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Abstract
Objectives: Demonstrate a methodology for improving discoverability of rare disease datasets by enriching source data with biological
associations.

Materials and Methods: \We developed an extension of the Biolink semantic model to incorporate patient data and generated a knowledge
graph (KG) comprising patient data and associations between biological entities in an existing KG, leveraging existing mappings and mapping
standards.

Results: The enriched model of patient data can support a search application that is aware of biological associations and provides a semantic
search interface to discover and summarize patient datasets within the broader biological context.

Discussion and Conclusion: Our methodology enriches datasets with a wealth of additional biological knowledge, improving discoverability.
Using condition concepts, we illustrate techniques that could be applied to other entities within source data such as measurements and obser-
vations. This work provides a foundational framework for how source data can be modeled to improve accuracy of upstream language models
for natural language querying.

Lay Summary

Healthcare datasets can be used for many different purposes in the pursuit of identifying treatments for rare diseases, but critically, the data
must be found first. However, predicting user search patterns can be difficult. For example, they may be looking for gene mutation-specific or
phenotype-specific or clinical trial-specific data. It is a challenge to ensure that all these potential connections are accounted for when represent-
ing a dataset within a data catalog. In this work, we demonstrate a method for connecting rare disease datasets with a public knowledge graph
(KG) that includes a massive curated collection of relationships among biological concepts such as diseases, human anatomy, and genes. We
describe a method for translating source data into a format that reuses a common data model and is compatible with the KG, and making data-
sets searchable via the expanded list of concepts that the KG helps account for.
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Rare Disease Cures Accelerator-Data and Analytics Platform
(RDCA-DAP).*

RDCA-DAP comprises a data catalog to promote discover-
ability and accessibility and analysis workspaces. There are
currently 63 rare disease datasets available through the
RDCA-DAP including patient registries, natural history stud-
ies, and clinical trials. Patient data on the RDCA-DAP is ano-
nymized. C-Path utilizes a responsive curation approach
where curation is prioritized based on data access requests

Background and significance

There are approximately 10 000 known rare diseases that
affect about 10% of the population." Rare diseases are
underserved in terms of drug development and drug targets,
with only about 10% having an FDA-approved drug indi-
cated to treat the disorder. Rare disease data are often siloed,
heterogeneous, and not interoperable, making it difficult to
harmonize and compare data across different patient groups.
Using standardized terminologies, such as ontologies, to

structure and aggregate the data makes them more interoper-
able, compatible with external resources and knowledge, and
supports complex querying to identify data for a given use
case. This paper describes a collaboration between the Crit-
ical Path Institute (C-Path) and the Monarch Initiative?
aimed at making rare disease data more FAIR® (Findable,
Accessible, Interoperable, and Reproducible) as part of the

and requests for specific curation benchmarks such as trans-
formation into a common data model (CDM).

The Monarch Initiative provides the Monarch Knowledge
Graph (KG), an aggregated graph representation of biologi-
cal associations between entities such as diseases, phenotypes,
and genes, from numerous data sources.” These associations
are harmonized using the Biolink model,® a high-level schema
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for life science that is intentionally extensible, and terms from
Open Biological and Biomedical Ontologies (OBO)” as stand-
ard representations of concepts. The associations and meta-
data contained in the Monarch KG are available through a
RESTful API® that supports interfaces such as entity and
association browsers, phenotypic profile tooling, and natural
language search interfaces’ supported by large language mod-
els (LLMs).

The Observational Medical Outcomes Partnership
(OMOP) CDM'%'? uses concepts from a defined set of
vocabularies, such as the Systematized Nomenclature of
Medicine-Clinical Terminology (SNOMED CT)."* The
OMOP20BO" project produced a set of mappings between
concepts in OMOP CDM vocabularies and terms from OBO
ontologies, with the majority of the mappings using the
Human Phenotype Ontology (HPO)' and the Mondo Dis-
ease Ontology (Mondo)'® as the target ontologies. These
mappings were created through a variety of methods such as
manual curation and automated string matching, and meta-
data related to the matching approach is included. These
mappings include both strict exact semantic matches (eg, a
disease term in SNOMED to the equivalent disease term in
Mondo) as well as less direct relationships, such as between a
laboratory test (measurement concept in the OMOP CDM)
and the phenotype it is primarily assessing (eg, blood pressure
measurement and hypotension).

We describe a pipeline for representing a subset of the
available information in RDCA-DAP datasets mapped to the
OMOP CDM using an extension of the Biolink model to sup-
port interoperability with the Monarch KG and Monarch
APIL The purpose of this interoperability is to support tooling
for data discovery across CDMs on RDCA-DAP. We demon-
strate how this pipeline is used to provide indexed search
terms for comprehensive dataset discoverability, and support
an interface built on top of the Monarch API and demon-
strate semantic search over the datasets requestable on the
platform, both at the dataset-metadata level (eg, the diseases
that a given dataset is focused on), and at the patient data-
level (eg, the phenotypes that a particular patient exhibited
and diagnoses that they received).

Materials and methods
Biolink extension

The LinkML modeling language!” was used to develop an
extension of the Biolink schema to incorporate additional
associations from patients to phenotypes and diseases, as well
as additional dataset-level metadata relevant for the rare dis-
ease datasets contributed to and published by C-Path (eg,
study type, CDM, disease area, etc.).

OMOP20B0O SSSOM mappings

A Simple Standard for Sharing Ontology Mappings
(SSSOM)"'®-compliant mapping file was generated from the
OMOP20BO Condition Occurrence Mappings.!” This
translation included only unambiguous mappings where the
mapping metadata could be represented using the SSSOM
model and the Semantic Mapping Vocabulary®® to describe
the mapping evidence. Distinct combinations of mapping cat-
egory, mapping evidence, and ontology logic in the OMO-
P20OBO mapping set were converted to SSSOM metadata
elements (Table S1), to translate the semantics of the original
mapping into the SSSOM metadata model where applicable.
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Simple Knowledge Organization System (SKOS)*! predicates
used were selected to be minimally assertive (eg, exact string
matches were assumed to be “close matches,” and all others
were specified as “related.” The Mapping Commons®? infra-
structure was used to create a repository to maintain these
mappings and the translation to SSSOM logic from the
source spreadsheets.

Data ingestion and transformation

A pipeline was developed to ingest 5 datasets adhering to the
OMOP CDM and transform a subset of the data (the PER-
SON and CONDITION_OCCURRENCE tables) into the
Biolink extension model. Conditions using SNOMED con-
cepts were mapped directly to phenotype terms from HPO
and/or disease terms from Mondo using the SSSOM OMO-
P20OBO mapping set (Figure 1). The outputs of this ingestion
pipeline are associations between the patients and diseases or
phenotypes that are defined by the Biolink extension and
compatible with the Monarch KG to support patient-level
queries that additionally utilize the Monarch KG or Monarch
API and infrastructure (Figure 2).

Patient and dataset profiles

Using the combination of the Monarch KG and the Biolink
schema extension described here, patient-level profiles were
derived as the set of ontology terms associated with a patient.
These profiles include (1) the phenotypes directly associated
with a person, (2) the diseases directly associated with a per-
son, (3) any phenotypes associated with those diseases or any
more specific subclasses of those diseases, (4) the anatomical
entities or systems related to those phenotypes or diseases,
and (5) the causal or associated genes related to those pheno-
types or diseases. Dataset-level profiles were also generated
that include (1) the disease area(s) of the dataset, (2) any phe-
notypes associated with those diseases or any more specific
subclasses of those diseases, (3) the anatomical entities or sys-
tems related to those diseases, and (4) the causal or associated
genes related to those diseases (Figure 2).

Results
Combined KG

A joint KG using the RDF format was constructed to com-
bine rare disease dataset metadata, the patient-level associa-
tions derived from OMOP CDM datasets and SSSOM
mappings into the OBO ontologies, and associations from
the existing Monarch KG (Figure 1). The SSSOM mapping
sets were included in the KG, as metadata on the patient-level
associations that can be used to subset these associations, eg,
to identify all associations from patients to phenotypes where
the HPO term was mapped from a SNOMED concept with
predicate “close match” or “exact match” only. The com-
bined KG enables queries spanning information present in
both the patient data and the biological associations present
in the Monarch KG, eg, finding patients with phenotypes
related to a particular gene, or related to any genes involved
in a particular biochemical pathway. This graph could addi-
tionally serve as a platform for identifying distinct phenotypic
clusters, especially as data sources with more diverse sets of
phenotypic observations such as electronic health records are
incorporated.”?
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Figure 1. (A) Source data in the OMOP CDM is transformed into an extension of the Biolink model using OMOP20BO mappings translated into a
SSSOM-compliant format. The KG combines the mapped and translated patient-level data with biological association data present in the Monarch KG.
(B) A semantic search application matches free-text queries to entities in the Monarch knowledge graph (genes, phenotypes, etc.). The Monarch APl is
used to resolve text searches to ontology terms, and to calculate semantic similarity between ontology terms. (C) Matching datasets as well as relevant
patient counts are returned, for both the queried terms and other associated entities.
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Figure 2. (A) The extension of the Biolink schema models datasets with patients related to phenotypes and diseases, which are additionally connected to
other phenotypes, anatomical entities, and genes via associations from the Monarch KG. (B) Associations from patients to phenotypes and diseases are
annotated with an extension of the Biolink Association class that includes a reference to the original source record and the SSSOM-compliant mapping
used to transform the source object (a SNOMED concept) into a node in the Monarch KG (an HPO or Mondo term).

Semantic search application search supports queries that are diseases, phenotypes, ana-
In addition to the KG itself, a dashboard was developed to  tomical entities, or genes (Figure 3A). The query can be
provide a semantic search interface for querying rare disease names, labels, identifiers, or a combination, eg, “respiratory

dataset metadata and obtaining aggregated patient counts system, IGHMBP2, 5542.” The query can also specify the
based on associations with biological entities. The free-text  category of each element in the comma-separated list, eg,
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Table 1. Entities present in the knowledge graph.

Entity Terminology Biolink category/categories Distinct entity count
Dataset Not applicable Dataset 43
Dataset version Not applicable DatasetVersion 53
Patient Not applicable Case 1703
Disease Mondo disease ontology (Mondo) Disease 201
Phenotype Human phenotype ontology (HPO) PhenotypicFeature, PhenotypicQuality 3685
Anatomical entity Uberon anatomy ontology (UBERON) AnatomicalEntity, GrossAnatomicalStructure 56
Gene HUGO gene nomenclature committee (HGNC) Gene 4141

“anatomy: respiratory system, gene: IGHMBP2.” The Mon-
arch API was used to resolve queries to the best matching
ontology term in the case of diseases, phenotypes, and ana-
tomical entities, or identifier in the case of genes (Figure 3B).
Datasets are returned where that dataset’s disease-area is
identical or semantically similar to a queried disease, or
where the disease-area is associated with other biological
entities that are semantically similar to the queried terms
(Figure 3C). Similarly, datasets are also returned if the condi-
tions of patients within that dataset are related or semanti-
cally similar to the queried terms, and, in this case, the
patient counts for that specific condition within a given data-
sets are also returned (Figure 3D). In all cases, semantic simi-
larity was calculated using the Jaccard similarity metric.

Datasets

The semantic search application is being developed as a con-
tainerized application, with plans to integrate this functional-
ity more closely into the RDCA-DAP platform. The dataset-
level metadata for each RDCA-DAP dataset was ingested
into the KG, enabling discoverability through dataset-level
disease area annotations. Five datasets focused on
Friedreich’s Ataxia, desmoid tumors, and rare epilepsies,
respectively, have been mapped into the OMOP CDM and
are compatible with the described pipeline and semantic
search application. They comprise more than 1500 patients
(Table 1).

Discussion

Representing patient conditions using nodes in the Monarch
KG (OBO ontology terms) allows researchers to discover
datasets with patient data based on connections from wider
biological knowledge between those phenotypes and diseases
and other biological entities. Integration with a resource like
the Monarch KG has the additional advantage that the
inferred connections will be automatically expanded and
refined. When additional connections are added to the Mon-
arch KG, including to more diverse entity types such as medi-
cal interventions, that information will be propagated into
downstream discoverability tools such as the RDCA-DAP if
they are leveraging these connections.

The approach described here was limited to a subset of the
OMOP CDM (patient conditions), because that data incor-
porates phenotypes and diseases, which are foundational ele-
ments of the Monarch KG. However, disease mentions are
also present in the OBSERVATION table (where “history
of” records are represented), and phenotypes may be indi-
rectly represented in the MEASUREMENT table (eg, a spe-
cific blood pressure value indicating the phenotype of
hypertension). The inclusion of these additional concepts into
the semantic model is possible through projects such as

LOINC2HPO,** but would require additional specificity
within the model, as the presence of a measurement alone
does not imply a given phenotype. In addition, there are
OBO ontologies such as OBI** and MAXO?® that capture
the measurement concepts themselves, and existing associa-
tions®>” to Mondo could be leveraged for interoperability
with these ontologies.

Conclusion

Discoverability is a critical component in ensuring that rare
disease datasets adhere to the FAIR data principles, with the
aim of ensuring that researchers, patients, and other stake-
holders can find all relevant data for their particular use case
or question. Integrating patient data with an in-depth aggre-
gation of biological knowledge like the Monarch KG ensures
that the patient-level data contained within a dataset is
searchable not only by the concepts directly contained within
the data, but also by the context where each of those concepts
exist within the framework of broader medical and biological
knowledge. The method and search application described in
this work demonstrate how CDMs such as the OMOP CDM
and standardized semantic models such as SSSOM can be
used to connect patient data to the Monarch KG in a richly
semantic way that can be used to support enriched semantic
search interfaces, paving the way for this increased discover-
ability on platforms such as the RDCA-DAP.
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