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Abstract

Omics technologies are widely used in biomedical research. Precision medicine focuses on individual-level disease
treatment and prevention. Here, we propose the usage of the term ‘precision omics’ to represent the combinatorial strategy
that applies omics to translate large-scale molecular omics data for precision disease understanding and accurate disease
diagnosis, treatment and prevention. Given the complexity of both omics and precision medicine, precision omics requires
standardized representation and integration of heterogeneous data types. Ontology has emerged as an important artificial
intelligence component to become critical for standard data and metadata representation, standardization and integration.
To support precision omics, we propose a precision omics ontology hypothesis, which hypothesizes that the effectiveness of
precision omics is positively correlated with the interoperability of ontologies used for data and knowledge integration.
Therefore, to make effective precision omics studies, interoperable ontologies are required to standardize and incorporate
heterogeneous data and knowledge in a human- and computer-interpretable manner. Methods for efficient development
and application of interoperable ontologies are proposed and illustrated. With the interoperable omics data and knowledge,
omics tools such as OmicsViz can also be evolved to process, integrate, visualize and analyze various omics data, leading to
the identification of new knowledge and hypotheses of molecular mechanisms underlying the outcomes of diseases such as
COVID-19. Given extensive COVID-19 omics research, we propose the strategy of precision omics supported by interoperable
ontologies, accompanied with ontology-based semantic reasoning and machine learning, leading to systematic disease
mechanism understanding and rational design of precision treatment and prevention.
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Introduction

Omics is a collection of biological disciplines whose names end
in the suffix ‘-omics’, such as genomics, transcriptomics, pro-
teomics, epigenomics, metabolomics and interactomics. Omics
technologies allow us to integrate multiple associated and inter-
acting components in biological systems to study the mecha-
nisms of complex biological dynamic processes under specific

conditions such as diseases and treatments. Omics technolo-
gies have been widely used in various applications including
biomedical research of diseases such as cancer [1], infectious
diseases [2] and autoimmune diseases [3]. The integration of
multiple omics technologies (multi-omics) is the trend of omics
research [4], which makes the assessment of diseases and treat-
ments more reliable. Multi-omics has been applied to support
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different areas of research such as molecular typing, treatment
and prognosis research [5-8].

Omics technologies have been widely used to study the
COVID-19 pandemic [9] as evidenced by over 160 related papers
available in PubMed as of 7 May 2021. COVID-19 is caused by
the infection of severe acute respiratory syndrome coronavirus
2 (SARS-CoV-2) in lung, kidney, and many other organs. As
of 7 May 2021, COVID-19 has resulted in approximately 156
million confirmed cases and 3.2 million deaths worldwide.
Multiple omics technologies have also been applied to study host
immune status and drug screening against SARS-CoV-2 [10-13].
Even though extensive COVID-19 omics research has been
conducted, we do not have a comprehensive understanding
of the disease, nor do we have effective drug treatment against
SARS-CoV-2. A more effective strategy is required to better study
COVID-19.

Precision medicine, also called personalized medicine, is
an emergent approach for disease treatment and prevention
that considers individual variability in genes, environment
and lifestyle [14, 15]. Precision medical research often requires
the omics examination of biomedical specimens and cells at
different levels, and a multimodal and integrated approach is
then applied to integrate the data from biopsy tissue samples
with clinical background of human subjects. For example, the
NIH-supported Kidney Precision Medicine Project (KPMP) study
aims to find the fundamental molecular mechanisms and new
treatments for human kidney disease [16, 17]. KPMP involves
patient recruitment, clinical data collection, pathological
examination, omics assays, integrated analysis with artificial
intelligence (Al) and data visualization. In addition, precision
medicine has also come with emerging technologies such as
machine learning, deep learning and system biology. Omics
technologies have greatly supported precision medicine and
broader precision biology research. In this article, we propose to
use the term ‘precision omics’ to represent the application of
omics technologies for precision medicine research.

A major bottleneck in precision omics studies is the dis-
integrated and non-interoperable big data and knowledge. Big
data are characterized by 5 V’s (volume, veracity, velocity, variety
and value) [18]. Precision omics research is often accompa-
nied by large, complex, heterogeneous and multidimensional
big data generation. Disintegrated and non-interoperable data
and knowledge cannot be interpreted by computers, inhibit-
ing computer-assisted reasoning. Unfortunately, omics data are
often disintegrated. To support the integration of data from
various studies and the rigor and reproducibility of biomedical
studies, the FAIR Guiding Principles propose that all research
data should be findable, accessible, interoperable and reusable
(FAIR) for both machine and human users [19]. To enable data to
be FAIR, it is required to add data about the data (metadata), link
each data element to a controlled and shared vocabulary, ideally
an ontology. Ontology has been proven to be critical to support
omics data integration. However, given hundreds of biomedical
ontologies developed, it becomes a new silo issue how to inte-
grate different ontologies and make ontologies interoperable.

In this manuscript, we will introduce our proposed ‘precision
omics’ strategy, the basics of ontologies, interoperable ontologies
and how to use interoperable ontologies to support precision
omics research. We argue that precision omics supported by
interoperable ontologies would help us to better study COVID-19
disease and allow us to develop a systematic and comprehensive
from-molecule-to-phenotype understanding of the disease and
rationally develop effective precision treatment and prevention
measures at the individual or sub-group level.

The rise of precision omics research

The precision medicine initiative, initiated by the Obama Admin-
istration in 2015, marks the beginning of the new era of precision
medicine [15]. According to the precision medicine initiative,
precision medicine is defined as an emerging approach for treat-
ing and preventing diseases by taking into account individual
variability for each person [14]. The individual variability covers
different areas, including individuals’ genes, phenotypes, envi-
ronments, behaviors and lifestyles. With a deeper understanding
of diseases, it is not necessary to diagnose diseases only based on
appearances, but to require more accurate and effective disease
classification by considering various variables and conditions.

Figure 1 is provided to illustrate the reasons why we need
precision medicine. In typical experiments with inbred mice, we
do not usually have to care about many variables (Figure 1). For
example, we can just control vaccine or no vaccine in BALB/c
mice. Since all the BALB/c mice are genetically the same and the
living conditions for all mice are the same as well except for the
treatment to be tested, we can effectively identify the results
in such a well-controlled experiment. However, such results
cannot be directly translated to human. For example, while
mouse models have advanced our understanding of sepsis and
sepsis-associated kidney diseases, many clinical trials targeting
important pathways identified with convincing murine model
results have failed to improve human patient survival [20, 21].
There are two main reasons that make it challenging to translate
mouse model results to human usage. First, although mouse and
human are similar in many different ways, genetically they still
differ a lot. Second, unlike the inbred mouse model, humans are
so diverse among individuals in terms of genetics, phenotypes,
living conditions, medical history, etc. Without considering these
differences, it is often difficult to identify the omics patterns
linking to the outcome (Figure 1).

Precision medicine is also important in clinical practice.
A patient diagnosed with cancer was usually provided with
the same treatment as the others having the same type and
stage of cancer. However, different patients respond differently
to treatment, because different patients may have different
tumor diver genes and driver mutations. Meanwhile, the driving
mechanisms of different tumors may overlap. It means that
we can divide the patients into subgroup levels rather than
pure individual levels. Another example is vaccine safety.
Currently, licensed vaccines are generally safe. Even so, some
severe adverse events may still occur in a small percentage of
the population. Understanding the causal relations between
personal characteristics and vaccine adverse event occurrence
would allow rational design of precision measurement to avoid
serious adverse events in susceptible populations [22].

In this article, the term precision omics is formally proposed
to represent the application of omics technologies to study pre-
cision medicine research questions, with an emphasis on identi-
fying how omics technologies can be efficiently used to support
precision medicine research. We argue that the key to precision
omics research is the precision classification and integration of
various conditions or variables so that the heterogeneous and
complex omics data can be interlinked, reproduced, seamlessly
integrated and robustly analyzed.

Figure 2 illustrated our envisioned precision omics processes
commonly applied in biomedical studies, which is also applied to
study COVID-19. The whole pipeline covers many steps, includ-
ing the human subject recruitment and collection, experimental
process, specimen extraction, omics assay, data standardization
and integration. Each step requires precision, i.e. all the variables
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Figure 1. Increasing complexity from single well-controlled omics study to complex multi-factor heterogeneous omics study. Current omics studies have evolved from
simplified inbred mouse (or cell line) to complex precision medicine studies. See text for detailed discussion.

in each step need to be recorded, standardized and integrated
into the whole analysis pipeline. Before the sample collection,
the human (or other organisms) can be treated in different ways
such as drug administration, vaccination, etc. Samples for the
omics study include molecular samples, such as DNA, RNA, pro-
tein and metabolites, which have originated from cells. We may
use purified cells or cell line cells, or directly use tissue samples
that include mixed cell types. Sample processing protocols can
affect cell composition and further affect data. Omics assays
include microarray, RNA-seq, BS-seq, ChIP-seq, whole-genome
sequencing, whole-exome sequencing and mass spectrum, etc.
The data analysis methods and tools also need to be defined in
a precision manner. For example, different omics data analysis
programs may be pre-trained with different genome annota-
tions. The usage of different reference genome versions and
genome annotations may then affect the data analysis results.

The major challenges in making the precision omics research
reproducible and robust are: (i) the lack of standardized rep-
resentation of various metadata, clinical and omics data, and
prior knowledge needed for effective data analysis. (ii) The lack
of computer interpretability of the data, metadata and knowl-
edge, and the relations among individual concepts. The lack of
standard representation and computer interpretability makes
it impossible to efficiently process, integrate, share and ana-
lyze heterogeneous and high volume big data in clinical and
basic biomedical research in a standard and reproducible way.
Reproducibility will then suffer.

An effective solution to the above challenges is the usage of
ontology. In the precision omics pipeline (Figure 2), we have also
proposed to use various ontologies to represent and integrate
various classes of entities. In the next section, we will introduce
the basic concepts of ontology and various specific biological and
biomedical ontologies.

Ontologies and their applications in precision omics

Corresponding to various omics technologies, many minimum
information standards, such as minimum information about
a microarray experiment [23] and minimum information

about a single amplified genome [24], have been developed as
guidelines for reporting omics data derived by relevant meth-
ods in biosciences. These minimum information standards
support unambiguous omics experiment data reporting and
interpretation. It has also been realized that the minimal
information standards need the support of ontology. For
example, the Ontology for Biomedical Investigations (OBI) [25, 26]
has been developed and used to standardize data and metadata
types in different biomedical domains, further supporting
reproducibility.

In the informatics field, a formal ontology is a human- and
computer-interpretable set of terms and relations that represent
entities in a specific domain and how they relate to each other.
As stated in the definition, ontology provides a standardization
and computer interpretability of the data, metadata and
knowledge. Ontologies are widely used in biomedical data
and metadata standardization, and robustly support data
integration, sharing, reproducibility, and computer-assisted data
analysis [27-30]. Currently, BioPortal [31] has stored over 400
ontologies and provided visualization and support for ontology
query and analysis. Ontobee [32] stored approximately 200
biomedical ontologies, the majority of which belong to the
high-quality Open Biomedical Ontology (OBO) library, which is
detailed in the next section.

To illustrate how ontology works, Figure 3 shows the ontolog-
ical structure for the drug Sirolimus (a.k.a., rapamycin) under the
context of the Chemical Entities of Biological Interest (ChEBI), a
commonly used ontology of chemical compounds [33]. ChEBI has
two main branches: the chemical entity branch in which chem-
ical entities are classified based on shared structural features,
and the role branch in which entities are classified based on their
roles in the biological or chemical activities or various applica-
tions. For example, from the chemical entity branch, Sirolimus
(ChEBI:9168) is a ‘macrolide,” which is a ‘polyketide.” From the
role branch, Sirolimus has role of ‘immunosuppressive agent,’
which is a ‘immunomodulator’ (Figure 3). Sirolimus is an mTOR
inhibitor that can inhibit the activity and expression of active
cytokines, such as IL-2, IL-6 and IL-10, thereby controlling the
cytokine storm. Sirolimus has been found to have the potential
of treating COVID-19 [34].
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biological or chemical systems or their use in applications.

Ontologies have played an important role in anti-SARS-
CoV-2 drug research. Our previous studies identified over 100

experimentally or clinically verified drugs against coronavirus
infections [35, 36]. Among these drugs, 99 have their corre-
sponding chemical entities recorded in the ChEBI ontology.
Using the semantical information recorded in ChEBI, we were
able to cluster these anti-coronavirus chemicals based on a
ChEBI semantic similarity analysis (Figure 4). The semantic
similarity can be used to evaluate the associations of drugs
and help in drug reclassification and repurposing. By clustered
99 coronavirus-related drugs based on the semantic similarity
matrix, seven clusters were identified (Figure 4). As ChEBI
annotates drugs from two aspects, namely chemical entities
and functional roles at a higher level rather than just chemical
structure, these similarity clusters may infer potential drug
design.

In addition to hierarchical classification of entities such as
chemicals and data analysis such as Gene Ontology (GO) enrich-
ment [37], ontologies have been widely used in many other areas
[27, 29]. Ontologies can be applied to support data exchange. For
example, BioPAX has been used to standardize how biological
pathway data are represented and exchanged [38]. The OBI [25,
26] has been used for integrative representations of data in vari-
ous areas of life science and clinical investigations. Ontologies
can also be used to support natural language processing and
metadata standard generation [30, 39, 40].

As shown in Figure 2, various ontologies are required to
represent and integrate various classes of entities in precision
omics. Table 1 provides more details about these commonly used
ontologies in precision omics. Given hundreds of biological and
biomedical ontologies being developed, can we just randomly
select a list of ontologies for our precision omics studies? The
answer is of course no. In the next section, we introduce ontology
interoperability and how it is important for precision omics
research.
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Figure 4. Anti-coronavirus drugs clustering based on ChEBI semantic similarity. The 99 anti-coronavirus drugs with ChEBI annotations were pairwise compared with
semantic similarity based on Lin’s method [85]. The heatmap color represents the similarity of drugs. The color on the upper side represents the cluster group. The

color scales are on the right upper side.

Effective precision omics requires ‘interoperable’
ontologies
To ensure standardized data representation and integration, all
ontologies that support data annotation and semantic reason-
ing are required to be integrated. The key to achieve ontology
integration is the interoperability among relevant ontologies.
Ontology interoperability (i.e. interconnection) is essential
for data sharing and integration. Interoperability is not just
about the packaging of terms (i.e. syntax), but the simultaneous
transmission of the meaning with the terms (i.e. semantics).
Interoperability is a requirement for data FAIRness. Ontology
is a special type of data and it guides data standardization.

Therefore, ontology also requires interoperability. Given the
foundational role of ontology in data exchange, ontology
interoperability is a requirement to enable machine-computable
logic, reasoning, and knowledge discovery. Hundreds of ontolo-
gies are developed as indicated by >800 biomedical ontologies
deposited in BioPortal [31]. While ontologies significantly
increase data standardization and reproducibility, a critical issue
appears, i.e. a large number of ontologies often overlap each
other but are not interoperable.

To foster ontology interoperability and reproducibility, the
OBO Foundry (http://obofoundry.org/) was initiated in 2007 by
many ontology developers who agree to adopt a set of principles
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Table 1. Commonly used interoperable ontologies and their usages in omics-related projects

Domain Ontology Omics-related applications
Taxonomy NCBITaxon [86] LINCS [55]
Anatomy UBERON [87] ENCODE [39], KPMP [16, 17], LINCS
In vivo cells, cell line cells CL [88] ENCODE, KPMP

CLO [89] ENCODE, LINCS
Molecular entities ChEBI [33] ENCODE

0GG [90] KPMP

PR [91] KPMP
Biological processes, cellular components and GO [37] GEO [92], KPMP, STRING [82]
molecular functions of gene products
Diseases and phenotypes DO [93] CGI [94]

MONDO [95] KPMP

HPO [42] KPMP
Adverse event OAE [96] KMMP
Vaccine VO [44] ImmPort [97]; KPMP
Experimental assays OBI [25, 26] ENCODE, KPMP

Abbreviations: CGI: Cancer Genome Interpreter; CL: Cell Ontology; CLO: Cell Line Ontology; ChEBI: Chemical Entities of Biological Interest; DO: Disease Ontology;
ENCODE: Encyclopedia of DNA Elements; GEO: Gene Expression Omnibus; GO: Gene Ontology; HPO: Human Phenotype Ontology; ImmPort: The Immunology Database
and Analysis Portal; KPMP: Kidney Precision Medicine Project; LINCS: The Library of Integrated Network-Based Cellular Signatures; MONDO: Mondo Disease Ontology;
NCBITaxon: NCBI Taxonomy Ontology; OAE: Ontology of Adverse Events; OBI: Ontology for Biomedical Investigations; OGG: Ontology of Genes and Genomes; PR: Protein

Ontology; UBERON: Uber Anatomy Ontology; VO: Vaccine Ontology.

(e.g. collaboration, openness) specifying best practices in ontol-
ogy development [41]. The OBO ontology library has included
approximately 200 ontologies (including GO). The Ontobee pro-
gram developed by He laboratory is the default ontology reposi-
tory and linked data server of OBO ontologies [32]. The ontologies
listed in Table 1 are all OBO ontologies.

The disease is commonly manifested at the phenotype level;
however, omics data (e.g. transcriptomics) are expressed at the
molecular level. Many gaps exist from the molecular level to
the phenotype level. To fill up the gaps, a precision omics study
involves various types of data (e.g. omics data, experimental
condition data and sample data) and prior knowledge. Prior
knowledge (e.g. protein-protein interactions) helps interpret
new omics data and interlink different types of omics data better.
To accurately describe the initial state and prognosis, human
subject genetics, physiological conditions, and phenotypes
deserve careful recording and classification. Additionally,
sample types, sample treatment and experimental conditions
are required to be standardized. All these can be standardized
using interoperable ontologies such as Human Phenotype
Ontology (HPO) [42], ChEBI [33], Drug Ontology (DrON) [43] and
Vaccine Ontology (VO) [44, 45] (Table 1). Interoperable ontologies
would provide solid support for integrating and interlinking the
omics data and related knowledge to disease outcomes. The
standardized data with the support of interoperable ontologies
would transform all the datasets to a novel scale, and the
resulting integrated data and knowledge can then be further
analyzed using ontology-supported Al technologies, leading to
new ways of evaluating the status of organisms.

To further support precision omics research, we propose a
Precision Omics Ontology Hypothesis (POOH), which states that
the ‘effectiveness’ of precision omics usage in precision phe-
notype explanation is positively correlated with the interoper-
ability of ontologies to be used for relevant data and knowledge
integration:

Effectiveness of PrecisionOmics o Interoperability of Ontologies

The effectiveness of precision omics research can be defined
by how effectively an omics study can discover the mechanism
of disease outcomes and further predict new disease treat-
ment/prevention at an individual or group level. The general
concept of the interoperability of ontologies has been explained
above. The POOH hypothesis can be explained by the nature
of precision omics. The goal of precision omics requires the
integration of complex heterogeneous data types, which then
requires the interoperability of different ontologies that system-
atically represent, standardize and share the omics big data in
an interoperable and reproducible way.

As a test case for POOH hypothesis evaluation, acute kidney
injury (AKI) occurs in COVID-19 patients with a varied occur-
rence range from 0-39% in infected patients (http://www.nephjc.
com/news/covidaki). Is that possible for us to apply precision
omics to identify which variable(s) contribute to the AKI vari-
ation in human patients? This study can be performed collab-
oratively from different laboratories in multiple groups. To be
effective in the precision omics study, we will need to clas-
sify all possible human subject variables, various experimental
conditions from different laboratories, and data processing and
analysis methods. To ensure the heterogeneous data able to be
analyzed together with the support of prior knowledge, we will
require to use interoperable ontologies for data integration and
prior knowledge incorporation.

Given the importance of ontology interoperability, how can
we efficiently develop interoperable ontologies? For this pur-
pose, the strategy of ‘eXtensible Ontology Development’ (XOD)
[46] has been proposed. These XOD principles propose ontology
term reuse (XOD1), ontology semantic alignment (XOD2), design
pattern-based new term generation (XOD3), and the involvement
of community effort for new ontology development (XOD4).
These principles promote standardized and interoperable data
and knowledge representation and integration. Many tools, such
as ROBOT [47] and the list of ‘Ontoanimal’ tools (e.g. Ontofox
[48], Ontorat [49], and Ontodog [50]), have also been developed
to support extensible ontology development.
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Interoperable ontologies for precision kidney and
COVID-19 studies

In addition to the general reference ontologies that are
applicable across different domains (Table 1), we also need
domain-specific ontologies that focus on specific domains. Our
specific precision omics research typically focuses on specific
domains under the overall umbrella of precision medicine. Here
the domain represents a specific research area. Ideally, each
domain would need an integrative ontology specifically for the
domain. Next, we provide some examples to demonstrate the
usage of domain-specific ontologies for precision omics analysis.

The Kidney Tissue Atlas Ontology (KTAO) is a domain ontol-
ogy specifically for the domain of kidney precision medicine
studies [17, 51]. Supported by the Kidney Precision Medicine
Project (KPMP, http://kpmp.org), KTAO aims to systematically
represent, standardize, and integrate kidney-related cell types,
cell states, locations, gene markers, kidney phenotypes and
diseases, and the semantic relations among these entities. KTAO
supports comprehensive KPMP studies, including precision
omics studies, with the aim to understand and treat AKI and
chronic kidney disease [51].

Another ontology supported by KPMP is the community-
based Ontology of Precision Medicine and Investigation (OPMI)
[17, 52]. OPMI provides a general framework and commonly
used terms in precision medicine. As an OBO reference ontology
for various specific domains across precision medicine, OPMI
can be applied to support data interoperability and knowledge
presentation in kidney or other precision medicine projects.

The community-based Coronavirus Infectious Disease Ontol-
ogy (CIDO) is a newly developed ontology for the domain of coro-
navirus infectious diseases, including COVID-19 and other coro-
navirus diseases such as SARS and MERS [53]. As an OBO library
ontology, CIDO provides standardized annotation and represen-
tation of coronavirus infectious diseases, including their etiol-
ogy, pathogenesis, transmission, epidemiology, diagnosis, pre-
vention and treatment. CIDO incorporates many terms from
existing ontologies. For example, CIDO imports COVID-19 vac-
cine terms defined in the Vaccine Ontology (VO) [44, 45]. A
recent study reports the usage of CIDO to systematically model,
represent and analyze over 100 experimentally or clinically veri-
fied drugs against coronavirus infections [35]. More than simple
tables or Excel sheets, the systematical ontology representa-
tion allowed advanced classification and linkage of these drugs,
chemical compounds, drug targets, biological processes, viruses
and the relations among these entities. Derived from this study, a
‘Host-coronavirus interaction (HCI) checkpoint cocktail’ strategy
was proposed to interrupt the important checkpoints in the
dynamic HCI network, and interoperable ontologies will greatly
support related data analysis and rational drug-design process
[35].

Not every domain has its own domain ontology. By incor-
porating terms from reference ontologies with the addition of
more specific terms and relationships, we can create application
ontologies appropriate for a single project or end-use. The XOD
principles and methods as described above can also be used to
develop new domain-specific application ontologies. The KTAO
and CIDO have been developed this way [17, 51, 53]. In general,
the process of their development should also be community-
driven and developed by following the OBO Foundry ontology
development principles. The process of its construction involves
the integration and interoperability of different ontologies.
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Interoperable ontology-supported precision COVID-19
omics research

Many omics data resources are using interoperable reference
ontologies for their standardized data integration and analy-
sis. Ontologies have been frequently used in popular omics
resources such as ArrayExpress [54], ENCODE [39], NIH Library
of Integrated Network-based Cellular Signatures (LINCS) [55]
and Kidney Precision Medicine Project (KPMP) [16]. For exam-
ple, ENCODE has used many reference ontologies including the
Cell Ontology (CL), Cell Line Ontology (CLO), OBI and UBERON
[39] (Table 1). KPMP uses KTAO, a domain ontology that has
already incorporated many reference ontologies (Table 1). The
introduction of interoperable ontologies supports data/metadata
standardization and integration, allowing advanced data sharing
and analyses.

Many omics tools have also been developed to use refer-
ence ontologies for enhanced performance [56]. For example,
the Investigation/Study/Assay (ISA) metadata tracking frame-
work (https://isa-tools.org/) is an open-source system developed
to help manage the increasingly diverse data set in life sci-
ence. The ISA-Tab file format describes experimental metadata
types based on the investigation, study and assay categories.
LinkedISA then provides ontology-based semantic representa-
tion of ISA-Tab experimental metadata [40]. Ometa is a data-
driven metadata tracking system that supports configuration,
capturing, curation and sharing of ontology-supported meta-
data types [57]. Onassis is an R package that uses ontology to
drive integrative omics data analysis [58]. Onassis uses ontol-
ogy terms to simplify the annotations of samples from large-
scale repositories. Onassis also structures the dataset by the
hierarchical organization of samples according to the semantic
similarity between their associated ontology terms, supporting
the efficient semantic analysis of omics data.

Omics data analysis tools have been developed to support
COVID-19 research. For example, Overmyer et al. [59] designed a
web-based tool that can interactively explore multi-omics data
sets, cross-omics correlation analysis and predict the severity
of COVID-19 through machine learning algorithms. Debmalya
Barh et al. [12] conducted an integrated analysis of multi-omics
data to study several drug candidates for this viral disease.
However, although multi-omics data and related web platforms
were developed to study COVID-19, ontology technology has
rarely been used.

Here, we illustrate the usage of a prototype web software
OmicsViz (http://medcode.link/omicsviz/ or http://hegroup.o
rg:8080/omicsviz/) for COVID-19 research. By introducing the
Cell Line Ontology, OmicsViz can analyze and visualize the
interference of drugs on gene expression of cell line cells that
are derived at specific tissues. Using the GO and KEGG pathway
enrichment analysis, OmicsViz can dynamically calculate and
retrieve enriched pathways of perturbed genes. OmicsViz also
stores related interactomics knowledge, specifically, drug-target
interactions and protein-protein interactions. The interlinkage
of the interactomics knowledge can expand the drug-target
network to imply additional related drugs. Next, we demonstrate
how OmicsViz could be applied to support possible COVID-19
drug studies.

By simple mouse clicks, OmicsViz allows users to perform
dynamic analysis of the LINCS 1000 data and visualization of
the effects of thousands of drugs on cell lines [60] (Figure 5). The
records of the drugs come from DrugBank [61] (Figure 5). LINCS
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L1000 profiled gene expression changes following pharmaco-
logic or genetic (knockdown or over-expression) perturbation of
cell lines. OmicsViz developed a pipeline to process the data,
perform statistical analysis and developed a user-friendly web
interface to demonstrate the results. If a user searched a tissue
such as ‘lung’ and a drug such as ‘Sirolimus,” and selected
‘up-regulated’ and the number of 50, OmicsViz would export a
heatmap of the first 50 genes with significantly up-regulated
gene expression profiles at the 6 and 24 h after Sirolimus treat-
ment (Figure 5A). Using the identified 50 genes as input, a
user could also query functional enriched GO terms (Figure 5B).
OmicsViz also provides a way for users to identify the target
proteins of the drug Sirolimus and the other drugs that share
the same target proteins with Sirolimus (Figure 5C).

The OmicsViz analysis is able to generate new scientific
insights. For example, the analysis showed in Figure 5 was per-
formed to evaluate the possibility of using Sirolimus for COVID-
19 treatment. Since lung is the primary tissue targeted by the
SARS-CoV-2, we examined how Sirolimus affected the gene pro-
files in lung-derived cell line cells. The top 50 genes affected by
Sirolimus were identified (Figure 5A) and their associated genes’
functional enrichment was detected (Figure 5B). The resulting
enriched processes, such as cellular response to stimulus, reg-
ulation of chemotaxis and autophagosome lumen appear to be
required for fighting against SARS-CoV-2. Our OmicsViz analysis
also found that Sirolimus has three target proteins, including
MTOR, FGF2 and FKBP1A (Figure 5C). Many expanded drugs,
such as Everolimus and heparin, were found to share the target
proteins with Sirolimus. As a derivative of Sirolimus, Everolimus
works similarly to Sirolimus as an mTOR (mammalian target of
rapamyecin) inhibitor. The finding of heparin in our interactome
network is aligned with the recent finding of the hypercoag-
ulable state of blood in COVID-19 patients [62]. Interestingly,
Hippensteel et al. [63] reviewed preclinical evidence and estab-
lished biological plausibility for heparin and synthetic heparin-
like drugs as therapies for COVID-19 through antiviral and anti-
inflammatory effects Sirolimus and heparin share the same
target of FGF2 (Fibroblast growth factor receptor 2), which plays
an important role in the regulation of cell survival, cell division,
angiogenesis, cell differentiation and cell migration [64].

A new tool called ‘SARS-CoV-2 network’ has been added to
OmicsViz (Figure 6). This tool provides the network of SARS-
CoV-2 and its host protein-protein interactions (PPIs) based on
the results of 481 interactions (Figure 6A) as obtained from a
systematic study reported in Nature [65]. Furthermore, the virus—
host PPIs can be significantly extended by adding 229 drug-
target interactions obtained from DrugBank (Figure 6B). The tool
can be applied to identify potential anti-coronaviral drugs. The
SARS-CoV-2 Nsp5 protease (a.k.a. 3CLpro) is essential for virus
replication [66], and it is also predicted to be an adhesin [67].
Our network shows that Nsp5 interacts with three host proteins
(i.e. TRMT1, HDRAC2 and GPX1) (Figure 6B), each of which may
be targeted by many drugs. For example, the drug cannabid-
iol targets glutathione peroxidase 1 (GPX1), a cytosolic sele-
noenzyme that has known antiviral properties [68]. Cannabidiol
is found to induce interferon expression and up-regulate its
antiviral signaling pathway [69]. Another drug romidepsin, a
histone deacetylase (HDAC) inhibitor, can inhibit the activity of
HDAC2. Meanwhile, romidepsin can also interrupt ABCC1 (ATP
Binding Cassette Subfamily C Member 1), which interacts with
viral protein Orf9c [65] (Figure 6C). Liu et al.[70] demonstrated
that romidepsin can effectively block the entry of SARS-CoV-
2. Our network also shows many drugs can interact with mul-
tiple human proteins targeted by viral proteins. For example,

fostamatinib, a tyrosine kinase inhibitor, targets 10 human pro-
teins that interact with 6 viral proteins (i.e. M, Orf9b, N, Nsp9,
Nsp12 and Nsp13). Fostamatinib inhibits MUC1 in the respiratory
tract and has the potential to treat serious outcomes of COVID-
19, including acute respiratory distress syndrome and acute
lung injury [71]. Fostamatinib is currently under clinical trial for
COVID-19 treatment (Clinicaltrials.gov ID: NCT04579393). In the
future, we plan to add more annotations provided by ontolo-
gies, such as drug functional components and mechanisms of
actions in ontologies including the ChEBI [33] and National Drug
File-Reference Terminology (NDF-RT) [72], which would further
enhance the data integration and mining capability of OmicsViz,
facilitating more efficient drug repurposing.

The usage of interoperable ontologies can potentially provide
more support in the future development of OmicsViz. Through
cell classification by the Cell Line Ontology (CLO) and drug
classification by DrON or ChEBI ontologies, we may discover cell
responses to drugs from various perspectives. With ontology-
standardized interactomics to interlinking omics knowledge, we
can further extend our discoveries. The cell line gene expression
profiles may correlate with clinical patient gene expression pro-
files. By studying the responses of different cell lines to different
drugs and mapped patient and cell line gene expression profiles,
Duan et al. [73] were able to identify specific drugs that effec-
tively treated both cell lines and patients with similar profiles.
OmicsViz can now group cells based on their primary sites and
analyze their response to drugs. However, the classification of
cells can also be performed by cell morphological types such
as epithelial cells and fibroblasts. Similarly, drugs can also be
grouped based on their biological functions, chemical structures
and functional groups. The introduction of known PPI can also
expand the drug-target network provided in our Sirolimus net-
work (Figure 5) and the specific SARS-CoV-2 network (Figure 6).
All these additional cell, drug and PPI classifications can be
defined using interoperable ontologies and incorporated into the
future OmicsViz development, which will lead to the identifica-
tion of more findings and hypotheses of biological relevance.

Challenges and opportunities

The contributions of this paper are multi-fold. First, after review-
ing the omics technologies and precision medicine, we propose
and define the strategy of ‘precision omics.” Second, after intro-
ducing ontology and ontology interoperability, we propose the
POOH hypothesis, stating that there is a positive relationship
between the effectiveness of precision omics and the interoper-
ability of ontologies. Third, two interoperable ontologies, KTAO
and CIDO, were further introduced to illustrate how interop-
erable ontologies can be developed to support precision omics
studies for kidney and COVID-19. Fourth, we demonstrate and
discuss the usage of the OmicsViz tool for precision COVID-19
omics research, in which interoperable ontologies are being used
to efficiently integrate knowledge from external resources for
enhanced analysis and visualization.

Precision medicine research is easy to say but difficult to
do. As defined by precision medicine, we need to examine the
relations especially causal relations, between different variables
of individuals and the medical diagnosis/treatment/prevention
at the individual level. To achieve this goal, omics studies need to
identify how different variables, such as human sex, age, genetic
conditions, behaviors, external stresses or infections, could pos-
sibly change the patterns of DNA mutation, RNA/protein expres-
sion, and metabolite production and function, and then affect
the clinical outcomes. The sample preparation, experimental
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assay and data analysis settings may also change the results To fill up the gap defined above, we propose the strategy of
of omics studies. Due to these difficulties, a huge gap exists ‘Precision Omics.” The essence of this strategy to explore and
between the omics studies and the omics result interpreta- include all possible variables that would affect the precision
tion for explaining clinical phenotypes and disease outcomes. medicine outcomes, standardize them using interoperable
Unfortunately, current omics research practices cannot meet the ontologies, and apply ontology-based data processing and
demand. analysis methods to study the relations between different
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variables and disease outcomes, leading to effective and efficient
individual level disease diagnosis, treatment and prevention.

Interoperability between ontologies remains a critical bot-
tleneck. Even though the OBO Foundry is initiated to promote
ontology interoperability, and the ontologies in the OBO library
are developed to support interoperability, true interoperability
among ontologies has not been achieved for most ontologies [74].
We have previously developed an OLOBO program with the goal
of interlinking different OBO ontologies, and found that more
work is required to make OBO ontologies fully interoperable [75].
Since non-OBO ontologies commonly do not follow the OBO
principles that support interoperability, more interoperability
issues are expected.

The POOH hypothesis is raised to emphasize the importance
of ontology interoperability. It states that there is a positive cor-
relation between the ‘effectiveness’ of precision omics usage in
precision phenotype explanation and interoperability of ontolo-
gies to be used for relevant data and knowledge integration. Both
the effectiveness of precision omics usage and interoperability of
ontologies are quantifiable using mathematical formulae, which
deserve further exploration in the future.

Although hundreds of ontologies are reported in BioPortal
and approximately 200 reported in the OBO library and Ontobee,
the number of interoperable ontologies needed for precision
medicine studies is still insufficient. As argued in this article,
each domain of research deserves its own community-based
domain ontology. Such domain ontologies can be classified as
application ontologies that are largely developed by collaborat-
ing and reusing terms from reference ontologies. An existing
challenge is the lack of domain-specific ontologies for many
research domains. However, the shortage of domain ontologies
also provides an opportunity for researchers in various domains
of research.

To support precision omics analysis, it is important to
develop and apply interoperable interactome knowledge.

Many interactome knowledge resources are available. For
example, the Online Mendelian Inheritance in Man (OMIM)
provides a continuously updated catalog of human genes
and genetic disorders and traits, with a special focus on
the gene-phenotype relationships [76]. Examples of well-
known interaction and pathway resources include REACTOME
[77, 78], KEGG [79], BioGRID [80], Human Reference Interac-
tome (HuRI) atlas [81] and STRING [82]. Unfortunately, these
interaction resources are not interoperable. This interactome
knowledge from various resources has not been integrated
into a well-defined interoperable ontology framework. A
solution to this challenge is the development of an ontology-
based platform for the ontologization of various interaction
knowledge. For example, the Interaction Network Ontology
(INO) [83, 84] is an OBO library ontology aimed to ontologically
classify biological interactions and the networks among the
interactions.

The development and usage of interoperable ontologies pro-
vide new perspectives and angles to advance existing omics
tools (e.g. OmicsViz) for more advanced omics data analysis. In
practice, current omics tools still have a lot of potentials to be
improved by incorporating interoperable ontologies for data and
knowledge integration and semantic reasoning and analysis.
Ontology is a critical basis for knowledge representation and
reasoning (KR&R), a key component of Al. We expect that new
algorithms and tools based on advanced interoperable ontolo-
gies are being developed, lifting the power of ontology-supported
Al machine learning technologies.

To fight against COVID-19 pandemic, extensive research
including omics research has been conducted, leading to the
accumulation of large amounts of omics data and knowledge.
Many COVID-19 related databases, such as the BioGRID COVID-
19 specific interaction knowledge (https://thebiogrid.org/proje
ct/3) and COVID-19 vaccine knowledgebase (http://www.violi
net.org/covi9vaxkb), have also been generated. However, we
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argue that what we have achieved and done is not sufficient.
All the omics data and knowledge are not interoperable, and
their semantic relations are not established and understood
by computers. The community-based Coronavirus Infectious
Disease Ontology (CIDO) is now developed to support COVID-
19 related data and knowledge representation and integration
[53]. By incorporating and integrating with other ontologies, we
have demonstrated how CIDO can be used to effectively model,
standardize and integrate experimentally or clinically verified
drugs against coronavirus infections [35]. Moreover, we need new
ontology-based theories and frameworks for a paradigm change.
Derived from the CIDO-based drug study, we proposed a ‘Host-
coronavirus interaction (HCI) checkpoint cocktail’ strategy that
targets to interrupt the important checkpoints in the dynamic
HCI network to develop new drug cocktails against COVID-19
[35]. To achieve this goal, precision omics technologies may
be employed, and all the resulting data and knowledge can
be integrated with interoperable ontologies. Ontology-based
novel Al and machine learning methods can also be developed
and applied. We believe that interoperable ontology-supported
precision omics will not only enhance our understanding of
COVID-19 and offer clues to rational treatment/prevention, but
will also help us fight other diseases.

Conclusion

Different from inbred mouse studies with well-controlled
variables, precision medicine focuses on examining various
variables in individuals for precision treatment and prevention
of diseases. To more efficiently apply omics for precision
medicine study, we propose the strategy of ‘precision omics’ with
a goal to measure and standardize various human conditions,
sample variables, experimental assay settings, and data analysis
methods wusing community-based computer-interpretable
ontologies. Ontology interoperability is key to seamlessly
interlink different entities and analyze their semantic relations.
We further propose the POOH, proposed to define the positive
correlation between the effectiveness of precision omics usage
in precision phenotype explanation and interoperability of
ontologies to be used for data and knowledge integration.
Different ontology-based omics data resources and tools (e.g.
OmicsViz) are being developed to support precision omics
studies. COVID-19 research is used as a model example to
illustrate how precision omics can be performed with the
support of interoperable ontologies.

Key Points

® Precision omics, a new concept proposed to use in
the paper, aims to use omics for precision medicine
research.

® Precision omics requires interoperable ontologies to
standardize and integrate heterogeneous data and
knowledge.

® POOH hypothesis proposes the positive correlation
between the effectivity of precision omics research
and interoperability of ontologies.

® Omics tools, such as OmicsViz, can be used to support
COVID-19 research and enhanced with interoperable
ontologies.
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