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ABSTRACT
The burgeoning adoption of electronic health records
(EHR) introduces a golden opportunity for studying
individual manifestations of myriad diseases, which is
called ‘EHR phenotyping’. In this paper, we break down
this concept by: relating it to phenotype definitions from
Johannsen; comparing it to cohort identification and
disease subtyping; introducing a new concept called
‘verotype’ (Latin: vere = true, actually) to represent the
‘true’ population of similar patients for treatment
purposes through the integration of genotype,
phenotype, and disease subtype (eg, specific glucose
value pattern in patients with diabetes) information;
analyzing the value of the ‘verotype’ concept for
personalized medicine; and outlining the potential for
using network-based approaches to reverse engineer
clinical disease subtypes.

INTRODUCTION
During the seminal days of genetic research,
researchers sought ways of describing and defining
the complex topic of heritability while pondering
over the transmission of traits1–3 before discovering
the ‘gene’.4 Genetics research introduced the
concept of genotypes, phenotypes, enterotypes
(‘types’ based on composition of gut microbiota),5

endophenotypes (proximal disease-related pheno-
type with a clear genetic component regardless of
disease presence)6–8 and deep phenotypes (detailed
phenotype),9 10 enabling us to define human char-
acteristics that reflect myriad disease states. The
rapid adoption of electronic health records
(EHR)11 introduces a new opportunity for disease
characterization.
In this paper, we take a historical perspective

to breakdown the concept of ‘EHR phenotyping’
by comparing the concept to those outlined by
Johannsen.1 We also discuss the value of disease
subtyping using EHR to identify related groups of
patients useful for developing personalized medical
treatment regimens. Then, we outline the value of
network-based approaches for reverse engineering
disease subtypes from EHR.

BREAKING DOWN EHR PHENOTYPING USING
JOHANNSEN’S DEFINITIONS
Historical background
Mendel described the pattern of transmission of
‘characters’ (or alleles) from parent to offspring
(ie, genotype) as either dominant or recessive.2 3

A dominant allele controls the expression of a trait
even if an individual is heterozygous (ie, possessing
only one of two copies at a single locus). A reces-
sive allele will not affect an individual’s trait unless

they are homozygous. Consequently, recessively
inherited traits disappear in a generation and then
reappear in subsequent generations.2 3 Later,
Johannsen coined the terms phenotype, genotype,
and biotype.1 These concepts were described
before discovering that DNA transmits heritable
characteristics to individuals.4

We illustrate the interrelationship among these
concepts using eye color, a complex trait.12 Eye
color can change as a result of health status13 and
access to medical treatment,14 with 16 genes con-
tributing to its heritability (genotype) in humans.
Interestingly, individuals with lower social status
developed darker eyes than those with high social
status in Nile tilapia15 suggesting that other factors
may also affect eye color. We use Johannsen’s term
biotype to describe individuals with the same geno-
type and phenotype1 as opposed to other slightly
modified definitions.16–18 One example biotype
consists of individuals with a genotype for blue
eyes, but possessing green eyes (darkening of eye
color was found in women with many pregnan-
cies);19 while another example biotype consists of
individuals with a genotype for green eyes and pos-
sessing green eyes (normal phenotype).
Interestingly, certain individuals have a different
phenotype in each of their eyes (heterochromia),
but their underlying genotype is the same,20 which
is a third example biotype.
Hippocrates described the identification of disease

subtypes.21 The characterization of disease subtypes
is called ‘deep phenotyping’ by some researchers22

while others reserve it for genetic information.23

Because we focus on clinical data stored in EHR, we
use ‘clinical disease subtype’21 24 25 throughout this
paper. A ‘clinical disease subtype’ is any ‘type’ that
stratifies a diseased population into subpopulations.
Table 1 provides a summary of definitions with
medical examples.

Phenotypic variance
Johannsen describes two factors that introduce
phenotypic variance: environmental and genetic
(table 2).1 In EHR, phenotypic variance can also be
introduced by variability in healthcare practice and
medical decision-making among care providers26 27

or by varying documentation behaviors,28 which
adds two factors that may contribute to phenotype
variance: the healthcare process and documentation
behavior (table 2).1

In figure 1, we illustrate influential factors that
affect the traditional and EHR-based phenotypes,
respectively. Many factors affect EHR phenotypes
including clinicians’ documentation behavior. The
experience of the person documenting can affect
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the degree of detail contained in the documentation. For
example, a medical student may include more details on certain
less relevant items and then miss critical items. To detect this in
EHR, notes can be compared across clinicians of varying experi-
ence levels for the same set of patients. Agreement could be
assessed and outliers identified (eg, highly skilled clinicians). If
outcome prediction is the goal, then the documentation of
highly skilled clinicians (ie, outliers) may be more useful as skill
and predictive ability are related. Some factors, such as lifestyle,
are recorded by many EHR. However, these data are not always
stored in a standard form, and may require specialized extrac-
tion methodologies. For example, smoking status can be
assessed in multiple ways including using clinical notes,29 30 and
billing codes.31 These factors can all introduce phenotypic vari-
ance. Differences between EHR data and the ‘true patient state’
are described elsewhere.32

PHENOTYPING WITH EHR
Phenotyping as cohort identification
Cohort identification, namely identifying patients with or
without a given disease, for example, type 2 diabetes mellitus, is

a popular use of EHR33 called ‘EHR-based phenotyping’34 35 or
‘EHR-driven phenotyping’.36 37 In phenome-wide association
studies,38 EHR-based phenotyping is used to identify patient
cohorts that possess a phenotype, for example, diabetes mellitus,
hypothyroidism, cataracts,39 before associating phenotypes with
genetic markers.38 EHR-based phenotyping is also used for elec-
tronic prescreening to determine patients’ eligibility for clinical
trials.40 41 Importantly, cohort identification existed before EHR
and therefore EHR are not necessarily required.42 43 However,
there are situations in which cohort identification would be
impractical without utilizing EHR. This is particularly true for
identifying cohorts with a rare disease or outcome. Using an
integrated EHR, over 33 000 HIV patients (a rare disease) were
identified.44 A cohort of that size would be impossible, or prac-
tically unfeasible, to identify without the use of EHR. In
general, EHR facilitate the process of cohort identification43

and often result in studies with greater power and lower cost;45

but they also possess their own unique set of challenges.46 47

Phenotyping as disease subtype discovery
Another use case is for identifying novel disease subtypes using
clinical data from EHR. This ‘disease subtyping’ depends on the
identification of a higher-level ‘parent’ phenotype, that is, the
disease. Before EHR, identifying disease subtypes was challen-
ging42 48–51 and in many cases it required glaring phenotypic
differences. For example, types of diabetes were initially distin-
guished by age, namely juvenile (type 1) and adult (type 2) dia-
betes. Over time, these categories were made more descriptive
with insulin dependent (type 1) and non-insulin dependent
(type 2), which eventually gave way to ‘type 1’ and ‘type 2’.
Therefore, disease subtyping was possible before EHR using
clinical data (eg, observations, chart review). However, it was
challenging as initial observations ( juvenile vs adult) regarding a
disease subtype were often incomplete. In genetics, disease sub-
typing often occurs by identifying genetic or molecular ‘biomar-
kers’ (ie, disease subtype) that segregate a diseased population
into subpopulations.24 52 53 An example of EHR-based clinical
disease subtyping includes identifying a patient subpopulation

Table 1 Adaption of traditional phenotyping terminology to the EHR context

The genetic phenotyping context Adaption to the EHR context

Term Genetic definition Clinical data redefinition Examples

Johannsen Genotype “We do not know a ‘genotype’, but we are able to
demonstrate ‘genotypical’ differences or accordances…
‘Genotype’…is the sum total of the potentialities of the
zygotes in question. That these potentialities are partly
separable (‘segregating’ after hybridization) is adequately
expressed by the ‘genotype’ as composed of ‘genes’.”1

NA BRCA1 alleles,
TCF7L2, glucokinase,
HLA alleles

Phenotype “We may easily find out that the organisms in question
resemble each other so much that they belong to the
same ‘type’… or we may in other cases state that they
present a disparity so considerable that two or more
different ‘types’ may be discerned. All ‘types’ of
organisms, distinguishable by direct inspection or only by
finer methods of measuring or description, may be
characterized as ‘phenotypes.’”1

Any phenotype, for example, diabetes, height, weight,
that has related data elements extractable from EHR
data

Height, diabetes,
atherosclerosis

Biotype A group of organisms characterized by having the same
phenotype and genotype.1

NA Breast cancer and
BRCA1

Hippocrates Clinical
disease
subtype

Heterogeneous diseases can be classified into smaller
disease ‘subtypes’ when the subtypes have different
characteristics (eg, tissue-based biomarker, mutation,
and symptom).21 24 25

Using Johannsen’s definition for phenotype,1 we
define ‘clinical disease subtype’ to be any set of
characteristics that distinguishes a subset of diseased
patients from the overall diseased population

Chronic, benign,
malignant

EHR, electronic health record; HLA, human leucocyte antigen.

Table 2 Factors that introduce phenotypic variance in genetic and
EHR data

Type of phenotype
variance Example

Genetic Genetic trait could result in organisms with shorter
than expected heights

Environmental
(non-inherited)

Food shortage could result in organisms with shorter
than expected heights

Healthcare process Presence or absence of insurance could result in
individuals with un or underreported height

Healthcare
documentation

Presence or absence of clinician experience could
result in inadequate or inconsistent measurement of
individuals’ height

EHR, electronic health record.
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with an interesting glucose value pattern (ie, disease subtype)
within diabetics (ie, disease).54

VEROTYPE: THE PATIENT’S ‘TRUE’ TYPE
Learning from Johannsen’s definition of biotype as a group of
organisms with the same phenotype and genotype,1 we intro-
duce a new concept called ‘verotype’ from the Latin word vere,
meaning truly or actually. This higher level ‘type’ defines a
unique combination of genotype, phenotype, and disease
subtype for an individual. We named it verotype because it indi-
cates the true subpopulation that a patient belongs to, for
example, diabetic with unique glucose pattern,54 and is related
to the ‘true patient state’.32

▸ Verotype: A group of organisms characterized by having the
same phenotype, genotype and clinical disease subtype (eg,
phenotype, breast cancer; genotype, BRCA1; clinical disease
subtype, estrogen response pattern).
An example of what we would consider a complete verotype

is a group of patients with type 2 diabetes mellitus (phenotype),
a shared daily glucose pattern (clinical disease subtype), and
identical genetic risk factor (genotype). The phenotype can be
identified either using a non-EHR approach (eg, chart review,
diagnostic criteria, clinical examination)55 or an EHR-based
approach (eg, cohort identification algorithm).40 56 Figure 2
illustrates how the genotype contributes to the phenotype,
which in turn contributes to the clinical disease subtype. Each
unique combination of the three contributes to the patient’s
overall ‘verotype’. We hypothesize that identifying the entire

‘verotype’ will promote precision medicine57 as it characterizes
not only the patient’s disease, but also other important clinical
characteristics (eg, post-prandial and fasting glycemia—a clinical
disease subtype), and genetic underpinnings related to the
disease.

REVERSE ENGINEERING CLINICAL DISEASE SUBTYPES
The conventional approach
Before large-scale data mining of EHR, clinical disease subtyp-
ing was performed by collecting clinical data from patients with
a given disease, for example, Parkinson’s disease (PD).58 Patients
were then clustered based on their observed clinical findings58

and statistically significant clusters were considered PD sub-
types.58 Afterwards, the relationship between each PD subtype
and outcome had to be established and verified.59 Using EHR
enables researchers to develop algorithms for disease subtype
classification,48 60 and to identify clinical features associated
with a disease subtype, for example, estrogen/progesterone
negative breast cancer.61

The high-throughput approach
EHR offer the opportunity to develop novel methods for inves-
tigating new disease characteristics using clinical data,32 for
example, laboratory values.62 63 Furthermore, novel disease sub-
types identified from EHR have the potential for predicting
patient outcomes64 more accurately than predefined subtypes.
This is particularly true for poorly characterized mental

Figure 1 Factors that influence ‘phenotype’ identification in genetic and clinical data. Various factors introduce phenotypic variance in the
traditional genetics model and the clinical data model (that utilizes EHR). Places where EHR can be utilized to assess each factor are highlighted in
light orange. Thicker arrows show the main path for factors. EHR, electronic health record; VE, variance due to environment; VG, variance due to
genetics; VHD, variance due to healthcare documentation; VHP, variance due to healthcare process. We include ‘well-controlled’, ‘stable’ and
‘critical’ condition as examples of patient status. For disease status, we include ‘early (eg, stage i)’, and ‘advanced (eg, stage iii)’ as examples.
A patient may have a disease status indicating that their breast cancer is ‘advanced or stage iii’. If that same patient is later admitted to the
hospital due to a car accident and is in a ‘critical condition’ then their patient status would be ‘critical’ while their disease status would remain
unaffected (advanced breast cancer still present). The loop at the top of disease status indicates that a disease’s status can affect the status of a
second disease. For example, if a patient has advanced diabetes then their status for a second disease—retinopathy—could be affected.
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diseases,65 for example, PD,58 depression50 and amyloid lateral
sclerosis.49 51

A proposal to apply a network-based approach to clinical
disease subtyping
This led us to look to ‘network medicine’66 for a solution.
Network medicine involves integrating knowledge from various
sources including genes, biological pathways, protein–protein
interaction complexes, and so on, to identify tailored biomar-
kers for disease treatment.66 Network approaches were used in
genetics to identify regulatory pathways from gene expression.67

Not limited to genetics, some researchers have applied network
approaches to demonstrate that social influences contributing to
the development of obesity are as strong as genetic factors.68

Leveraging this expertise,69 we can apply network medicine
methodologies to EHR32 to reverse engineer67 disease subtypes
by integrating various data sources within EHR (eg, laboratory
results, medications, visits), and linking them to external sources
(eg, PubMed). To achieve this, we can treat each medical
entity70 71 as a ‘marker’ for a clinical disease subtype. These
markers can then be associated with various diseases or disease
severities (eg, chronic, acute), using a high-throughput approach
similar to those used in genetics.24 72–74 We can use laboratory
values (for laboratory test entities),62 63 dosage level (for medi-
cation entities) or the frequency of specialist visits (for specialist
entities) and so on. These EHR markers and their expression
values are related to typical gene expression data used in genet-
ics studies.75 76 Similar work was performed using the National
Health and Nutrition Examination Survey.77

In genetics, network-based approaches were used78–81 to
attain meaningful results because non-network-based association
studies often lacked statistical power to analyze individual
genes.82 Some network approaches search for hubs of interest-
ing genes within a network,83 while others integrate various
types of data (protein–protein interactions, gene expression) to
find genes considered ‘important’ to the disease of interest.84 85

For clinical disease subtyping using EHR, a network approach
would be useful to identify EHR ‘markers’ or combinations of
EHR markers associated with a certain disease.

Figure 3 shows how each marker’s expression pattern indi-
cates a certain patient state: presence/absence of diabetes,

presence/absence of difficult to manage diabetes and so on. If
we integrate the analysis of EHR markers then a distinct dia-
betes pattern (clinical disease subtype) emerges. However, if
markers are analyzed in isolation of each another then the
resulting conclusion may differ drastically from the ‘true patient
state’. For example, if only hemoglobin A1C is analyzed then it
is possible that the patient does not have diabetes (figure 3).
However, hemoglobin A1C values can be misleading when the
patient is being treated for diabetes, but when EHR markers are
integrated then a distinctive diabetes pattern emerges and the
likelihood of the patient having diabetes depends on the expres-
sion of each marker. Integrating markers86 87 is applicable for
both EHR-based phenotyping (eg, to identify that a patient has
type 2 diabetes) and for clinical disease subtyping. Importantly,
in order for a set of markers (or an integrated pattern of
markers) to be considered as a clinical disease subtype then they
must be able to stratify the diseased population into a subpopu-
lation with some distinguishing characteristics.58

However, because of the diversity among EHR entities, the
type of ‘expression’ must be based on the entity of the marker.88

For instance, EHR entities contain Boolean values (eg, presence/
absence of International Classification of Disease, revision 9
codes), numerical values (eg, hemoglobin A1C) and nominal
values (eg, medication name). A network-based approach would
be useful because each marker’s expression pattern would then
either increase or decrease the probability that a patient belongs
to a certain disease subpopulation (figure 3). Once a novel
subtype is characterized, the expression of EHR markers could
be used to identify the subtype.

RECOMMENDATIONS
We envision that more effective and personalized disease treat-
ment regimens will be possible when each patient’s genotype,
phenotype, and clinical disease subtype information is inte-
grated89 to form the patient’s complete ‘verotype’. We posit that
a network approach would be useful for integrating genetic and
EHR markers because it would reduce the computational com-
plexity90 introduced by having multiple EHR markers and mul-
tiple genes (polygenic) associated with one disease. When a
patient’s true disease subtype is known then clinicians can plan
a more effective and personalized treatment plan for that

Figure 2 A semantic network illustrating the relationship between genotype, phenotype, clinical disease subtype, biotype and verotype. Places
where electronic health records can be utilized are highlighted in light orange.

Boland MR, et al. J Am Med Inform Assoc 2013;20:e232–e238. doi:10.1136/amiajnl-2013-001932 e235

Perspective
D

ow
nloaded from

 https://academ
ic.oup.com

/jam
ia/article/20/e2/e232/709983 by guest on 22 M

ay 2023



patient. Identifying the entire verotype can also benefit future
outcomes researchers by allowing the efficacy of two treatments
to be compared within a subset of truly related patients.

CONCLUSIONS
We break down the concept of ‘EHR phenotyping’ by relating it
to definitions defined by Johannsen.1 We relate it to cohort
identification and disease subtyping. We also coin a new term,
verotype, to group patients who have the same genotype,
phenotype, and clinical disease subtype. We recommend using a
patient’s verotype to develop personalized medical treatment
regimens. Finally, we outline the potential for a network-based
approach to reverse engineer clinical disease subtypes using
EHR markers.
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