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Al Models in Medicine- Scattered Data and Fragmented Knowledge

Negative Impact
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Decision-making Hybrid-Al Systems
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Clinical Objectives

No Relapse Relapse

Clinical objectlves.
. Maximize survival time, life quality
° Minimize toxicities, adverse events
° Avoid relapse and disease progression

Decision-making based on:
° data (e.g., symptoms, patient history)
° similar treated patients

Bridging Cognitive Medical Thinking with Al
° Transparent Decision-Making
° Data Privacy and Sovereignty



Semantic Data Integration- Uniform View of Heterogeneous Data

Data Sources  Biomedical Knowledge Data Integration System [1]

Unified Medical Language System (UMLS) | A data integration system DIS=<Q,S,M,5>
e Ois an ontology or schema which provides a
uniform view to the data sources in S.
Eung Cancer Ereast Cancer ] S |S a Set Of {81 ,..,Sn} Of the Signa’[UI’eS Of the
egistr egistr
o oy data sources that compose a DIS.
7§ Q; I e Mis a set of mappings between signatures of
= 3 @ - the sources in S and concepts in O.
soentic . Sdentitc T e 3=(¢ S 4)is ashape schema over O; ¢: set of
Pb'qi‘ Database:t} Unified ontologies s i shapes; S: set of shape labels; 4: S—¢ total
o
@@+ " function from labels to shapes.
NSHCH =C integrat
SN = Y A data integration system
ierectons - Muratons e provides a uniform view, and to integrate data
= ,ﬂ\ ul collected from heterogeneous data sources
vii= 0
Medical Clinical Trials
Guidelines and

[1] M. Lenzerini. Managing Data through the Lens of an Ontology. Al Mag. 39(2): 65-74 (2018)
Protocols



Knowledge-Graphs- structures to integrate heterogeneous data, capture
domain knowledge, and enable explainable Al through symbolic reasoning

Knowledge

"7 Actionable
; Insights

I~

[
] 2
Knowledge Graphs

e data structures representing the
convergence of knowledge and data
as factual statements

e using a graph data model

Metadata
L'

Data

cul

Type

Value

Describes data meaning

Represents a lung cancer patient

Describes entities and their
properties and relations

Represents a UMLS Semantic Type "

mmmmmmm iog)
Describes data values Substance”

Deduced Relationships

e  Entities and their relationships are represented as
first-class citizens.

e Metadata (via ontologies) describing and providing
information about other data.

e Metadata and data can be empowered with inference

to deduce new facts.



Integrating Semantics and Learning: The Role of Hybrid Al Systems

Neural Components Hybrid Al Systems Symbolic Components

Data-driven, black-box Alrsysteras|that can learn frogic-based reasoning
that approximate a givetiata while also incorporatimgpdules with explicit
function (e.g., neural netegicas)interpretable reasooimgtraints or specifications.



Challenges in Knowledge Graph-driven Hybrid Al Systems

Evolving Medical Heterogeneous
Knowledge | Data
Fragmented Interoperability
Ontologies Conflicts

UMLS SNOMED o

Lung Cancer Scientific
Registry Databases
Evolving Clinical | s w» %
Guidelines ‘ggj, \@@§
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Transparent
Decision-Making
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Evolving Medical Knowledge:
e  Fragmented ontologies like UMLS and
SNOMED limit data consistency.
e  Frequent updates to clinical guidelines, e.g.,
Nivolumab not for EGFR-positive cases.
° Non-monotonic knowledge, e.g., Bevacizumab
use in advanced lung cancer.
Heterogeneous Data:
e  Multimodal sources: genomic data, drug
interactions, and medical guidelines.
e Interoperability issues across registries,
databases, and publications.
Heterogeneous Communities:
e  Stakeholders include patients, genomics
experts, oncologists, and pharmacologists.
e  Conflicting perspectives complicate shared
data modeling.
Ethical and Legal Aspects:
e  Address data privacy, sovereignty, and
regulations (e.g., GDPR, HIPAA).
e  Require transparent frameworks for
decision-making and accountability.



TrustKG-Hybrid Al framework to bridge symbolic reasoning and inductive

learning and deliver interpretable and user-centric recommendations

Semantic Data
Management

Conceptual Data Ingestion
Modeling and Curation

Alignment of
Biomedical
Ontologies
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Semantic Data Integration: Combines biomedical data using modeling, ontology alignment, and semantic reconciliation
e  Knowledge Graph Analytics: Enables link prediction and causal analysis for transparency and interpretability
User-Centric Tools: Tools like ORKG Ask provide actionable insights and foster trust



VISE-Hybrid Al for Accurate and Interpretable Link Prediction in KGs
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b) KG Validation and Transformation
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patients with EGFR positive gene mutations.
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Results for KG3

Approaches |\ ol Hits@1 Hits@3 Hits@5 Hits@10 MRR
TransE  0.000 0.560 0.795 0943 0.324

— TransD  0.002 0.551 0.690 0872 0310
asenel TransH  0.622 0.864 0.943 0983  0.756
RotatE  0.696  0.933  0.969 0.987  0.820

TransE _ 0.000 0713 0.840 0931 0376

i TransD  0.008 0.694 0.824 0935 0379
Pl Tt 032 0.969 0.997 1.000  0.929
RotatE  0.864 0.987 0.995 1000 0924

TransE  0.000 0519 0.747 0923 0310

Baseline 3 | TransD  0.011 0.551 0.716 0884 0322
TransH 0596 0.876 0925 0977 0.740

RotatE  0.714  0.941 0.969 0.990  0.829

TransE  0.000 0536 0.735 0931 0311

Baselinea | TransD  0.002 0.551 0.733 0870  0.318
aseUNe | TransH 0542 0.849 0.908 0974 0.702
RotatE  0.700  0.945  0.972 0.992  0.818

TransE  0.000 0.760 0.878 0948 0.388

ViSE TransD 0013 0.684 0.762 0884 0.368
TransH  0.868 0.980 0.994 1.000 0924

RotatE  0.887  0.986  0.996 0998  0.936

Existing KG embedding models: -)
impacted by the representation
of factual statements in KGs

-) enhanced by explicitly

expressing valid and invalid links
according domain-specific
integrity constraints.




HealthCareAl-Hybrid Al for Accurate Counterfactual Predictions

a) Symbolic Reasoning
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Expert Causal Graph

Approaches Results (%) for KGca
Model Jaccard Index  Precision Recall F1-Score

PC 133 40.0 16.7 235
Baseline 1 FCI 16.0 23.5 333 27.6
GES 6.7 25.0 8.3 12.5
Baseline 2 GPT4 wo domain knowledge 0.0 0.0 0.0 0.0
Baseline 3 GPT4 w domain knowledge 235 44.4 333 38.1
Baseline 3 + PC 30.0 42.9 50.0 46.2
HealthCareAl Baseline 3 + FCI 29.6 348 66.7 45.7
Baseline 3 + GES 25.0 38.5 M7 40.0

Counterfactual Prediction

Approaches Results (%) for KG1ok

Model Jaccard Index  Precision Recall F1-Score
PC 75.0 100.0 75.0 85.7
Baseline 1 FCI 75.0 100.0 75.0 85.7
GES 62.5 100.0 62.5 76.9
Baseline 2 GPT4 wo domain knowledge 40.0 66.7 50.0 57.1
Baseline 3 GPT4 w domain knowledge 62.5 100.0 62.5 76.9
Baseline 2 + PC 70.0 77.8 87.5 82.4
G Baseline 3 + PC 100.0 1000 1000 100.0

-) Compared against statistical methods (PC, FIC,
GES) and LLM-based approaches with/without
domain knowledge.

-) Achieved higher accuracy by integrating semantics
and domain-specific knowledge.

-) Semantic enrichment improved interpretability and
aligned predictions with human reasoning.




Open Research Knowledge Graph (ORKG)- represents, organizes, and shares

scholarly knowledge in a structured and machine-readable format

:‘C}goam Viewy Todsv A

Purpose and Vision:
Aims to transform scientific knowledge into a connected,
interactive, and navigable structure that enhances
understanding and accessibility.

Prof. Dr. Soren Auer

S| PeT— Key Features:
bl grw— — Structured Data Representation: Utilizes a knowledge graph

structure to capture and link research outputs for enhanced
discoverability.
Semantic Enrichment: Integrates related concepts and
research findings to provide contextual and comprehensive
insights.
Interactive Interface: Allows researchers to contribute and

bl [ E explore research data through an intuitive user experience.

beo |

= https://orkg.org/



https://orkg.org

ORKG Ask- Human-Centric Communication

:>§ ORKG Search My library
N Ask

7>} ORKG

Find research you are actually looking for

ORKG Ask is a scholarly search and exploration system powere e

' P
Search, Large Language Models and Knowledge Graphs. Learn more. 76 430 671
r ]
s

Items with abstract:

Getting started

ORKG Ask is brought to you by

‘ TIB

https://ask.orkqg.org/

A scientific search and exploration

system providing answers from a
database of 80 million full-text
scientific publications.

Combines the power of large
language models with the
structured data of ORKG to deliver
fast, informed answers to
complex research questions.

Example1 Example2



https://ask.orkg.org/
https://ask.orkg.org/search?query=Non-small%20cell%20lung%20cancer%20patients%20receive%20Nivolumab%20as%20first-line%20Chemotherapy%20and%20Immunotherapy%20treatments%20for%20progression-free%20survival
https://ask.orkg.org/search?query=EGFR[30]%20negative%20lung%20cancer%20patients%20are%20more%20likely%20to%20experience%20progression%20and%20are%20treated%20with%20pembrolizumab%20drug

TrustKG- Knowledge Graph-driven Al system to enhance

interpretability, transparency, and usability

Heterogeneous Research Questions (RQs) Neuro-Symbolic Hybrid Research Opportunities and
Data Sources and Challenges Al System Future Work
] R RT |28\ = 5 @ “wy -
.. & ” == - ZTN0 © \ W &)
Cs json = s - o s E' * & 8 a“ =
. il - ’/ o Qﬁr’ v Coverage Evolving
! i "' Evolving Knowledge ! } - I'. Gaps Knowledge
\ ; ' SR, - ;
1 = Y Ao ! '_ Y
2 B @ %% | en -t I T
@ json o .. % & @ ® o ® ? "
VisE
Heterogeneous Data \'S/ e A No Ii-’r::\é?::nce Un:r::as:tred
Valid Link Causal
@ : Prediction Analysis )
Heterogeneous Scientific Communities - ) E
Valid N 9
v D:y Hypothetical
Legal and Ethical Aspects Invalid Variable User-centric Tools
Knowledge Graphs (KGs) present a By overcoming these limitations and
promising avenue for achieving The research challenges identified TrustKG shows how hybrid Al advancing their research, KGs can
integration of heterogeneous data here are critical barriers to integrating systems like VISE and HealthCareAl reach their full potential and use
sources, thereby facilitating KGs with hybrid Al systems. can use KGs in different areas.
interoperability and data exploration.

advanced Hybrid Al in real-world
applications.
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Knowledge graphs for enhancing
transparency in health data ecosystems'
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An Artificial Intelligence-Based Tool for Data
Analysis and Prognosis in Cancer Patients: Results
from the Clarify Study

Maria Torrente * 2, Pedro A Sousa ®, Roberto Hernandez !, Mariola Blanco *, Virginia Calvo ',
Ana Collazo !, Gracinda R Guerreiro *, Beatriz Nufiez , Joao Pimentao.
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Describing
Insights into Lung Cancer Relapse

Models for P!

Authors Yashrajsinh Chudasama, Disha Purohit, Philipp D. Rohde,
Enrique Iglesias, Maria Torrente, Maria-Esther Vidal

Pages 142 - 158

ple]] 10.3233/SSW240012

Category Research Article

Series Studies on the Semantic Web

Ebook Volume 60: Knowledge Graphs in the Age of Language Models

https://ebeokssiespress.nl/doi/10.3233/S

Abstract

Background: Artificial intelligence (Al) has contributed substantially in recent years to the
resolution of different biomedical problems, However, Al tools and
‘widespread impact in oncology remain scarce. The goal of this study is to present an Al-based
solution tool for cancer patients data analysis that assists clinicians in identifying the clinical factors
‘associated with poor prognosis, relapse and survival, and to develop a prognostic model that
stratifies patients by risk.

Materials and methods: We used clinical data from 5275 patients diagnosed with non-small cell
lung cance, breast cancer, and non-| Hodgkln lymphorma at Hospital Universitario Puerta de Hierro-

Accessible clinical red with a wearable device and quaity of life
questionnaires data were also collected.

Results: Using an Al-tool, data from 5275 cancer patients were analyzed, integrating clinical data,

data, and from . Descriptive analyses were
i may be satered ovr .
e e e Bty B i et ,,,.,,.,,, e e o nenormed in order to explore the patients' characteristics, survival probabilities were calculated,
Voreon s s tic model dentified low profile p

555 i DB g, S s s o i e g . e o oo
imegrated nto

Lasy well

Conclusion: Overall, the reconstruction of the population's risk profile for the cancer-specific
predictive model was achieved and proved useful in clinical practice using artificial intelligence. It
hes potentisl spplcation i lrcal settings o mproverisk tratication,early detection, and

devlopenent. It demomsrates the transpareecy level supporied by the ropesed knawledge deiven ccosysiem, i the comext of

*Canespiading s, Bl e 11 .

1570.0844 © 2023 - The authors. Published by 108 Pres. Thi i an Open Access arice disributed under the temss of the
Cresive Commans Atibatin Licesse (CC BY 40).

of cancer patients.

Keywords: artificial intelligence; cancer patients; data integration; decision support system; patient
stratification; precision oncology.

PubMed Disclaimer

%) is becoming increasingly important in healthcare decision-
making, requiring highly interpretable insights from predictive models. Although
integrating ML models with knowledge graphs (KGs) holds promise, conveying model
outcomes to domain experts remains challenging, hindering usability despite
accuracy. We propose semantically describing predictive model insights to overcome
communication barriers. Our pipeline predicts lung cancer relapse likelihood,
providing with patient- tri based on input characteristics.
Consequently, domain experts gain insights into both the characteristics of classified

lung cancer patients and their relevant population. These insights, along with model
decisions, are semantically described in natural language to enhance understanding,
particularly for interpretable models like LIME and SHAP. Our approach, SemDesLC,
documents ML model pipelines into KGs, and fulfils the needs of three types of users:
KG builders, analysts, and consumers. Experts’ opinions indicate that semantic

are effective for relapse SemDesLC is openly
accessible on GitHub, promoting and in ing ML for
healthcare decision support.

ORKG ASK: a Neuro-symbo!
Exploration System

Scholarly Search and
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Abstract
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ducting science. Due to the growing number of scholarly articles, neww scholarly search systems are
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1. Introduction

Finding scholarly articles and exploring the body of scholarly lterature consumes a significant
share of a researcher’s time. Due to the growing number of scholarly articles, this issue only
becomes more apparent [1]. Current scholarly search systems passively assist users with their
information needs by providing a list of relevant articles. If instead active assistance were
provided, the users’ information needs, such as a research question, would be answered for
them. We present ORKG ASK (Assistant for Scientific Knowledge), a new generation scholarly
search and exploration system'. ORKG ASK helps researchers find relevant literature and
automatically extract knowledge from the retrieved literature, actively supporting researchers
‘with their information needs. The approach consists of three main components: 1) Semantic
Search, 2) a Large Language Model (LLM), and 3) Knowledge Graphs (KGs). First, the semantic

to a specific information need. In ORKG ASK users can formulate their information need as a

SEMANTICS 2024 EU: 20th International Conference on Semanti Systems, September 17-19, 2024, Amsterdam, The
Netherlands
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CauseKG: A Framework Enhancing Causal
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VISE: Validated and Invalidated Symbolic
Explanations for Knowledge Graph Integrity
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Abstract

Knowledge graphs (KGs) are naturally capable of capturing the convergence of data and knowledge,
thereby making them highly expressive frameworks for describing and integrating heterogeneous data
in a coherent and interconnected manner. However, based on the Open World Assumption (OWA),
the absence of information within KGs does not indicate falsity or non-existence; it merely reflects
incompleteness. The process of inductive learning over KGs involves predicting new relationships based
on existing factual statements in the KG, utilizing either numerical or symbolic learning models. Recently,
Knowledge Graph Embedding (KGE) and symbolic learning have received considerable attention in
various downstream tasks, including Link Prediction (LP). LP techniques employ latent vector repre-
sentations of entities and their relationships in KGs to infer missing links. Furthermore, as the quantity

£ ABSTRACT Causal inference is a critical technique for inferring causal relationships from data and
distinguishing causation from correlation. Causal inference frameworks rely on structured data, typically
represented in flat tables or relational models. These frameworks estimate causal effects based only on
explicit facts, overlooking implicit information in the data, which can lead to inaccurate causal estimates.
Knowledse graphs (KG) inherenty cwlllre mpliit nfomation throughlgical s apyhad o explcit

apvphclhlc © i sermi- i CansekG Gesgned o
adress the intricacies of KGs and scamlessly m\zgrmc implicit information using KG-specific entailment
techniques, providing a
CanseKG againtbenchmarks consuced from synheic and rea-word daasets. The resulssugeet that

e empirical results i oty ity o addcss cavsal ucstons & varicy of domains.
This rescarch highlights the importance of extending causal inference techniques to KGs, emphasising the
that can be achieved by integrating and

INDEX TERMS Causal inference, knowledge graphs, knowledge reasoning, semantics.

of data generated by KGs continues to increase, the necessity for additional quality assessment and
validation efforts becomes more apparent. Nevertheless, state-of-the-art KG completion approaches
fail to consider the quality constraints while generating predictions, resulting in the completion of KGs
with eroneous relationships. The generation of scurate data and insighs is of vital importance in the
context of healtheare luding the . th lati
strategies, and the implementation of preventive actions. We propose a hybnd approach, VISE, which
adopts the integration of symbolic learning, constraint validation, and numerical learning techniques.
VISE leverages KGE to capture implicit knowledge and represent negation in KGs, thereby enhancing
the predictive performance of numerical models. Our experimental results demonstrate the effectiveness
of this hybnd strategy, which combmcs the smngms of symbolic, numerica, and consinxm vahdanon
paradigms. VISE s publicly

of treatment

Keywords
mewledge Graphs, Symbolic Learning, SHACL Constraints, Numerical Learning, Explainability

SemMatch: Semantics-Aware Matching o
for Causal Inference over Knowledge

https://link.springer. 58 2hapter/10.1007/97
8-981-96-0567-5 33 Maria Bt W

! TIB - Leibniz Infurmhun Centre for Science and hdmulugy Hannover, Germany
hao. huang@tib.eu, maria.vidalatib.e
* Leibaie University of Hsamover, Husmover, Germmany

* L3S Research Center, Hannover, Germany

Abstract. Causal inference is used in various domains such as health-
mics, and political science to infer causal effects from obser-

Vational data where cach wnis (e\lmv) has different properties. Exist-
ing approaches often assume data completeness, and thus exclude all
e wih icomplee data when petobning cafea s ik €
lead to inaccurate causal estimates. In addition, existing approaches
follow the Close World Assumption, where facts not present in the
database are assumed to be false, limiting the ability to reason under data

Knowled (KGs)

that represent data in semi-structured formats and model the mean-
ing of data via ontologies. We propose a method, SembMatch, based on
KGs to enhance causal inference under a data incompleteness assump-
tion. SemMatch relies on a semantic reasoning process specified by a set
of logical rules over KGs, to infer implicit facts and partially address
data incompletencss. Then, SemMatch applies machine learning meth-

the causal effect. We evaluate SemMatch on synthetic datasets, and
demonstrate that it achieves a lower mean absolute error (MAE) and
square root of precision in estimation of heterogencous effect (PEHE)
in causal effect estimation compared to existing state-of-the-art, meth-
ds. Observed results suggest that accounting for semantic reasoning
and including units with incomplete data improves causal estimation
accuracy.
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https://ieeexplore.ieee.org/stamp/stamp.jsp?tp=&arnumber=10510291
https://ieeexplore.ieee.org/stamp/stamp.jsp?tp=&arnumber=10510291
https://ceur-ws.org/Vol-3759/paper7.pdf
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HRAIit: Publication, funding, and experimental data in support
of Human Reference Atlas construction and usage
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The Human Reference Atlas (HRA) effort aims to map the human
body at single cell resolution. U LUDDY

https://humanatlas.io https://3d.nih.gov/collections/hra
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HRA grows in the number of organs and data types
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Many high-quality experimental datasets are becoming available [y

Kidney Precision Medicine Project

cw»

GenitoUrinary Developmental Molecular
Anatomy Project

Cellular Senescence Network

=

Genotype-Tissue Expression CZ éeELLxGENE

Searching for data across portals is difficult
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HRA relevant data is published in scholarly papers IU LUDDY

Theinternational journa ||ofscmm 20July 2023 nch /August 2023 Vol. 25No.8 www.nature.com/nch /November 2021 Vol. 23 No. 11

nature nature
cellbiology cellbiology

HuBMAPmntnnveF 1 = RS
fmapshumanorgnrism A

(Asinglescell solunon y N Gt R S S N
e (5 AL > 4 Spatialatlas of the human body

Focusonmapping the cells of the body
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The number of publications increases exponentially IU LUDDY
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Kong Y, Borner K. Scientific Data, 2024



Scholarly publications evidence for HRA
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Overview of the HRAIit database U LUDDY

Experimental Data
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Kong Y, Borner K. Scientific Data, 2024



Entity relationship diagram of the HRAIit database U LUDDY
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The HRAIit database SQL file and all tables in CSV format are

at Figshare ekl

Browse Search on figshare... Q Login Sign up
DATASET DATASET DATASET DATASET .GZ

hralit_anatomi... (368.51kB) @ 4  hralit_asctb_link... (241 MB) @ 4  hralit_asct_pu... (178.92kB) @ 4  hralit_biomark... (113.68kB) @ 4  hralit_author.csv... (3.92MB) @ 4

13 3
8
3
3
2
(6]
DATASET .Gz DATASET DATASET DATASET
hralit_cell_types... (87.95kB) @ 4  hralit_author_ins... (3.23 MB) @ i hralit_creator.csv (55.32 kB) @ _oL_ hralit_digital_ob... (75.52 kB) @ i hralit_dataset.csv (3.49 MB) @ i
Human Reference Atlas Literature (HRAIit) Database
Download all (1.14 GB) Share  Embed  + Collect
Version2 v  Dataset posted on 2024-02-01, 08:44 authored by Yongxin Kong, Katy Bérner USAGE METRICS (7 8
3
464 334 1 8
views downloads citations 2 4
The Human Reference Atlas literature (HRAIit) database, with 23 tables with 21,703,812 records including 7 junction o
tables with 13,042,188 relationships and a total size of 1.56 GB, is available in SQL format together with tables in CSV
format.

https://doi.org/10.6084/m9.figshare.24580669.v2
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Distribution and choropleth map from HRAIit
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HRA diversity and inclusion

Human Bachbonr
@ Reference e i Data Usage Publications  Experimental Data  Diversity & Inclusion
Ates HRA Preview Application

Diversity and Inclusion
The HRA effort aims to be inclusive and representative of human diversity. Counts and visualizations show the diversity of HRA

tissue donors, authors, reviewers, and users using population pyramids, bar graphs, and a choropleth map showing the number of
HRALit paper authors overlaid on a world map.
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https://apps.humanatlas.io/dashboard/diversity-and-inclusion
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Ontology: Foundation of Precision Health
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3 Complementary Al Fields: KRR, ML, NLP
(Ontology is a major part of KRR)

Artificial Intelligence

e KRR: Knowledge
Representation & Reasoning

o Ontology is a major
approach in KRR

 ML: Machine Learning

 NLP: Natural Language
Processing

o Large Language Models
(LLM): emerging NLP

Knowledge
Representation
and Reasoning



Ontology: Originated from Philosophy and Taxonomy

Onto: Being, existence, reality Essence

Substance  Non-Substance

Definition in philosophy: Ontology is the philosophical study
of the nature of being, becoming, existence and/or reality, as Material  Non-Material

well as the basic categories of being and their relations. y /}L _
iving on-Living
. It was called “first philosophy” by Aristotle (384—-322 BC) in Septient  Non-Sentient
Book IV of his MetaphySiCS. Ratioé Non-Rational
. The term “ontology” (or ontologia, “science of being”) was Porphyrian tree

coined in 1613, independently, by two philosophers Rudolf
Gockel (Goclenius) in his Lexicon Philosophicum and Ko
Jacob Lorhard (Lorhardus) in his Theatrum philosophicum. —

Class (Mammalia)

Domain (Eukarya)

Order (Primates)
Family (Hominidae)

. Stages of “ontology” development as science: oyt
o Porphyrian tree or Tree of Porphyry (234 — 305 AD) Species fsapiens)
o Taxonomy, e.g., Taxonomy of Linnaeus (1707 - 1778)




Ontology in IT

In IT era, ontology is human-
and computer—interpretable
representation of entities and
the relations among entities in
a specific domain.

o) A complex, standardized,
and integrative network

Foundation of Al knowledge
representation and reasoning oart of

Support data/knowledge
standardization, annotation,
integration, and reasoning. occurs In

treated by



Ontology: Language of Al - Connecting machines & humans

Ontology = Entity terms (controlled vocabulary)
+ Relations (semantics)

Semantic: of, relating to, or arising from the meanings of words

“The Semantic Web is an extension of the current web in

which information is given well-defined meaning, better

enabling computers and people to work in cooperation.”
- Tim Berners-Lee, Inventor of WWW

Tower of Babel

https://en.wikipedia.org/wiki/Semantic_\Web



https://en.wikipedia.org/wiki/Semantic_Web

Established in 1998 by a consortium
studying the genomes of 3 model
organisms: D. melanogaster (fruit fly), M.
musculus (mouse), and S. cerevisiae
(baker's yeast).

Goal: Standardize/unify representation of
gene functional annotation across
databases and organisms.

o 3 branches: Biological Process, Cellular
Component, Molecular Function

Critical to gene annotation and analysis.
Stimulate more ontology development.

GO:0008150

biological process

GO0:0009987

cellular process

G0:0008152

metabolic process

Gene Ontology (GO): Critical to gene/genome annotation
& gene enrichment analysis, etc.

GO0:0009058

biosynthetic process

G0:0044281

small molecule

metabolic process

G0:0044238

primary metabolic
process

G0:0044283

small molecule
biosynthetic process

G0:0016051

carbohydrate
biosynthetic process

G0:0005975

carbohydrate
metabolic process

G0:0005996

monosaccharide
metabolic process




AE[_ Open Biological and Biomedical OBO Principles:

Ontology (0BO) Foundry

* International open initiative since 2006

« Acollection of orthogonal reference ontologies
in biological and biomedical domain.
«  Gene Ontology was the first one joining.

«  Other examples: Cell Ontology (CL),
Mammalian Phenotype Ontology (MP), Human %3
Phenotype Ontology (HPO), Vaccine Ontology
(VO), etc. ‘ .

 Each is committed to a set of principles for
the best practices in ontology development.




Applications of Ontology and Semantic Web

Ontology = Terms (controlled vocabulary)+ Relations (semantics)

Naming & taxonomy

Knowledgebase

(e.g., NCBITaxon
(eg., )

taxonomy)

VO: Vaccine Ontology

Data Exchange Otol Data Analysis
(e.g., BioPAX) ntology (e.g., )

GO: Gene Ontology

Data Integration Natural language
(e.g., OBI, KTAO) processing (NLP)

OBI: Ontology for Biomedical Investigations
KTAO: Kidney Tissue Atlas Ontology



Ontology: Foundation of Precision Medicine
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Integrating the two streams of data
(clinical and basic science
observations) enables more refined
and dynamic classification of disease
across many data types

Citation: Haendel MA, Chute CG,
Robinson PN. Classification,
Ontology, and Precision Medicine.
N Engl J Med. 2018 Oct 11; 379(15):
1452-1462.



KPMP: Opportunities and Challenges

®

Initiated 2017, Kidney Precision
Medicine Project (KPMP), funded by

NIH-NIDDK
— Only human studies, no lab animals.

Over 20 universities / institutes

Goals:

— Build a kidney tissue atlas that links
clinical phenotypes, cells, molecules,
pathways, and pathology together.

— Understand and treat human kidney
diseases — Acute Kidney injury (AKI)
and Chronic Kidney Disease (CKD)

“Big data” challenge: integration &
analysis

A

Screening and
patient tracking

New Patient

Enroliment

Clinic reception

Eligibility
assessment

Consent

Contact info

Participant study
status

Medications

Adverse Event

Demographic info

Medical history

Personal history

Physical measure

Biosample
collection

Hospitalization

PROMIS
questionnaire

Lab results

Pre-Biopsy

Pre-Biopsy
clinician
questionnaire

Biopsy safety
checklist

Clinical

Molecular

Pathology

Biopsy Post-Biopsy
|

Kidney Post biopsy
biopsy hospitalization
procedure Tissue tracking
details

38 KPMP Case Report Forms (CRFs)

Tissue
interrogation
image/data
upload

Dx Core image
scanning and
upload

Patient
follow-up

Pathology

|
Dx image &
tissue QC

Dx Core
disease
category
assignment

Dx Core
visual
assessment

Interrogation
Core tissue
Qc




Two ontologies for KPMP

 Two community-based KPMP ontologies:

—  KTAO: Kidney Tissue Atlas Ontology — It’s more about kidney knowledge
—  OPMI: Ontology of Precision Medicine and Investigations — Standardizes data and metadata

types in and beyond KPMP.
—  Kidney-related info in OPMI is imported back to KTAO.

* Interoperable ontology development strategies
— Follow Open Biomedical Ontology (OBO) principles: Openness, collaboration, etc.
1 >150 OBO library ontologies: non-redundant, interoperable
— Reuse/align/integrate existing ontologies: UBERON anatomical entity, HPO (Human
Phenotypes), GO, CL (Cells), OBI (Biomedical Investigations), ...

Ref: Ong E, Wang LL, Schaub J, O'Toole JF, Steck B, Rosenberg AZ, Dowd F, Hansen J, Barisoni L, Jain S, de Boer IH, Valerius MT,

Waikar SS, Park C, Crawford DC, Alexandrov T, Anderton CR, Stoeckert C, Weng C, Diehl AD, Mungall CJ, Haendel M, Robinson PN,
Himmelfarb J, lyengar R, Kretzler M, Mooney S, and He Y, for the Kidney Precision Medicine Project. Modeling Kidney Disease Using
Ontology: Perspectives from the KPMP. Nature Review Nephrology. 2020 Nov;16(11):686-696. PMID: 32939051.



Ontology critical to KPMP big data integration and analysis
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Ong, et al., Nature Review Nephrology, 2020




Integrate KPMP, HUBMAP, and CellxGene data using ontology

Unique for KPMP Clinical:

1.  Tissue Source
Protocol
Sample Type
KDIGO Stage
Baseline eGFR
Proteinuria
Alc (%)
Albuminuria
Diabetes History
. Diabetes Duration
. Hypertension History
. Hypertension Duration
. On RAAS Blockade

SRR OONDOLR N

WN—-O

Shared by KPMP  ~
Clinical & CellxGene:

2.
3

He'Y, et al

Core (shared metadata by 3 groups):
Patient ID (or: labeled as “RedCap study ID” in KPMP Clinical
and “donor ID” in CellxGene)
2. Disease (or: labeled as “tissue type” in KPMP Clinical and
“condition” in KPMP Biopsy TIS.
3. Tissue: (kidney - hidden for KPMP groups)
4. Species: (human - hidden for KPMP groups)

KPMP KPMP
Clinical Biopsy TIS
(18+2 (29+2
hidden hidden
variables) variables)

LJnique for CellxGene:

Age CellxGene 1. cCell Type
Sex . . Suspension
Race/ethnicity ( 0 Vanables) 3. Assay

Unique for KPMP Biopsy
TIS (representative 10):

1

© 0 N oo o oW N

-
o

Single-nucleus RNA-Seq
Experiment Status
Single-nucleus RNA-Seq
Specimen ID

Single-cell RNA-Seq
Experiment Status
Single-cell RNA-Seq
Specimen ID

Regional Transcriptomics
Experiment Status
Regional Transcriptomics
Specimen ID

Bulk total/mRNA
Experiment Status

Bulk total/mRNA
Specimen ID

3D Tissue Imaging and
Cytometry Experiment
Status

. 3D Tissue Imaging and

Cytometry Specimen ID

HuBMAP (Human
BioMolecular Atlas Program)
focuses on reference human
body.

KPMP focuses on diseased
kidney

Even so, the results are not
naturally integrated

We proposed an
interoperable ontology
“Precision Medicine
Metadata Ontology
(PMMO)” to harmonize and
integrate the data.

. AMIA 2024 full-length paper, oral presentation, Best Paper Award



HuBMAP Hackathon: Integrating KPMP & HUBMAP data by ontology

e Goal: Harmonize and integrate KPMP and HUBMAP
data to more efficiently address scientific questions

e https://qithub.com/hubmapconsortium/hra-hubmap-kp
mp-integration

e Key process: metadata harmonization using

ontology
o PMMO: Precision Medicine Metadata Ontology

e Use case study:
o SPP1: A biomarker that differentiates healthy from
AKI

Team members:

Bruce Herr (1U)
Yichao Chen (PSU)
Leo Yeh (UM)
Ruopeng Wu (UM)
Oliver He (UM)


https://github.com/hubmapconsortium/hra-hubmap-kpmp-integration
https://github.com/hubmapconsortium/hra-hubmap-kpmp-integration

Biological Insights:

Theme: Compare gene biomarkers between healthy and

disease - leverage the info to cell type and anatomy levels.
o  This aligns with HubMAP Anatomical Structures, Cell Types, and
Biomarkers (ASCT+B) Tables.
o  HuBMAP has collection of healthy kidney biomarkers
o  KPMP have collections of diseased kidney biomarkers.

At gene biomarker level: @

o 26 AKI biomarkers were found, 5 also shared with healthy kidney
m  Previously, we started with KPMP/cellxgene data.
m  For the Hackathon, we focus on HUBMAP data and merged earlier data

o  Hypothesis: An AKl/healthy gene biomarker(s) may have differential gene
expression profiles in AKI patients vs healthy human subjects.

At cell level:

o Many biomarkers are for specific cell types. By analyzing the cell type specific

biomarkers, we can indirectly find the cell type expression.
At kidney anatomical structure level:

o  Specific cell types exist in specific regions. Through the chain of
biomarker-cell-Anatomy, we can infer specific kidney region activities through
the gene biomarker expression.

o  HuBMAP/KPMP histological image data can also be used later.

Healthy CKD

A

AKI

(A) Biomarkers

https://www.biorxiv.ora/c

ontent/10.1101/2024.04.

01.587658v1.full.pdf

Note: Paper also
presented in AMIA
2024 Annual
Symposium, — Best
Paper Award.


https://www.biorxiv.org/content/10.1101/2024.04.01.587658v1.full.pdf
https://www.biorxiv.org/content/10.1101/2024.04.01.587658v1.full.pdf
https://www.biorxiv.org/content/10.1101/2024.04.01.587658v1.full.pdf

SPP1: A biomarker that differentiates healthy from AKI

e SPPI: Secreted Phosphoprotein 1

o  https://www.genecards.org/cgi-bin/carddisp.pl?gene=SPP1
o Key gene in lymph node metastasis and cancer,

but its role in kidney still relatively unclear.
e Earlier we used KPMP and CellxGene
data:

o  SPP1 significantly differed in gene expression in
AKI and healthy groups
e Now:
o HuBMAP data is added and merged with (©) Healthy
KPMP/cellxgene data.
o Results so far:
m Extracted SPP1 from KPMP and HuBMAP
m Differential gene expression profiles found.

e More work ongoing. Ontology level o
https://www.biorxiv.org/content/10.11

owl 000 [} { 1]
s

integration as well 01/2024.04.01.587658v1.full.pdf



https://www.genecards.org/cgi-bin/carddisp.pl?gene=SPP1
https://www.biorxiv.org/content/10.1101/2024.04.01.587658v1.full.pdf
https://www.biorxiv.org/content/10.1101/2024.04.01.587658v1.full.pdf

Ontology-Based Knowledge Graph

e Knowledge graph examples:

o Google Knowledge Graph
o COVID19-KB

e Two methods of generating knowledge graph:

o Triplestore knowledge graph, using tools such as Virtuoso
o Property knowledge graph, using tools such as Neo4j and GraphDB

e Ontology role on knowledge graph (KG):
o Standardize basic KG framework, including data types & Semantic Relations
o Computer-understandable knowledge, which can be directly used.
o Ontology can be used to annotate data



Ontology-Based Knowledge Graph as RAG to Enhance LLM

= RAG: Retrieval
i Augmented Generation
% o  Optimize LLM output
relevant — by referencing an
T authoritative
P;:: —’ EE';%?QS“ knowledgebase (KB)
Generated outside of its training
Re;rsgtnse E data.
l o Such RAG KB can be

Prompt I generated with
B cuery i ontology support.

Enhanced
Context Large Language Model EndPoint

Search Relevant

Information |

Y

2 ) Query

https://aws.amazon.com/what-is/retrieval-augmented-generation/



https://aws.amazon.com/what-is/retrieval-augmented-generation/

Example: Ontology-supported knowledge RAG for
LLM extraction of itemized vaccine information (e.g., vaccine names, types,
vaccine antigens, host responses, & experimental factors)

Select LLM
V I O L I N m a n u a I Iy co I I ecte d s Llama3‘7f)b used Standsdud Anoctations? Itemized vaccine info extracted

Select Embeddings 0 from PDF by RAG LLM

~5,000 papers and web links for | = - yaccine Typer

Embedding Conjugate Vaccine (VO:0000163, SubClass Of: "vaccine type", LABEL: "conju; gate vaccine’ ")
H method : S
Vi Fi lation:

~4,700 vaccines and 1600 accine Formulation:

- - RL Bioconjugate of Cholera Toxin B Subunit (CTB) with O-Polysaccharides (OPS) from liAr:(ellz
vaccine antigens as of Nov 1, e e cen
H Drag and drop file here be added here e
2 024 ) SI n Ce 2 O O 7 . Host Species Used as Laboratory Animal Model:

Browse files Mus musculus (BALB/c mice) (VO:0000281, LABEL: "laboratory animal model”, definition: "A
e) S 0 ~3 0 0 pe r yea r manua I Iy model rganism used n scientifc research, often used o study human diseases or to test new
fbioe-11-1121074.pdf treatments.")

3.8M1 x 5
a nn Otated pa pe rS/I N ks . et on o dgn o I':';";Is ZZ’: Experiment Used to Investigate the Vaccine:

o  Vaccines antigens used as gold
Sta n d a rd fo r Va CCi n e d e S i g n . e ﬂ‘m VO added - ":5"; unization followed by challenge with lethal and nnn:‘lemal

9 strain (VO:0000503, LABEL: “immunization protocol”,
s the proces:

Ontology RAG LLM would help ‘ e —

o Preliminary study approved it.

o  GOAL: 6,000 per paper per year )
(20-fold more productive). Use case demo: More collected and

annotated vaccine antigens would serve as
gold standard for enhanced vaccine design.

Animal i , LABEL: "animal | ", definition: "An




Discussion

How can ontologies improve Al, & how can Al improve ontologies?
o Ontology provides structured knowledge that enhances Al
m Ontology-supported KG as RAG — improve Al
o Al can identify new ontology terms/ relations and improve ontology
applications

How can retrieval-augmented generation (RAG) specifically help with
improving ontologies?

o Ontology-supported KG as RAG

o RAG can retrieve docs/data and generate new ontology terms/relations.

How can Al chatbots (text-based) accurately represent ontologies
(graph-based)?

o Chatbots can query ontology-converted KG or triple store

o Incorporate precomputed inferences into chabot database
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How can ontologies improve Al,
and how can Al improve
ontologies?

How can retrieval-augmented
generation (RAG) specifically help
with improving ontologies?

How can Al chatbots (text-based)
accurately represent ontologies
(graph-based)?



Thank you




