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Abstract

A large overhead in the analytics process is the time required
to find relevant data. We present an ontology-driven data dis-
covery application, implemented over IBM’s Cognitive En-
terprise Data Platform (CEDP). CEDP contains a large col-
lection of heterogeneous data assets from enterprise-wide
data sources. The application accelerates the time required
for data consumers to search and find data relevant for their
analytics applications.

Introduction

Enterprise Data Lakes are becoming ubiquitous, as more or-
ganizations are opting for digitization and realize the role of
data and analytics in making effective business decisions.
The value delivered by such data lakes and warehouses is
directly related to the ease with which data scientists and
analysts can find and reuse the relevant data for their appli-
cations (Griffiths, 2009). Data repositories may be growing,
but many data sets remain unused despite researchers’ desire
to reuse data (Curty, et al., 2017; Pronk, 2019; Yoon, 2016).
User-friendly tools that reduce the time to search and ex-
plore data and accelerate reuse are essential to address this
problem (Tenopir, et al., 2015). In this submission, we de-
scribe our implementation of an ontology-driven tool for
data discovery over a large enterprise data lake.

Related Work

Enterprise Data Lakes are collections of data from disparate
data sources and warehouses. Data lakes, unlike data ware-
houses, store data in heterogeneous formats from original
sources and do not have a shared database schema. They of-
ten rely on external catalog applications that maintain re-
quired metadata required for organizing and governing the
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data in this data lake. These catalogs are mostly suited for
data steward and data engineer personas, rather than an end
consumer of data like a data scientist or analyst. Thus, find-
ing data effectively within a data lake remains a major chal-
lenge. The end-user may not have knowledge of the specific
data fields and schema, and, thus, needs the ability to search
for data in natural language terms rather using database spe-
cifics. This requires a robust metadata conceptual layer that
can span across the entire data lake.

Ontologies provide a powerful framework for represent-
ing this conceptual metadata layer as they provide the nec-
essary flexibility to define relationships between concepts
across the heterogeneous data sources. The search backend
can then leverage these relationships that embody the back-
ground knowledge built into the ontology (Ramkumar &
Poorna, 2014).

Use Case

We have implemented a data discovery application with an
intuitive UI that allows users to explore and search data on
IBM’s internal enterprise data lake, called the IBM Cogni-
tive Enterprise Data Platform (CEDP). CEDP provides a
single place to store and find data within IBM with the goal
of breaking down data silos to enable company-wide data
reuse. According to Feilmayr and WoB, “the ideal candidate
for ontological development is a highly shared, large, and
re-usable system,” and this description certainly fits the
IBM CEDP (Feilmayr & WoB, 2016). As of Sept 2020, the
data lake consists of data from over 300 sources, translating
to about 25k data assets (tables) and 150k+ data fields (col-
umns) for relational data alone.

The metadata for these assets is cataloged using IBM In-
fosphere Governance Catalog (IGC) product (see Figure 1).
The catalog also consists of a business glossary with about
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Figure 1. System components and data flow for CEDP Data
Discovery

6000 business terms, maintained by data stewards. We
linked these business terms together into a unified CEDP
ontology. The data fields and assets are annotated with these
business terms, thus providing the required conceptual
metadata layer. Our Data Discovery application extracts and
transforms this metadata layer from the catalog and creates
an ontological representation in RDF. This is stored in a tri-
ple store (JenaDB) that the UI application interacts with.

Implementation

Figure 1 shows the overall system components and flow.
The application uses JenaDB as the central triple store re-
pository. The Jena updater service listens to the Kafka event
stream from the IBM Infosphere Governance Catalog in-
stance (IGC) to detect any changes to the glossary assets
(business terms, domains, categories, etc.), the data assets
(tables, columns, files, etc.) and relations between them. It
triggers the extractor service that pulls data from the catalog,
transforms it into an RDF representation and updates Je-
naDB. Users, once authenticated, can browse or search for
data. The user queries are sent to the search service, where
they are parsed and mapped to business terms in the CEDP
ontology. The search service then executes a SPARQL
query against JenaDB (and a linked Lucene index). The
query returns potential data assets that match the ontology
business terms that resulted from the user search. These are
ranked using the ranking service before being sent back to
the UL

The Data Discovery tool is built with a microservice ar-
chitecture. The microservice architecture allows distribution
of the functional components into independent but orches-
trated services. These services are deployed in a Kubernetes
environment, and capacity for specific services can be
scaled up or down as per scalability requirements. The ar-
chitecture allows different services to be written in different
languages. Another benefit of this architecture is increased
resilience, as individual service failure does not impact the
remaining application and can be restarted automatically.
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These are key features implemented in the current ver-
sion:

Translating natural language search tokens to busi-
ness terms for search: We leverage the built-in Lucene in-
dexing capabilities in JenaDB to index business term names
and descriptions. The user can enter multiple search tokens
in natural language. These are queried against the Lucene
index to match to terms in the business ontology glossary.

Automatic query expansion using ontological rela-
tions: The search leverages the ontological relations be-
tween business terms (such as “synonym of”, “is a”, etc.)
and OWL reasoner in JenaDB to automatically expand the
query results. For example, query for ‘email address’ auto-
matically returns results for all its descendants, such as ‘pri-
mary email address’, ‘organization email’, etc.

Result ranking using graph network centrality fea-
tures: The ranking algorithm leverages the network topol-
ogy of the graph ontology, considering both query relevance
and global centrality of objects to rank search results. The
query relevance component is based on the passed search
concepts and concepts directly related to the search con-
cepts, such as synonyms of the search concept. This portion
of the ranking method prioritizes the search concepts and the
concepts closest to the search concepts, particularly syno-
nyms. The second component calculates the network cen-
trality score of all data assets in ontology.

Work Area feature for users to save relevant data as-
sets of interest: The work area feature allows the users to
save relevant datasets of interest. The work area is persisted
across user sessions allowing users to return to their work.

Conclusion

Based on activity and feedback collected through user sur-
veys and NPS, the Data Discovery tool has provided signif-
icant benefits to the user community. We are also continuing
to work on additional features, such as integration with the
data access tool, fully natural language query interface, and
integration with data quality tools. We are also extending
the capability of the tool over a federation of catalogs.

The overall framework for the ontology-driven Data Dis-
covery tool described here could be implemented over any
archive that supports use of ontologies. It is our hope that
the Data Discovery tool can be adopted in repositories in
other organizations and domains to make the process of
finding data for new research insights and innovations that
much easier.
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