@ ONTOFORCE

Linking data to
unlock insights:
the building blocks of
semantic technology

AN INTRODUCTION
TO SEMANTIC
TECHNOLOGY FOR
THE LIFE SCIENCES
INDUSTRY

/Y
= ontoforce.com

¥ hello@ontoforce.com




Table of contents

Introduction 3
The origins of semantic technology 4
The fundamentals of semantic technology 6
Ontologies 8
Knowledge graphs
Natural Language Processing 11

Large Language Models

Principles and guidelines for adopting and rolling out
semantic technologies

About ONTOFORCE




:= [ntroduction

Semantics refers to the branch of linguistics In the life sciences industry, semantic technology
and logic concerned with meaning. It focuses on plays a pivotal role in managing and interpreting
the interpretation of words, phrases, signs, and the vast amounts of complex and heterogeneous
symbols within language, and how these elements data generated by drug development activities.
convey messages, ideas, and concepts in different Semantic technology provides a framework
contexts. Semantics is crucial for understanding for integrating, sharing, and analyzing data
human language. Semantic technology is grounded across various biological, chemical, and

within the field of semantics and refers to a range medical domains. This enables researchers

of tools, standards, and methodologies designed to and healthcare professionals to uncover

enable machines to understand and interpret the hidden relationships and patterns within data,
meaning or context of information on the web or facilitating advancements in drug discovery,
within data sets, much like humans do. personalized medicine, and patient care.

In this eBook, we'll have a look back at the origins of semantic technology, explore
the relevant modern applications of semantic technology for the life sciences
industry, and dive into essential insights for organizations looking to embark on
their journey with adopting and rolling out the technology.
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The origins of semantic technology

The history of semantic technology starts a few hundred years ago, although it wasn’t really technology

at that point. Around the mid 1500s, cities in Europe were becoming larger and larger. London provides

an insightful example. The city grew from approximately 50,000 to 500,000 people in the span of just
afew decades. This jump in population caused considerable problems for government officials as they
tried to figure out how to appropriately accommodate this growth. They were concerned with housing
people, treating sick people, burying people, and so on. These concerns and planning challenges brought an
increased interest in medical statistics, particularly, an interest in what people were dying of.

To investigate this further, the government in London employed lay people to attend the funerals that were
taking place around the city and the city limits to ask questions to the relatives of the deceased about the
cause of death. The descriptions of the various causes of death captured were vivid but weren’t necessarily
useful from a scientific perspective, such as “found dead in fields” and “teeth in worms.” This recording and
publishing of the numbers of deaths broken down by cause and age in London and throughout other major
cities support early public health and city planning efforts, and represent an early foundation to medical
statistics, later paving the way for semantic technology.
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The origins of ICD

Throughout the 19th century, various efforts were made to start up organizations to make an
international list of diseases that could be applied across several different countries. However, challenges
arose due to war and strife in this period throughout Europe. Thus, it took around 40 years for Farr’s

list to finally become ratified by the International Statistics Institute thanks to the efforts of the chief
statistician, Jacques Bertillon. Farr’s list became the basis of the International Classification of Diseases
(ICD), whichis still around today and is in its 10th revision.

The rise of computing and data

The first half of the 20th century saw an unprecedented growth in technology, industry, and science. New
international institutions arose, including the World Health Organization, which took over management
of the ICD, and the United Nations. These institutions collected disease records on a much greater scale
than ever seen before, creating an unprecedented amount of data. Alongside this, the dawn of computing
arrived, together with early efforts in artificial intelligence, causing a resurgence of interest into how
these disease records could be implemented using structured language that would allow computers and
algorithms to perform basic reasoning on them.

Dendral - the first application of a knowledge base in biology

Dendral was a groundbreaking project in the field of artificial intelligence (Al) and is considered one of the
earliest expert systems. Developed in the 1960s at Stanford University, Dendral was designed to analyze
chemical mass spectrometry data to deduce the possible molecular structures of organic compounds.
This pioneering system combined rules-based reasoning with a database of known chemical structures

to make predictions, and effectively laid the groundwork for computational biology and the application

of Al in scientific research. Moreover, Dendral is the first instance of using a knowledge-based system in
biology and is perhaps the first instance of any expert system of any kind.
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The rise of bioinformatics - data begins to explode

Following Dendral’s demonstration of how computational methods
can solve complex biological problems, researchers and scientists
were inspired to further explore the potential of applying computer
technology to biological data across the 70s and 80s. The advent

of high-throughput sequencing technologies and the exponential
growth of biological data necessitated advanced computational tools
for data management, analysis, and interpretation, further propelling
the growth of bioinformatics.

Since early biological data sources were generally developed
independently and used bespoke, tailored formats and terminologies,
it was very difficult to integrate and share data between themina
way that allowed that data to be manipulated algorithmically. On top
of these technical considerations, understanding complex biological
processes requires more than simple keyword-based queries. These
factors together drove demand for the development of sophisticated
algorithms and software to facilitate analyzing genetic sequences,
predicting protein structures, understanding complex biological
networks, and more.



The fundamentals of semantic technology

In today’s world, semantic technology encompasses a suite of tools and methodologies designed to
enhance the way computers understand and process the meaning of data, text, and web content - akin to
human comprehension. At its core, semantic technology leverages data, ontologies, knowledge graphs,
and natural language processing (NLP) to create a rich, interconnected framework that allows for more
sophisticated data interpretation, retrieval, and analysis.

Semantic technology enables machines to understand the context and relationships within data,
facilitating more accurate search results, data integration, and the automation of reasoning tasks. By
imbuing data with meaning and making it machine-readable, semantic technology paves the way for
advanced applications in artificial intelligence, information management, and beyond, transforming vast
amounts of raw data into actionable knowledge.

Let’s dive further into some of the more relevant semantic technologies and concepts for life sciences

companies.




Ontologies

An ontology, within the context of semantic technology, is a formal representation of knowledge as

a set of concepts within a domain and the relationships between those concepts. It is used to reason
about the properties of that domain and to enable knowledge sharing and reuse among computers and
humans. Ontologies are a crucial component of semantic technology because they provide a structured
framework that allows explicit specification of the meaning of terms and the relationships between them.

There are various ontologies in the life sciences realm, such as Gene Ontology, Sequence Ontology,
and Medical Subject Headings (MeSH). These ontologies promote consistency in the preferred terms
within the field. In doing so, they enable indexing of content and content retrieval through browsing or
searching.

An ontology is a formal representation of knowledge within a particular domain.
It generally consists of three things:

1. Concepts are the entities or “things” relevant to the domain.

Examples: a disease, a gene, an active substance, a person, an institution.

2. Attributes are characteristics or properties that these entities possess.

Example: for the concept of a person, an attribute might be a name.

3. Relations are the ways in which the entities interact or relate to each other.

Example: the concept of a drug and the concept of a disease may be related to each other as the drug is a treatment
for the disease.

Drug Repurposing Example
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Knowledge graphs

In a knowledge graph, data is consolidated from various databases and sources into a unified system where
this datais primarily represented through nodes (a point in a network system at which pathways intersect
or branch).

For life sciences companies, these nodes could be the key entities within their data, encompassing a wide
range of elements like genes, people, organizations, and diseases. Nodes are interconnected via edges
allowing for relationships to be established between them, such as linking a clinical study to its sponsoring
organization or linking drug-target interactions.

To provide further depth and context to a knowledge graph, nodes and edges can be enriched. Nodes can
be given attributes, such as descriptive details or quantitative properties. For instance, a node representing
a person might have attributes like name, age, and occupation. Edges can be annotated or labeled within
the graph to represent types of relations. For example, in a graph where an edge connects two nodes
representing people and organizations, the edge annotation could specify the nature of this connection,
such as “employee of” or “founder”

WHEN TO USE KNOWLEDGE
GRAPHS

Know your use case
Knowledge graphs work well for many use

cases, but often so does a structured query
language (SQL) database, which is sometimes

a simpler solution for the task at hand.
Nodes @ @

Don't add everything
When a knowledge graph is the right

solution, not all instance data needs to be
integrated into it. It often makes more sense
to store this data elsewhere and reference it.

There can be multiple knowledge graphs
It's often better for performance, value, and
usability to have multiple knowledge graphs,
each serving a distinct purpose. As long as
they share a common language they can be
integrated as necessary in the future.




What is the difference between an
ontology and a knowledge graph?

The key difference between a knowledge

graph and an ontology is the use or inclusion of
different types of data within the structure. An
ontology represents knowledge across domains
at a high level, essentially providing the key
concepts of adomain and how they relate to
each other. In the health domain, for example,
data encoded in an ontology like ICD or SnoMed,
consists of diseases and conditions, and the
relationships between these entities. In this way,
anontology is a rather rigid structure.

On the other hand, knowledge graphs tend to
incorporate more instance data. For example,
within the healthcare domain this is data like
patient records, | lab results, or data from specific
clinical trials. In addition to this, a knowledge
graph can also integrate full text and other types
of data. A knowledge graph, therefore, is utilized
for more complex querying and analytical type
tasks, while an ontology is more useful in looking
up straightforward information.

While both ontologies and knowledge
graphs aim to represent domain
knowledge, there are key differences:

Scope: a knowledge graph includes
instance data (an ontology can be
included as nodes or in attributes of a
knowledge graph).

Purpose: knowledge graphs are geared
more towards querying and analysis.

Flexibility: knowledge graphs can
integrate diverse kinds of data.

M/J ONTOFORCE

How a knowledge graph uses an
ontology

A knowledge graph utilizes an ontology as its
foundational framework to define the types,
properties, and interrelationships of the data
elements within its domain. The structure
provided by ontologies enables knowledge
graphs to effectively organize, integrate, and
interpret complex datasets. By leveraging
ontologies, knowledge graphs can infer new
knowledge through reasoning, enhance data
interoperability, and ensure consistency
across diverse data sources. For example, in

a life sciences knowledge graph, an ontology
might define the relationships between
diseases, symptoms, treatments, and patient
demographics, allowing for sophisticated
queries that can support research or clinical
development. The use of ontologies thus
empowers knowledge graphs to provide arich,
semantic understanding of the data, facilitating
advanced analytics and insights.



Natural language processing

Natural language processing (NLP) is at the
intersection of computer science, artificial
intelligence, and linguistics. NLP is focused on
enabling computers to understand, interpret,
and generate human language in a way that

is both meaningful and useful. NLP involves
arange of techniques and technologies

designed to bridge the gap between human
communication and computer understanding,
facilitating the processing of large volumes of
natural language data. This includes tasks such
as speech recognition, language translation,
sentiment analysis, and chatbot development.
By analyzing the structure and meaning of words
and sentences, NLP systems can extract insights,
identify patterns, and respond to queries in
natural language.

When employed on unstructured data, NLP can
pull out meaningful information and insights from
text that lack a predefined format. By applying
techniques like sentiment analysis, entity
recognition, and topic modeling, NLP transforms
unstructured data into structured, actionable
knowledge, enabling automated processing and
analysis for various applications.

Alongside the growth of ontologies and
knowledge graphs, there’s been a corresponding

growth in NLP. Typically, a knowledge graph
creates demand for NLP services as there are
several instances in the lifecycle of a knowledge
graph where NLP’s capabilities provide major
value for a knowledge graph and its users.

NLP techniques enable the extraction of
structured information from unstructured

text, which can then be integrated into a
knowledge graph. This synergy allows for the
dynamic expansion of the knowledge graph
with information extracted from a wide range of
text sources, including scientific literature, web
content, and internal documents.

NLP applications

e Text mining and information retrieval
e Categorization and annotation

e Deep learning and semantic role
labelling

e Ontology building and annotation

Additionally, the combination of NLP with
knowledge graphs facilitates more intuitive
and natural language-based interactions with
the data, enabling users to query and analyze
the graph using conversational language. This
integration not only significantly improves the
accessibility and usability of the information
stored in knowledge graphs but also enhances
the capability for semantic search, information
retrieval, and automated reasoning, providing
deeper insights and supporting more informed
decision-making processes.
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Large language models

Large language models (LLMs) have become a major topic throughout recent years. LLMs are not strictly
semantic technologies in the traditional sense but rather advanced applications of machine learning

and NLP that have significant implications for semantic analysis and understanding. While semantic
technologies typically involve the use of ontologies, knowledge graphs, and reasoning to understand

and infer the meaning of text based on structured relationships, LLMs approach semantics through the
statistical patterns and relationships learned from vast amounts of text data. LLMs can contribute to
semantic technologies by enhancing their capabilities, especially knowledge graphs.

What is the difference between an LLM and a knowledge graph?

The primary difference between an LLM and a knowledge graph lies in their approach to handling and
understanding information. An LLM is a type of artificial intelligence model that learns from vast amounts
of text data to understand and generate human-like text. It operates based on statistical patterns and
relationships within the data it has been trained on, enabling it to perform a wide range of language-
related tasks without explicit programming for each task.

On the other hand, a knowledge graph organizes data into entities and their interrelations, based on a
structured framework or ontology. This structure allows for the explicit representation of knowledge in a
way that is understandable both by machines and humans.

While LLMs excel in generating and understanding language through learned patterns, knowledge graphs
provide a clear and interconnected map of facts and relationships, offering precise and explainable

insights into the data they represent.




What can be accomplished when leveraging an LLM with knowledge
graph within a pharmaceutical organization?

Some application areas include:

1. Question answering

LLMs can be trained to understand natural
language queries and retrieve relevant
information from knowledge graphs.

By combining the capabilities of LLMs with the
rich relationships and semantic connections
captured in knowledge graphs, pharmaceutical
researchers can obtain precise answers to
specific questions, enabling faster information
retrieval and decision-making.

2. Data exploration

Knowledge graphs enable exploratory data
analysis by capturing relationships and
connections between different data elements.

LLMs can leverage these connections to provide
insights and recommendations based on patterns
and correlations found within the graph. This can
help identify potential target-drug associations,
drug-drug interactions, or identify new research
areas based on existing knowledge.

3. Knowledge curation and expansion

LLMs can assist in the curation and expansion of knowledge graphs.
%05] By analyzing large amounts of textual data, LLMs can extract relevant

AN

information and populate or update the knowledge graph with new entities,
relationships, and attributes.

This enables the continuous growth and enrichment of the knowledge graph,
enhancing its utility in drug discovery and development efforts.
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One could think that the rise of LLMs indicates that knowledge graphs will sooner or later be made
obsolete and be, in a sense, replaced by LLMs. When taking a full inventory of what’s possible with
each technology, it’s clear that this is unlikely to be the case, as both systems have advantages and
disadvantages that make them better suited for certain applications.

For example, while LLMs are powerful at understanding and prediction, they are not designed to store
knowledge or to allow this knowledge to be corrected or governed, making them rather slow and .
inaccurate when it comes to retrieving specific knowledge. ‘

Knowledge graphs on the other hand, are reliable for producing (and reproducing) specific, factual re“sulf\c\s “
while providing full transparency on how a query returned that result. While neither could replace the ) ;
other, combining the two technologies opens up the possibility of getting the best of both WOI’|d./§.\ o ;" '

Large language models complement knowledge graphs

) -9.9.%9/

Knowledge graphs Large language models

e Predefined terminologies
e Strong for long tail

e Reliablility: no bias of
hallucinations

e Security

e Reproducibility and
transsparancy

e Low run-time cost
e Easy to fix mistakes
e Easy data visualization

e Unmanaged terminologies

e Strong for common things
(e.g. diseases)

e Contextual understanding
e Conversational interface
e Human readable answers
e Strong with ambiguity

Combine both to strengthen
semantic understanding and
accurancy
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Principles and guidelines for adopting
and rolling out semantic technologies

Leveraging semantic technology enables an organization to harness the full potential of its vast and diverse
data sets, from genomic sequences to clinical trial data, and everything in between. However, not all
organizations may be ready to roll out the use of semantic technology. Below are several general guidelines
to follow to help make the roll-out and adoption of semantic technology as seamless as possible.

ONTOFORCE webinar audiences noted that a lack of understanding of the technology
and organizational readiness are some of the main obstacles for getting started with
semantic technologies.

Other: 1%

Daga readiness: 1‘ Lack of understanding
25% of technology: 31%

)

Results of our poll
“What are the main

obstacles for you getting
started with semantic
technologies?”

September 2023

r

Organizational
readiness: 30%

Cost of project or
b technology: 13%

General principles for getting started with semantic technology

Define objectives: understand what you want to achieve with semantic technology

Defining clear objectives before implementing semantic technology is paramount for any organization
aiming to harness its full potential. This preparatory step ensures that the deployment of semantic
technologies is aligned with the organization’s strategic goals, whether they involve enhancing data
interoperability, improving information retrieval, or facilitating advanced analytics. Clear objectives
guide the selection of appropriate semantic tools and methodologies, which is essential as there are many
exciting possible applications to pursue. If an organization is too eager, without proper planning, it might
end up biting off more that it can chew - jeopardizing a successful roll-out and adoption plan.

Clear objectives also enable an organization to tailor the development of the semantic layer to meet
specific needs and provide a benchmark against which the success of the implementation can be
measured. Moreover, having well-defined goals helps in effectively communicating the purpose and
expected benefits of the semantic technology initiative to stakeholders, securing their support and
fostering a collaborative environment.

H ONTOFORCE 15



Start small and focused: identify a smaller project or dataset where semantic
technology can provide immediate value

Starting small may not seem exiting but it can be key for organizations who are just beginning their
journey. Consider a particular research project, a subset of data, or a specific business process that
could benefit from the implementation of semantic technology. Starting off with this smaller area and
showcasing the value that semantic technology brings serves as a proof of concept that can guide future
endeavors.

Perform a gap analysis: determine exisiting tools and skills and what’s needed

Performing a gap analysis helps identify the disparity between the current state and the desired future
state of technological capabilities. This process involves a thorough assessment of the existing tools,
technologies, and skills within the organization, as well as those required to successfully deploy and
utilize semantic technology.

By understanding what resources are already available and what additional investments are needed,
organizations can make informed decisions about training, hiring, and technology acquisition. This
strategic approach ensures that the implementation of semantic technology is both efficient and
effective, minimizing redundancies and focusing resources on areas that offer the greatest potential for
enhancing data interoperability, analysis, and insight generation.

Involve domain experts: identify in-house experts or find contracted ones that can
ideally embedded in teams

An often-over-looked step is involving domain experts. Ideally, these experts can be tightly embedded in
an organization’s teams. For example, a health data company may embed clinicians in product teams on
a day-to-day basis who can then work with and guide the development of semantic technology. In this
way, the clinicians can provide helpful and specific domain knowledge to drive development. This level of
insight is very hard to replicate without a close level of integration between the domain and technology
experts.

Plan for scaling: be wary of prematurely optimizing your solution at the expense of
getting things done

It is important to think about scaling your solution from the start. However, it’s important to not dive
into scaling too fast. If the history of semantic technology teaches us anything, it’s that there will always
be need for scaling. Thus, thinking and planning about scaling shouldn’t come at the expense of actually
getting things done with a solution. It is still essential to keep an eye towards the future and ensuring
that a solution is interoperable is one way to do that. With an interoperable solution, data can easily be
extracted or accessed by different systems in the future.
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Monitor and update: semantic technologies require ongoing attention

Monitoring and maintaining semantic technology is crucial for ensuring its continued effectiveness and
relevance in handling an organization’s evolving data needs. Regular updates and optimizations help in
adapting to new data sources, changing standards, and emerging technologies, thereby maintaining the
integrity, accuracy, and usability of the semantic framework for advanced data analysis and decision-
making processes. However, the monitoring and maintenance phases are not as exciting as the building
phases. While it might be relatively easy to get buy-in for building a shiny new project, it can be harder
to get others to think about monitoring and maintaining a solution. Consider how to engage the right
individuals and teams for these necessary and ongoing processes.
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Structured and consistent

Ensure there is a well-defined model
and structure. The more that datais
structured, the easier it is to use and
extract value from. safety profiles.

f&d

Identified

Each instance should have a unique
identifier following a sensible schema.
Enforcing data standards pays
enormous dividends down the line.

&

Annotated

Ideally data should be annotated with
semantic metadata or linked to ontologies.

QA and validation

Have a plan for cleaning, enriching or
normalizing data over time.

SHOHS

Governance/security

Consider access control, data
governance, compliance, GxP, etc.

Provenance

Ensure provenance is captured from
day one. Data loses its value without
proper provenance tracking.
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Advice for smaller companies:

Be quick, agile, and leverage
what’s existing

e Leverage open source and community
tools: there are several open-source tools and
platforms available for creating and managing
ontologies and knowledge graphs. For a
smaller company, there are great advantages
in being able to quickly adopt something
that’s existing in the larger ecosystem. Take
advantage of your agility.

e Use existing ontologies and standards:
consider adapting or extending an existing
ontology rather than starting from scratch.

e Prototype rapidly: create a minimum viable
product (MVP) or prototype to validate the
utility of the semantic technology for your
specific needs to ensure you're on the right
track.

e Collect feedback and iterate: gather
user feedback to understand if the system
is meeting its objectives and what could be
improved.

e Make decisions quickly: work directly with
someone who can make key decisions without
delay to help the project stay within the
allotted timeframe and budget.

e Look for external funding: many
opportunities exist, from grants to customer
pilots to partnerships. Leave no stone
unturned when searching for funding.

@ ONTOFORCE

Advice for larger companies:

Treat it as a change management
process, but slice the problem

Larger companies might find success in
approaching their project from a change
management perspective from the start. . This

is best done by slicing the project into chunks.
Ensure that the first part of the project can not
only be tackled in a six-to-nine-month timeframe,
but that it will also provide decent, tangible
results. These results can then be leveraged

for additional funding for the next parts of the
project. Other aspects to keep in mind:

Build a cross-functional team: ensure the
project team has a combination of technical
acumen and domain expertise, and don’t forget
the business side.

Find champions: executive buy-in will be
critical for bringing teams on board, enabling
budgets, implementing standardization, and
supporting with stakeholder management.

Needs assessment: having a well-defined
problem statement that fits with the strategic
objectives of the organization and is ideally linked
to tentpole strategic goals in the organization.

Pilot programs: find smaller-scale projects
linked to strategic goals that can deliver value in a
6-9 month timeframe.

Avoid decision paralysis: implementing a
regular steerco meeting to identify issues and
blockers can help the decision-making process.




For more than a decade, ONTOFORCE has addressed the problem many life
sciences companies struggle with when bringing together structured and
unstructured data to create new insights. These insights lead to accelerated
drug discovery, more in-depth insights into research, real-world evidence,
optimized clinical trial research, and a faster go-to-market.

Our vision

In a future where the rate of breakthroughs will be determined by the
accessibility of knowledge, ONTOFORCE is leading the charge towards a life
sciences industry without barriers to data, where empowered stakeholders
across the business can collaborate to bring drugs to market faster.

Our mission

Through our intuitive data and technology solutions, we transform complex
datainto actionable insights, streamline drug development, and accelerate
new treatments to patients.

Transform data into knowledge

hello@ontoforce.com




