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Scientists are adept at comparing genomic sequences. The collec-
tion of more such data promises to increase our ability to determine
gene function, discover and describe biological processes, and priori-
tize causative variants of interest that underlie disease response. Yet
the question remains: Can we compare phenotypes or traits of inter-
est across disciplines in a manner similar to how we compare genomic
sequences? Here we present examples of ‘semantic reasoning’ - com-
putational methodologies that enable computation across organized
formal phenotypic representations. These methods facilitate the anal-
ysis of phenotype information across species, domains of knowledge,
people, and computers. We review representative examples of suc-
cessful semantic reasoning to recover known biological phenomena
in medical and agricultural applications. Necessary changes in how
we collect, analyze, and share data to enable such computations are
presented, and database and analytic tool suites for these sorts of
analyses are described.

1. Background

Phenotypic variation is the raw material acted on by both natural
and artificial selection; it provides the diversity required for species to
adapt and respond to changing environments. Linking phenotypes to
genotypes across evolutionarily distant lineages provides researchers
with the ability to predict phenotypic outcomes of genotypic changes,
and to compare genetic strategies that give rise to like phenotypes.
This information in turn enables researchers to develop medical and
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agricultural innovations and to assess and manage the organismal and
community-level variation critical to maintaining ecosystem processes
and adaptive responses to climate change.

Phenotypic data are extremely diverse, ranging in scope from ex-
pression profiles, to quantitative information, to summarizing textual
descriptions of development. Data can be associated to individuals,
populations, or species and can be described in comparative terms
(e.g., mutant versus wild type) or absolute measurements (e.g., days
to flowering). The documentation of these data can be at a sum-
mary level (e.g., average height of plants studied) or measured (a
particular plant is measured to be 62 cm tall). For these reasons and
myriad others, the documentation, integration, representation, and
accessibility of phenotype data is notoriously challenging (reviewed
in [1]). Adding to the complexity, new high-throughput measurements
of phenotype can involve remote sensing, high-density imaging, and
integration with geo-location data. Because phenotypic data are so
diverse, and the rates, volumes, and complexities of data collection
are only increasing, it is difficult to aggregate these complex datasets
for downstream analyses (reviewed in [2]).

In an effort to leverage the wealth of phenotypic data available for
making important biological inferences, McGary et al. [3] developed a
method of candidate gene discovery involving phenologs, or orthol-
ogous phenotypes. As defined by the authors, phenotype A from
species A and phenotype B from species B are phenologs if their two
sets of known causal genes have a significant overlap in the form of
orthologous genes. Once phenotypes A and B have been identified
as phenologs, the authors’ methodology identifies candidate genes as
those genes which are known to be causal in one species, but are
not currently associated with that phenotype in the other species.
If Gene 1 is causal to phenotype A, then its ortholog in species B
is a candidate gene for phenotype B. The authors demonstrated the
utility of this methodology by discovering non-obvious model sys-
tems for human disease phenotypes, predicting specific novel candi-
date genes associated with those phenotypes, and verifying selected
predictions. For example, a significant overlap in orthologous genes
revealed a phenolog relationship between mammalian abnormal an-
giogenesis and reduced rates of growth in lovastatin-treated yeast.
A predicted candidate gene for angiogenesis, SOX13 (known to be
causal to the yeast reduced growth rate phenotype), was experimen-
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tally confirmed through knockdown studies in both mouse and human
cells.

The methodology of finding phenologs first proposed by McGary
et al. [3] relies on previously known genotype to phenotype associations
and the use of orthology relationships between genes to reveal related
phenotypes. Phenologs, however, may also be proposed based solely
on the characteristics of the phenotypes themselves, represented in
the form of textual or other data. Relying on textual descriptions
rather than genotype to phenotype associations to identify phenologs
is advantageous in the case of phenotypes for which associated geno-
types (causal genes) are not known, or causal genes are involved in
similar pathways between the species but are not necessarily orthol-
ogous. Example phenolog sets that generate similar phenotypes are
kinesin motor proteins that, when mutated, cause trichome branching
defects in Arabidopsis and neuronal branching defects in mice (Fig.
1), and some genes involved in lesion formation in both humans and
maize (Fig. 2).

The lesion phenotypes shown in panels A and B of Figure 2
are caused by reduced activity of uroporphyrinogen decarboxylase
that leads to the accumulation of uroporphyrin and related metabo-
lites [4–6]. The enzymes encoded by the UROD and Les22 genes in
humans and maize, respectively are 35% identical and so would be
readily discovered by the method of McGary et al. [3,7] (GenBank:
Accession No. NP_000365.3 and Kazic, unpublished). But approxi-
mately 54 other mutations producing lesion phenotypes in maize have
been confirmed so far, and for most neither the gene nor the biochem-
ical functions it encodes have been identified (Neuffer and Kazic, un-
published). All of these mutations produce discontiguous patches of
chlorotic or necrotic tissue on leaves, often in response to light or
developmental cues, and their morphology, behavior, spatial distri-
bution, and time of onset are sensitive to genetic background and
environmental perturbations. For example, Figure 2 panel C shows a
classic oscillatory lesion phenotype produced by Les1 [8]. Mapping has
placed the locus on the short arm of chromosome 2, and no biochem-
ical function has been described [9]. Only searching over phenologs
would discover Les1 and its phenotypes. Many other lesion mimic
mutants of maize display these types of oscillations under appropri-
ate conditions, and these provide important clues to the underlying
causal mechanisms (Kazic, unpublished). Such searches would bene-
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fit considerably from also annotating other important dimensions of
the phenotype, such as its spatiotemporal oscillation and sensitivity
to ambient temperature and genetic background.

Regardless of the genotypic data associated with these pheno-
types, they share characteristic morphologies across the species that
are readily summarized by images. It is likely that morphological
phenologs will eventually be directly discovered by sophisticated com-
binations of image analysis and pattern recognition techniques that
can be used on distributed image databases, though these techniques
are only just emerging and will require significant research. How-
ever, many dimensions of these phenotypes, and many other non-
morphological phenotypes, are not neatly captured by an image. For
example, the time of onset of a phenotype and the environmental
perturbations that trigger or modify it are far more accurately and
compactly expressed as text. Further, the genetic component that
produces phenocopies is sharply reduced by definition, but these phe-
notypes can be particularly revealing: Type I porphyria cutanea tarda
and lesion formation in response to pathogen infection both reveal im-
portant causal mechanisms. For these non-morphological phenotypes
and phenotypic dimensions, computational analysis of phenotypic de-
scriptions will be key to automating discovery of such associations,
now and for the foreseeable future.

To enable computational discovery methods, free text descriptions
of phenotypes need to be associated with standardized ontology terms
which are placed in hierarchical directed acyclic graphs. The anal-
ysis of ontology terms and the relationship graph in which they are
placed is called semantic reasoning; it is what allows machines to “un-
derstand” (reason over) domain knowledge. The graph nature of the
terms and relationships in an ontology allows metrics utilizing graph
theory to be applied to quantifying similarity between terms, and
thus the phenotype descriptions linked to them. Following the iden-
tification of phenologs through semantic reasoning, the same method
of candidate gene discovery suggested by McGary et al. [3] can be ap-
plied. Multiple research groups are currently using semantic reasoning
for novel candidate gene discovery. Hoehndorf et al. [13] predicted the
association between the genes Adam19 and Fgf15 with the Tetralogy
of Fallot disease phenotype in humans, one result of the construction
of a network of phenotype similarity scores among 86,203 phenotypes
across five different species (yeast, fly, worm, mouse, zebrafish) called
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Figure 1. Branching defects shared between mouse and Arabidopsis cells.
Homma et al. [10] reported increased branching in cultured neurons of mouse Ki-
nesin-13 mutant KIF2A (A) wild type and (B) mutant. A mutation in the Ara-
bidopsis ortholog KIN-13A (At3g16630) also shows increased trichome branching
(C) wild type and (D) mutant [11]

Figure 2. Lesion formation in humans and maize. A: Porphyria cutanea tarda
in humans [12]. B: Lesion formation in a Les22 mutant plant due to a mutation in
the UROD enzyme (image courtesy John Gray). C: The classic oscillatory lesions
displayed by Les1 heterozygotes [8]
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PhenomeNET (http://phenomebrowser.net/).
In seeking to construct a similar network to facilitate candidate

gene discovery in plants, Oellrich et al. [14] developed and tested a
workflow to curate and standardize existing plant phenotype datasets.
This approach employed curated data to demonstrate the feasibil-
ity of semantic comparison across plant species. Data for six plant
species, encompassing both model species and crop plants with estab-
lished genetic resources, were integrated and analyzed using a com-
mon set of ontologies, annotation standards, formats, and best prac-
tices. The study focused on mutant phenotypes associated with genes
of known sequence in Arabidopsis thaliana (L.) Heynh. (Arabidop-
sis), Zea mays L. subsp. mays (maize), Medicago truncatula Gaertn.
(barrel medic or Medicago), Oryza sativa L. (rice), Glycine max (L.)
Merr. (soybean), and Solanum lycopersicum L. (tomato). Curated
phenotypes from taxon-specific databases were converted into a com-
mon format using the Ontologies for Plant Biology (described in [15])
that include Plant Ontology (PO [16]), Gene Ontology (GO [17]), Plant
Experimental Conditions Ontology (PECO [15]), Chemical Entities of
Biological Interest (ChEBI [18]) ontology, and Phenotype and Trait
Ontology (PATO [19]). The ontology annotations were used to con-
struct a matrix of semantic similarity scores for all possible pairs of
inter- and intra-specific genotypes. The constructed ontology anno-
tations representing each phenotype are referred to as EQ (Entity-
Quality) statements [20], as they are composed of ontology term(s)
representing a biological structure or process (entity), and term(s)
representing an aspect or modification of that entity (its quality [21]).

From 2,866 genotypes yielding over 8 million possible combina-
tions, 548,888 had non-zero semantic similarity scores. A similarity
score of 0 indicates no semantic overlap with respect to the phe-
notype, while a similarity score of 1 indicates an identical semantic
phenotype description (and therefore equivalent sets of EQs). Of
these, 44% of the non-zero semantic similarity scores were below 0.1,
indicating that many of the phenotypes show only a small overlap
in their description, while 13% of the genotype pairs with non-zero
scores fell into the 0.9 - 1 range. This indicates that for most of the
genes the semantic similarity of their mutant phenotype descriptions
with other genes is low. Some of the very high scores (scores near
1) are likely artifacts due to limited data curation. For example, if
only some characteristics of genotypes have been annotated in the
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form of EQ statements, two genotypes may appear artificially much
more similar or dissimilar than they would be had their phenotypes
been annotated in full. Furthermore, not all phenotype changes may
be reported in the literature for a given genotype in the first place.
It is important to note that semantic similarity algorithms cannot
compensate for such gaps in reporting or in annotation. Results of
the semantic similarity analysis are provided through the Plant Phe-
nomeNET [22] web interface, which was adapted from PhenomeNET.
For each genotype, a detailed page provides information about sim-
ilarity scores to any of the other genotypes as well as a link to an
additional page providing the phenotype assigned by the curator and
those translated to use terms represented in the ontologies.

The semantic similarity dataset was evaluated for its ability to
enhance predictions of gene families, protein functions, and shared
metabolic pathways that underlie informative plant phenotypes. In
one example, Oellrich et al. were able to use Plant PhenomeNET to
identify a set of maize gene models that participate in the initial reac-
tions of flavonoid biosynthesis as part of the phenylpropanoid biosyn-
thesis pathway. This result indicates that reasoning across curated
phenotypes in plants is capable of recapitulating well-characterized
biological phenomena and hints that, for plant species that are not
genetically well-characterized, the ontological reasoning approach to
predicting phenotypic associations can help with characterizing un-
derstudied species and assist in forward genetics approaches.

In a second example, Oellrich et al. [14] were able to place 2,741
EQ-annotated genes from all six species into 1,895 gene families, of
which 42 contain between 5 and 12 genes with EQ statements. These
families were assessed for how often homologous genes have similar
functions. There were also 147 families containing EQ statements
from two or more species, which allowed the authors to assess how
often functions are conserved between orthologs. For most families in
this sample, gene function was conserved or similar, but there were
some cases in which annotated phenotypes were quite different across
orthologs.

2. Current efforts

This method of comparing semantic similarity of mutant phenotypes
has high potential for semantic prediction, but requires consistent,
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coherent, and complete phenotype annotations that computationally
replicate the underlying biology of organisms, which in turn will re-
quire a much larger, more complete dataset. Within the plant king-
dom, the Planteome group has begun working toward this goal.

The Planteome project [15,23] provides a suite of interconnected
reference and species-specific ontologies associated with a database
of plant gene expression and function, traits, phenotypes, QTLs, and
germplasm annotations spanning 95 plant taxa. The reference ontolo-
gies include the Plant Ontology, Plant Trait Ontology, and Plant Ex-
perimental Conditions Ontology, developed by the Planteome project,
as well as those developed by collaborating groups, such as the GO,
PATO, and ChEBI. An important feature of the Planteome database
is an integration of species-specific Crop Ontologies describing traits
and phenotype scoring standards being utilized by international plant
breeding projects. In the Planteome 2.0 Release (February 2017), the
Planteome database includes trait ontologies for eight crop species:
maize (Zea mays), sweet potato (Ipomoea batatas), soybean (Glycine
max ), pigeon pea (Cajanus cajan), rice (Oryza sativa), cassava (Mani-
hot esculenta), lentil (Lens culinaris) and wheat (Triticum aestivum).
Planteome database users can access the ontologies and annotated
data from the project website and ontology browser, perform faceted
searches for ontology terms, annotations and bioentities, and down-
load custom datasets for further analysis. Other tools offered by the
Planteome include web services [24] for ontology terms and annotated
data, and the Planteome Noctua platform [25] for collaborative build-
ing of gene annotation models using ontology terms.

The current methods of annotating phenotypes are largely man-
ual, which limits high volume data curation. Therefore, semi-
automated methods dependent on data mining using reference ontolo-
gies and natural language processing methods have started to become
available [26,27]. The Planteome project, among others, is working to-
wards the goal of using ontologies and neural network-based methods
to identify phenotypes and plant characters (phenotypes and traits)
from both high-throughput phenotyping project data and plant tax-
onomic sample collections.

Within the context of vertebrates, the Phenoscape comparative
framework and Knowledgebase ( [28,29] and see Chapter 11) is another
platform that, if
adapted to include plant data, may enable plant-centric analyses, as
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well as cross-domain analyses including ones such as those shown in
Figures 1 and 2. The Phenoscape Knowledgebase [30] currently com-
bines computable morphological phenotype descriptions from phy-
logenetic systematics publications on comparative fish morphology
and the vertebrate fin-to-limb transition, on the one hand, and from
mutant screens and other genetic perturbation experiments in verte-
brate model organisms, on the other. By way of example, Figure 3
shows the results of querying the Phenoscape Knowledgebase with the
search term “urod” (a gene associated with human porphyria cutanea
tarda, with phenotype shown in Figure 2A). Not only are orthologs
in zebrafish, Xenopus, mouse, and human returned by the search, in
each species the phenotypes associated with UROD are listed.

Figure 3. Results of a query on the Phenoscape Knowledgebase for UROD. A:
The search term “urod” returns genes in zebrafish, Xenopus, mouse, and human.
B: Clicking on the human UROD, the knowledgebase returns 29 phenotypes. C:
A sample of the list of phenotypes associated with human UROD is shown.

Evolutionary phenotype profiles for taxa and clades are linked to
the phenotypes of mutated genes in model organisms with the highest
semantic similarity. This enables researchers to explore conservation
of phenotype in distantly related organisms and leverage knowledge
from model organisms to identify candidate genes for related pheno-
types in non-model organisms.

An additional goal of the Phenoscape project is the development
of natural language processing tools to increase the speed with which
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existing and new phenotypic data can be rendered computable. Such
tools include CharaParser [31] and Phenex [32,33] that enable semi-
autonomous encoding of morphological descriptions and facilitate
mapping to ontology terms, respectively. Scaling the computable
phenotype dataset of the Plant PhenomeNET (6 taxa) to the size of
the Phenoscape Knowledgebase (5,211 taxa) through incorporation of
existing and future natural language processing tools would drive the
prediction of novel candidate genes for crop plants, helping to extract
as much information as possible from the wealth of phenotypic data.

3. Future work

What would it take to create a PlantPhenoscape? To build such a
resource would require phenotype data in the form of computable on-
tologies that are universal to all land plants, functional information
in the form of Gene Ontology (GO) annotations and gene expres-
sion data, and evolutionary data in the form of phylogenetic relat-
edness among genes and species. Combining phenomic with genomic
data in a single query-based database would enable researchers to
advance understanding of the basic genomic mechanisms underly-
ing plant development and evolution. Connection and integration of
these resources with existing and emerging community data-centric
projects (e.g., TAIR, MaizeGDB, Genomes to Fields, CyVerse, Di-
vSeek, Planteome etc.) would ensure broad access and longevity for
developed resources.

Once assembled, a PlantPhenoscape Knowledgebase could be used
to combine existing phenotype data, including both natural variation
and genetic mutant phenotypes, for agricultural and model plants.
These data could be assembled based on the ontology-building work-
flow established by Oellrich et al. [14]. To be most useful, a Plant-
Phenoscape Knowledgebase should include annotations for genes and
gene orthologs - including molecular function, biological processes,
and localization of gene products from GO and link these with the
phenotype database using mutant EQ phenotypes extracted from
PhenomeNet, Planteome, and PATO.

Once combined into a single database, the PlantPhenoscape Knowl-
edgebase would allow researchers to ask questions about the evolu-
tionary and phenotypic relatedness of particular structures, and to
develop hypotheses concerning the genetic and developmental mecha-
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nisms underlying these particular changes. Such a resource could lead
to the development of a fast semantic similarity engine for searching
in real time across taxa or genotypes for shared phenotypic profiles.
A phenotypic profile could include particular morphological or devel-
opmental descriptors or shared aspects of gene expression that result
in phenotypic differences. While Phenoscape’s existing architecture
for semantic similarity tests and trait/character matrix capabilities
could be used for comparative phylogenetic analyses, the breadth of
Phenoscape’s computable data types could also be expanded to in-
clude species interactions, developmental data, phenotype-genotype
connections, gene network interactions, and genomic data.

By combining plant kingdom-wide ontologies for structural and
anatomical characters with linked phenotypic and genotypic data
from across plant genetic systems, one could describe plant diver-
sity across many lineages and species and predict which genes and
gene expression patterns may be responsible not only for ecologically
driven and evolutionarily significant changes in plant form and func-
tion, but also for traits of interest in the world’s major crops.

As noted earlier, the construction of the existing Plant
PhenomeNET similarity matrix created by Oellrich et al. [14] required
manual creation of EQ statements from free-text phenotype descrip-
tions sourced from phenotypic databases and literature papers. This
conversion from human-readable phenotypic data to their computable
representations demanded extensive time and effort from domain ex-
perts for each of the plant species included in the project. In a sim-
ilar fashion, the entity-quality relations of the Phenoscape Knowl-
edgebase are manually generated from phenotypic and morphological
data reported in literature and character state matrices, albeit as-
sisted through purpose-built auto-completion tools such as Phenex,
mentioned previously. The automation of this process - converting
human-readable phenotype descriptions into computable EQ state-
ments - has the potential to reduce the number of human hours spent
on this task, allowing curators to focus primarily on ensuring the
quality of the EQ representations rather than generating them. In
addition, automating this process would expand the total amount of
phenotypic data that can be processed within a given time frame,
proportionally expanding the scope of the analyses that can be per-
formed.

Information extraction, one of the problems at the core of pars-
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ing out EQ statements from phenotype descriptions, is an established
problem in the field of natural language processing (NLP). Within the
scope of information extraction, one of the most notable challenges
is adapting algorithms and techniques for specific biological domains.
Whereas a general case NLP algorithm may identify people or places,
biological applications require recognition of items such as gene and
protein names [34], and more complex ideas such as disease-phenotype
relations [35] and descriptions of mutations within genes [36]. These spe-
cific information extraction algorithms have been applied and evalu-
ated in the domain of biomedical texts, but differences in taxa nota-
tion and vocabulary and the wide variety of phenotypic information
available (from anatomical phenotypes, to cellular concentrations, to
biological processes, etc.), makes generalization difficult.

CharaParser, the computational tool reported in Cui et al. [31], ad-
dresses this problem of information extraction with respect to mor-
phological phenotypes. From an input in a variety of natural language
formats, CharaParser produces character-state formulated phenotype
descriptions encoded in an XML file format. Words and phrases cor-
responding to characters and character-states are identified through
an unsupervised learning algorithm [37], preventing the need for the
creation of domain-specific annotated training data. Instead, a small
number of seed characters and character-states are fed to the algo-
rithm and used to identify patterns leading to the identification of
more character and character states in the input text itself, in an
iterative process. Following the unsupervised learning algorithm, the
proposed characters and character states extracted from the input
text are verified, altered, or removed by a human reviewer. The widely
used NLP parsing tool Stanford Parser [38] is then used in combination
with sets of heuristic rules to identify the relationship between char-
acters and character states in the input text and produce the final
XML representation of the phenotypes. CharaParser has been shown
to perform well on plant data sets, with 90% precision and recall at
the sentence level on a North American Flora data set, with slightly
lower performance on an invertebrate data set [31].

In the XML representation of phenotypes produced by tools such
as CharaParser, characters and character-states are computationally
identified and organized, but semantically they are represented with
the exact vocabulary with which they were represented in the input
text. This prevents comparison between multiple encoded descrip-
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tions, as is possible with EQ statements. The task of representing
predicted characters and character states in terms of entities and
qualities drawn from ontologies is referred to as concept coding, or
concept mapping. More generally, concept coding refers to mapping
between any word or set of words and a corresponding ontology term.
As with other natural language processing problems, tools have been
built to address the problem of concept coding in the biomedical text
domain. Notably, Aronson et al. [39,40] developed a concept coding al-
gorithm called MetaMap for mapping text to concepts in the UMLS
(Unified Medical Language System) Metathesaurus. The MetaMap
algorithm accounts for possible variants of the input text (synonyms,
abbreviations, etc.), and scores their similarity to available ontology
terms through custom metrics, such as how many words were used to
find the match, and how central those words are to the meaning of
the input text.

Combining the functionality of an information extraction tool like
CharaParser, capable of identifying entity and quality-like terms in
phenotypic data, with a concept coder capable of mapping those
terms to ontological concepts, would allow for near-complete au-
tomation of EQ statement generation. Provided that the informa-
tion extraction algorithms can be developed to perform on a diverse
collection of datasets, the variety of EQ statements such a system
could generate would only be limited by the availability of ontologies.
Anatomical, chemical, and biological process ontologies already pro-
vide the basis for representing an extremely wide range of phenotypic
information.

4. Outlook

Given recent innovations in gene editing and the availability of tools
to design specific changes to gene regions of interest (reviewed in [41]),
predictive phenomics can be used to target desired phenotypes and
test correlations between phenomes and genomes in any species of
interest, bringing functional genomics tools to bear on all phenotypes
across many species and even domains of life. Together, ontology-
based phenotypic prediction, coupled with simplified, broadly accessi-
ble gene editing capabilities, will not only advance our understanding
of basic biological mechanisms and principles, but has the potential
to improve disease models and agricultural innovation.
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