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Pharmacogenomics research attempts
to ‘correlate genotype with pheno-
type’ in the context of pharmacother-
apy. Public databases of interest to
pharmacogenomics researchers will
therefore need to store phenotypic
data. One goal of electronic storage will
be to make it amenable to programs
that perform ‘data mining’, a form of
automated hypothesis discovery.!

Genotype is reasonably straightfor-
ward to represent computationally, as
variations from a consensus sequence.
Most of these variations are simple
substitutions in the form of single
nucleotide polymorphisms (SNPs),
although one must also consider in-
sertions, deletions and substitutions of
greater length, such as variable num-
bers of tandem repeats (VNTRs). Much
research today, rather than focusing
on individual variants in isolation,
considers the set of several such var-
iants that are inherited as a unit (the
haplotype). Existing public databases
such as dbSNP,* which in turn point to
databases containing consensus se-
quence such as Genbank, address the
representation of both genotype as
well as haplotype.® By contrast, repre-
senting phenotype—‘the outward,
physical manifestation of internally
coded, inheritable information’*—in
a generic, computable way is much
more problematic.

Below, we first consider the extreme
variability of phenotypic parameters,

which are the source of the challenge.
We describe how phenotype is repre-
sented in individual data sets. We then
discuss how individual phenotypic
parameters in a data set must be
adequately described in order to be
comprehensible and minimize the
possibility of misinterpretation, and
how even the nature of these descrip-
tors depends on the broad category of
phenotype that one is describing. We
finally consider the requirements of
software tools to assist submission of
phenotypic data to an electronic re-
pository, and the means by which such
standardization of such software could
be facilitated.

CHALLENGES IN CHARACTERIZING
PHENOTYPE

e Phenotype is not a single entity: it is
a set of parameters. The universe of
parameters constituting ‘pheno-
type’ is highly variable: function
can be characterized at a molecular,
organelle, cellular, organ-system or
whole-organism level.

e The parameters are specific to the
gene or genes that are being studied.
The phenotypic parameters for
breast cancer susceptibility are quite
different from that of acute inter-
mittent porphyria. Across all genes
or genetic disorders of interest, the
total number of parameters would
range in the hundreds of thousands.

e Phenotype does not necessarily im-
ply a single causative gene. The easy
problems of classical pharmacoge-
netics, where a single mutation
leads to fairly dramatic effects in

the right circumstances—for exam-
ple, pseudocholinesterase deficiency
manifesting as prolonged paralysis
after succinylcholine administra-
tion—will become increasingly
scarce. Multigenic diseases like dia-
betes, hypertension and obesity are
difficult problems. For such diseases,
as knowledge about causative me-
chanisms and regulatory pathways
accumulates, the definition of phe-
notype becomes progressively more
refined. In diabetes, for example,
the original phenotypic definition
of inability to utilize glucose (high
blood sugar, glycosuria and a battery
of clinical symptoms) was refined
once insulin was discovered. We
now had to distinguish between
failure to produce enough insulin
vs failure to respond to insulin. The
latter category has since been broken
down into numerous subcategories.®

A consequence of the continual
refinement of phenotypic parameters
is that data more than a few years old
will rapidly diminish in value as a
source for hypothesis discovery. Newly
discovered parameters that come to be
regarded as mandatory for evaluation
of the disease of interest will be absent
from that data set. The only way to
obtain values for these parameters will
be to approach the investigator who
originated the data, and seek access
to those patients in the dataset who
are still alive. In many cases this
will not be possible, either because
the data needed are time-depen-
dent (eg, drug levels) or because
the institutional review board re-
quired subject anonymization or
prohibited follow-up.

REPRESENTING PHENOTYPIC DATA
IN A DATA SET: METADATA
Phenotypic data typically exist as one
or more ‘flat files’ consisting of col-
umns, each of which represents a
parameter, and rows, representing in-
stances of experimental subjects, for
example, patients or biospecimens.
(For studies involving numerous para-



meters with long-term follow-up of
subjects, a data set would consist of
several such files—in effect, a rela-
tional database.) To be interpretable, a
‘data dictionary’—a document that
describes in some depth what each
column in each file represents—must
accompany the data. A data dictionary
is an example of ‘metadata’—data that
describe data. The challenge of standar-
dizing the computational representation
of phenotype then reduces to the problem
of standardizing the metadata. Such
standardization efforts are taking
place in other bioscience fields, such
as the field of microarray experiments,
where a data interchange standard
called MAGE-ML (micro-array and
gene expression markup language) is
evolving.®

Requirements of Phenotype Metadata
Descriptors

Some of the columns in a phenotype
data set represent information that
identifies the subject or sample, for
example, a subject study number or
biospecimen ID, plus demographic
variables such as age, sex and race.
Although different researchers may
encode variables such as sex and race
in different ways—race also tends to
be recorded at varying levels of gran-
ularity—the interpretation of such
data is relatively straightforward. The
experimental parameters that are spe-
cific to a study, however, are more
challenging: even the metadata de-
scriptors that fully describe such a
parameter depend on the nature of
the parameter.

Consider, for example, a parameter
based on a lab test, which may either
be a standard one or a newly devised
technique. LOINC (logical observa-
tions, identifiers, names and codes)”-®
is an existing standard devised for the
purpose of interchange of data for lab
values and vital signs. The full set of
descriptors for a laboratory test para-
meter includes:

e The name of the parameter.

e A brief description, in cases where
this parameter is not a standard one
in routine use.

e The source of the biological sample:
blood, plasma, serum, urine, etc.
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e The timing of the sample: random vs
collected at a particular time; single
sample vs a cumulative sample col-
lected, for example, over 24 h.

e The units of measurement.

e The lower and upper limit of ‘nor-
mal’ values, if this is known. Note
that, in some cases, these can vary
with age, sex and physiological
state, for example, pregnancy and
lactation. Even for ‘standard’ tests
like total serum cholesterol, the
‘normal’ range is known to vary
slightly from lab to lab.

e A bibliographic reference to the
test method, if standard. If nonstan-
dard, a reasonably detailed descrip-
tion of how it is performed must
be provided—whether the test is
a chemical or immunoassay, the
reagents used, and so on.

For clinical (in vivo) measurements,
one must describe the conditions
under which the measurement was
conducted. For example, a pair of
systolic/diastolic blood pressure read-
ings must be accompanied by details
about the position of the subject
(standing vs sitting vs supine), the
instrument used (mercury vs. aneroid
device—the latter is known to give
highly variable readings if not periodi-
cally recalibrated), and which limb was
used for recording.

For in vitro assays of enzymatic
activity in biospecimens (eg, a micro-
somal enzyme activity assay), one
might record:

e The chemicals/substrates used in
the test.

e The concentration of the substrate
(in case the kinetics is suspected to
be nonlinear).

e The end-products of the enzymatic
reaction.

e The conditions of the assay: nature
of the buffer, the pH and tempera-
ture and so on.

Identifying the requisite descriptors
for many types of molecular or bio-
chemical phenotype data is more
challenging, in part because the ex-
perimental areas themselves continue
to evolve rapidly. For example:

e The same parameter may be studied
by a variety of techniques. For
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example, the polymerization of
sickle hemoglobin (HDbS), the first
disease identified as caused by a
molecular mutation, has been stu-
died by physical techniques as var-
ied as ultracentrifugation, visco-
metry, NMR and differential inter-
ference contrast (DIC) microscopy.®
Each of these techniques requires its
own set of descriptors.

e Measurement of associated gene
expression levels through microar-
ray technology is increasingly pop-
ular. These levels are influenced
significantly in experimental ani-
mals by several confounding vari-
ables such as the time of the day the
specimen was collected as well as
whether the animal being studied
was caged in isolation or along with
other animals. Based on the system
being studied, it may be important
to describe the experimental condi-
tions in enough detail to make it
clear that known confounding vari-
ables were considered.

REQUIREMENTS OF SOFTWARE
TOOLS FOR PHENOTYPE DATA
SUBMISSIONS

It is clear that having to supply such
detail for every single parameter in a
phenotypic data set can be a highly
onerous task for data submitters. One
must note, however, that publication
in scientific journal generally man-
dates such details, and for electronic
publication standards cannot be dra-
matically less stringent. Nonetheless,
if public databases are to encourage
submission of phenotypic data, the
designers of such databases must strive
to reduce the amount of manual labor
required of submitters. Software tools
accompanying electronic phenotypic
repositories must provide the equiva-
lent of Genbank’s SEQUIN or BankIt.'°
We briefly consider some of the re-
quirements of such tools.

e They must support reuse through con-
trolled vocabularies: A controlled vo-
cabulary is a library of standardized,
reusable definitions (‘concepts’),
which can be searched by several
criteria, for example, keywords and
synonyms, type of parameter, and
so on. A data submission tool must
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have integrated access to up-to-date
contents of multiple existing con-
trolled vocabularies—most of which
have evolved for distinct purposes.
LOINC, mentioned above, is an
example of a standard vocabulary
for laboratory tests and clinical
observations. If a user can (a) specify
that a parameter is a clinical test or
observation and (b) locate the para-
meter in LOINC by specifying one
or more keywords, then many de-
tails do not need to be manually
supplied, because pointing to a
LOINC entry provides these details.
An additional advantage of con-
trolled vocabularies is that they use
internal unique identifiers that are
useful for cataloguing. These identi-
fiers are mostly unambiguous, and
their presence in data or metadata
facilitates the operation of analyti-
cal programs. The use of vocabul-
aries such as the Internal
Classification of Diseases (ICD),!!
for example, is well known.

e Reuse across multiple submissions by
the same investigator: Individual in-
vestigators submitting data to a
phenotypic repository have specific
research interests, and tend to work
with the same kind of parameters
over time. In cases where an investi-
gator has submitted previous data
descriptions, the software tool must
index these descriptions by investi-
gator, and permit retrieval of descrip-
tions so that individual descriptors
can be reused for a new submission.

o Reuse within the same data set: Several
columns in a given data set may
represent repeated measures of the
same parameter over time: for ex-
ample, one may record fasting blood
glucose at baseline and at 3 months
after baseline. The submitter must
be able to point to a previously
supplied description and reuse it
for an additional column, changing

only the details about when the
parameter was measured.

The software-engineering task of
creating a user-friendly data submis-
sion tool is relatively straightforward.
A much bigger challenge is arriving at
a consensus among researchers as to
what descriptors constitute a ‘mini-
mum acceptable’ set with respect to
different types of parameters. In the
microarray world, for example, there is
a definition called MIAME (minimum
information about a microarray ex-
periment).'> A community effort to-
wards a similar goal for phenotypic
metadata is urgently needed. Indivi-
dual research consortia, such as the
Pharmacogenetics Network'? or the
Environmental Genome Project,'* are
in a good position to explore infor-
matics approaches that will work with-
in a consortium, but the time is
probably ripe for the formation of ad
hoc groups at various genomics meet-
ings. Bioinformatics groups have an
excellent track record of collaborative
creation of open-source software, as in
the wvarious bio-software initiatives,
and it is hoped that this article acts
as the catalyst for such collaboration.
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