have proven
repeatedly to be an efficient data source for phenotypic information for genomic research [36–
38]. Importantly, EHR data, and the biobanks that are linked to that data, have been invaluable
for phenome-wide association studies (PheWASs).

Phenomic Perspective
In classical genetics, there are two main strategies. ‘Forward’ genetics is a phenotype-to-
genotype strategy that is epitomized in human genomic research by family-based (e.g., linkage
studies) and nonfamily-based studies of unrelated individuals (e.g., GWAS) (Figure 1). ‘Reverse’
genetics is a genotype-to-phenotype strategy and has historically been limited to model
organisms (e.g., mouse knockouts). In 2010, Denny et al. conducted the first proof-of-principle
reverse genetic study in humans and coined it a PheWAS [47] (Figure 1). This study focused on
five disease-associated SNPs that were genotyped in their EHR-linked biobank. Case-control
status for a variety of disease phenotypes were extracted from the medical record. In simplistic
terms, individuals with an ICD code, or a combination of relevant codes, were defined as cases
for that disease, whereas those without any relevant codes were defined as unaffected controls
32 Trends in Genetics, January 2019, Vol. 35, No. 1
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Figure 2. An Example of a Biobank Linked to an Electronic Health Record (EHR). Different colors represent a
heterogeneous population that can be separated (by color) into different case-control groupings to study specific diseases
or all diseases for phenome-wide association studies (PheWASs).
for that disease. This was repeated for each ICD code to generate 776 different case-control
groups that defined the phenome. Each SNP was then associated across the phenome
(Figure 2). In most instances, and even with all the limitations of EHR data, the expected
associations that were previously identified utilizing forward genetics (i.e., GWAS) could be
rediscovered by PheWAS. Other groups have since provided additional proof-of-principle that
reverse genetic screens in humans can rediscover known associations previously identified by
GWAS [48–53]. More importantly, PheWAS can provide novel insights not readily attainable by
forward-genetic strategies.

As stated previously, reverse-genetic approaches were primarily limited to model systems.
For example, if a researcher wanted to understand the genetic contribution to pathophysiol-
ogy, they could apply genome-editing techniques to knock out a specific gene in a model
system (e.g., mouse) and evaluate the model for differential outcomes. For obvious ethical
reasons, a reverse-genetic screen by genome editing should not be done in humans.
However, a similar experiment can be accomplished in human populations utilizing what
nature has already provided. For example, groups have conducted systematic PheWASs on
common loss-of-function variants. These screens have rediscovered an association between
cholesterol levels and a nonsense SNP in LPL (rs328) [54,55], implicated a deleterious variant
in KCNH2 with acquired hypothyroidism [54], and discovered that a polymorphic gene
deletion and duplication of SULT1A1 may be related to common allergies [56]. Whereas
most PheWASs have focused on common variants, others have begun to utilize sequencing
data to study rare loss-of-function variants [57], variants that may have larger effects sizes
compared with common variants. In homage to reverse-genetic models, one group that is
Trends in Genetics, January 2019, Vol. 35, No. 1 33



systematically evaluating these rare loss-of-function variants calls their study the ‘Human
Knockout Project’ [58].

A unique quality of the PheWAS technique is its capacity to evaluate cross-phenotype
associations or pleiotropy [59–61]. There are numerous examples where genetic variants
overlap different phenotypes. For example, multiple GWASs have implicated FTO with body
mass index (BMI) and T2DM [15,16]. A PheWAS focused on FTO variants not only rediscovered
the same associations, but also implicated other conditions not previously evaluated by GWAS,
including sleep apnea [50]. PheWAS can not only characterize pleiotropic effects and capture
novel associations, but is also uniquely capable of evaluating confounding effects in the
phenotypic information. As it relates to the PheWAS of FTO, results demonstrate that the
genetic effect of T2DM is partially independent from BMI but sleep apnea is not [50].

The most pleiotropic region of the human genome may include the MHC region on chromo-
some 6, which encodes HLA genes. For example, the first PheWAS by Denny et al. provided
evidence that HLA-DRB1, a gene previously implicated in multiple sclerosis [62], is also
associated with risk for ‘erythematous conditions’ [47]. This novel association was indepen-
dently replicated by another PheWAS and further refined to include rosacea [63]. Two years
later, multiple HLA genes, including HLA-DRB1, were identified to be associated with rosacea
by the first GWAS on this condition [64]. Comprehensive evaluations of all HLA genes by
PheWAS have further emphasized the capacity of the PheWAS technique to quantify pleiotropy
in this important region of the human genome [65–67].

Pleiotropy identified by PheWAS may help in drug development. If there is evidence that
‘Disease A’ and ‘Disease B’ share a common genetic etiology through a pleiotropic variant,
then it could be hypothesized that ‘Drug X’ used to treat ‘Disease A’ may be repurposed to treat
‘Disease B’ (Figure 3). In the example of FTO variants that are associated with T2DM, obesity,
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Figure 3. An Illustration of How Phenome-wide Association Study (PheWAS) Data Can Help with Drug
Development/Repurposing. (A) If Drug X is effective in treating Disease A, then Drug X may be repurposed to treat
Disease B if both Disease A and Disease B share a common genetic etiology as evident by pleiotropy. (B) If Drug Y inhibits a
gene product and a loss-of-function variant in a gene decreases risk for Disease C, then Drug Y may be used to treat
Disease C. If the same functional variant increases risk for Disease D, Disease D may be an adverse event associated with
treatment with Drug Y.
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and sleep apnea [50], one could hypothesize that antidiabetic drugs that also result in weight
loss (e.g., SGLT2 inhibitors) may be effective in treating BMI-induced sleep apnea in patients
with T2DM.

Even though PheWAS is uniquely capable of identifying pleiotropy, PheWAS data will likely
prove useful in other ways during drug development. A PheWAS can show that ‘Disease C’ is
associated with a gene the translated product of which can be targeted by ‘Drug Y’ [68–71]. In
this instance, ‘Disease C’ could represent an indication for ‘Drug Y’ (Figure 3). A recent example
of genomic data describing such a relationship includes cholesterol-lowering PCSK9 inhibitors.
This drug class was developed after it was shown that individuals with loss-of-function PCSK9
variants have low circulating low-density lipoprotein (LDL) levels [72–74]. Conducting follow-up
PheWASs on functional PCSK9 variants may help identify additional targets for PCSK9
inhibitors. Moreover, such PheWAS data could also identify adverse drug events for PCSK9
inhibitors [75]. To use the example of ‘Drug Y’ described above, if ‘Disease D’ is associated with
the same gene as ‘Disease C’ but with an opposite direction of effect, then ‘Disease D’ may be
an adverse event relating to treatment with ‘Drug Y’ (Figure 3).

Given their potential value, pharmaceutical companies are heavily investing in GWASs and
PheWASs to reduce costs and risks during drug development. Direct-to-consumer genomic
companies (e.g., 23andMe) have adapted their business model to allow pharmaceutical
companies to gain access to genomic and phenomic data from consenting customers for
drug development [76,77]. Given their success with their PCSK9 inhibitor, Regeneron has
already exome sequenced over 50 000 participants from an EHR-linked biobank from Gei-
singer Health [78] to help with the drug discovery pipeline. Likewise, Regeneron and a
consortium of other pharmaceutical companies are investing over US$100 million to sequence
500 000 individuals in the UK-Biobank [79]. Although these partnerships may lead to new and
effective treatments, they also introduce ethical concerns regarding data use when profiting
from participant data. Regardless, with future trajectories pointing to larger data sets, much will
be learned in human genomic research.

Future Perspective
Before GWAS, there were countless candidate SNP-association studies. Candidate SNP
studies then evolved to candidate gene studies that evaluated multiple variants in a single
gene, then further progressed to the study of multiple variants in multiple genes (e.g., multiple
genes in a common biological pathway). This progression was made possible in part by array
technologies along with SNP cataloguing efforts (e.g., dbSNP [80] and HapMap Project [81]). It
is expected that advancements in PheWAS will take a similar but perhaps not as linear a path.
This is evident by the first PheWASs starting with candidate SNP studies [47] then quickly
followed by candidate gene [50,53,82,83] and multiple gene studies [65,66,82–86]. Although
the PheWAS community is taking a similar path that other scientists took to reach GWAS,
growth in PheWAS will always be limited by the availability of phenomic data. There are only a
limited number of institutions/groups that currently capture extensive phenomic data through
ICD coding or by other data sources, such as extensive epidemiological [48,87–89], rich text
[52,56], or biometric/laboratory data [67]. Even fewer groups have DNA linked to such data.
Even when all necessary data are available, institutional politics/culture can make it difficult for
one investigator to study all diseases simultaneously, especially when colleagues use the same
data to carve out their own disease-specific research. It is expected that the progression of
PheWAS will be muted compared with the growth observed in GWAS. This is evident in the
literature because there were 50 PheWASs published between the first proof-of-concept
PheWAS [47] and end of 2017 according to manual inspection of PubMed results using
Trends in Genetics, January 2019, Vol. 35, No. 1 35



the search-term ‘PheWAS.’ Even if this PubMed search identified half of all published Phe-
WASs, this is still dwarfed by the 1588 GWASs published over the same 8-year span according
to the NHGRI-EBI GWAS Catalogii [16–18] (Figure 4).

Eventually, the GWAS and PheWAS communities will reach an inflection point. This inevitable
event, which is already occurringiii,iv [67], will happen when thousands of diseases are studied
by GWAS and millions of variants are studied by PheWAS in a single experiment; a GWAS-by-
PheWAS (Figure 1). Conducting and interpreting a GWAS-by-PheWAS will have unique
challenges. Statistical significance at the genome-wide level is often defined by P < 5* 10�8

[4,19,90]. In a PheWAS, adjusting for multiple comparison testing can be more complicated.
Not only will there be correlations between closely related phenotypes, much like two nearby
SNPs in LD, but distant diseases may also be correlated due to disease comorbidities (e.g.,
heart disease and diabetes). Regardless, when using a Bonferroni correction commonly
applied during PheWAS, statistical significance for studying 5000 phenotypes would be
defined by P < 1* 10�5. In a GWAS-by-PheWAS, where every variant is associated with every
phenotype, statistical significance could be defined by P <5 * 10�13. With future biobanks
expected to include over 1 million participants linked to extensive phenotypic data (e.g., an
EHR), a P > 5* 10�13 may not be insurmountable for common variants that are associated with
common conditions. It is even expected that rare conditions with a disease prevalence of 0.1%
(�1000 cases in a population of 1 million participants) can also be evaluated, but challenges will
remain when evaluating rare variants and variants with weak effects.

With ever-larger PheWASs and GWASs, disease misclassification may amplify false positives or
lead to incorrect conclusions. For example, if there are 100 000 cases defined for a given
disease but the misclassification rate for that disease is 1%, signals from the 1000 misclassified
cases could reach statistical significance. These associations would likely have weak effects,
but it will be difficult to parse true associations from associations driven by other diseases. In
addition to challenges with misclassification, population substructure may also lead to addi-
tional challenges under large sample sizes [91]. In a well-designed study, population structure
can be accounted for by incorporating principal component analysis (PCA) into the
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statistical model [92,93]. If a study population is large enough, it is possible that subpopulations
may exist that may not be accounted for in the first few PCAs. If a disease is linked to that
subpopulation, population-associated alleles may be confused with disease-associated var-
iants. Conversely, when evaluating rare variants in large sample sizes, adjusting for PCAs may
adjust out the effect of the rare variant and reduce power.

Another challenge with ever-larger data sets that is particularly relevant for PheWAS is privacy
issues. Manuscripts in themselves make summary data public by disclosing case-control
counts, P values, odds ratios, and other non-individual-level information. Conversely, funding
agencies and journal-publishing groups often require de-identified individual-level data to be
made public by depositing such data into access controlled databases (e.g., dbGAP).
Genetic data by themselves can be identifiable [94] but often lack a naming source. When
a naming source is available, genetic data are identifiable not only to the individual who
provided the DNA, but also to relatives [95], as exemplified recently by the ‘Golden State
Killer’ case in the USA [96,97]. Combinations of phenotypic data provided at an individual
level could present another pronounced degree of identifiable information. Hypothetically, a
male (50% of population) born with a club foot (�0.1% of all live births) [98] who also has
multiple sclerosis (�0.1% of individuals) [99] would represent a unique combination of
variables using only three outwardly visible traits (�5 per 10 million individuals). With advances
in computer science through machine learning and image analysis [100], the probability of
some participants being identifiable could be compounded as people freely and unwittingly
share health and genetic information through social media and crowd sourcing [101,102]. To
this end, lawmakers, regulators, and scientists need to continue to find ways to make
individual-level genomic and phenomic data available to the public but in a controlled and
protected environment.

The field of human genetics has increasingly become more interdisciplinary through computer
science, informatics, and statistics. Future studies that include GWAS-by-PheWAS data will
represent billions of association results and terabytes of data that will need to be stored in a
queryable data structure likely through big-data solutions. New methods will be required to
evaluate phenomic data on top of genomic, proteomic, transcriptomic, and other �omic data.
The complexities of such data, in combination with genome editing, single cell analysis, and
other molecular techniques, may not only provide important insights into how human genetics
influences human disease, but also influence biological processes defined at the organ, tissue,
and cellular level.

Regardless of the layers of data generated by GWAS, PheWAS, or GWAS-by-PheWAS, these
studies are currently and predominantly rooted in populations of unrelated individuals. As
mentioned earlier, much has been historically learned in human genetics through family-based
study designs. It is conceivable that, if populations become large enough, especially in a
healthcare system servicing a stable patient population, large familial pedigrees may be
captured and used for genomic study. For example, �20% of 2.6 million current and historic
patients of Marshfield Clinic (Marshfield, WI, USA), which serves a predominantly rural popula-
tion, can be placed in family pedigrees using readily available data in an EHR [104]. Such
pedigrees may be applied to phenome-wide research [103] and may be incorporated into
existing biobanks for genetic association testing even if some family members are not directly
genotyped [104]. If large populations of families are linked to extensive phenotypic and genomic
data, human genomic research may come full circle back to family-based study designs [105],
which will allow researchers to study thousands of human diseases in relationship to variants
with a wide spectrum of allele frequencies and effect sizes (Figure 5).
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Outstanding Questions
If genomic data are collected on a large
scale via clinical care or research, and
such data are linked to extensive phe-
notypic information through an elec-
tronic health record, how will these
data be used for research?

What will be the technical and practical
challenges in human genomic
research when study populations
reach millions of individuals?

How will phenomic data be combined
and used with genomic and other
layers of �omics data to better under-
stand and treat human disease?
Concluding Remarks
With the computer age, technology is advancing at an ever-increasing rate. Since genomic and
healthcare research is progressively intertwined with technology, it is of my opinion that the field
of human genomics in the 21st century is like an unstoppable boulder rolling downhill. With
high-throughput computing, big data, along with decreasing costs for whole-genome
sequencing, society will soon expect genomic data to be incorporated into standard of care
as part of precision medicine. Researchers will then have access to virtual DNA biobanks of
millions of individuals that link together extensive genomic and phenomic data. Although there
will be new challenges in data management, privacy issues, and clinical care when this
inevitable future happens, it will also dramatically change how human genomic research is
conducted as scientists search to understand and treat human disease using a combination of
phenome-wide and genome-wide strategies (see Outstanding Questions).

Resources
iwww.omim.org
iiwww.ebi.ac.uk/gwas
iiihttp://geneatlas.roslin.ed.ac.uk
ivhttp://pheweb.sph.umich.edu
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