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Knowledge Graph Construction and Inference
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What’s a Knowledge Graph?

* A knowledge graph has many names in the history
e Semantic networks, knowledge base, ontology, ...

* In 2012, Google released its project “Google
Knowledge Graph”

e A graph-based knowledge representation
connecting real-world entities to support search

e Landmarks, celebrities, cities, sports teams, buildings,
geographical features, movies, celestial objects, works
of art and more

e Get information instantly relevant to a query

https://googleblog.blogspot.com/2012/05/introducing-knowledge-graph-things-not.html 3
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State-of-the-art Enterprise-level KGs

_ Data Model Size of Nodes | Size of Edges | Development Stage

Google Strongly typed entities, relations with ~1 Billion ~70 Billions Actively used in products
domain and range inference

Microsoft  The types of entities, relations, and ~2 Billions ~55 Billions Actively used in products
attributes in the graph are defined in an
ontology

Facebook  All of the attributes and relations are ~50 Millions ~500 Millions  Actively used in products

structured and strongly typed, and
optionally indexed to enable efficient
retrieval, search, and traversal.

eBay Entities and relation, well-structured ~100 Million ~1 Billion Early stages of
and strongly typed development and
deployment
IBM Entities and relations with evidence ~100 Millions  ~5 Billions Actively used in products
information associated with them and by clients

Natalya Fridman Noy, Yuqing Gao, Anshu Jain, Anant Narayanan, Alan Patterson, Jamie Taylor: Industry-scale knowledge graphs: lessons and challenges. Commun. ACM 62(8): 36-436(2019)



Google Knowledge Graph in Healthcare

* Knowledge graph is useful for clinical decision support
systems and self-diagnostic symptom checkers
e For example, major symptoms of a heart attack are pain or

discomfort chest, arms or shoulder, jaw, neck, or back, feeling wealk,
lightheaded or faint and shortness of breath

* Answers to common medical questions for searches related
to health conditions based on

e Aggregated information from search results
e Multi-faceted medical facts

* Google worked with a “team of doctors” to “carefully compile, curate, and
review this information”

o “All of the gathered facts represent real-life clinical knowledge from these
doctors and high-quality medical sources across the web, and the
information has been checked by medical doctors at Google and the
Mayo Clinic for accuracy.”

https://techcrunch.com/2015/03/11/google-knowledge-graph-meets-healthcare/
Figure from: https://googleblog.blogspot.com/2015/02/health-info-knowledge-graph.html
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Example of Knowledge Graphs in Healthcare

Symptom and disease linking from biomedical literature database: PubMed

*Dia

»Headache

* Oedema
© * Abdomen acute
k41
24
*Fever
*Nausea 43 7
o 'Crohrg,"??disease
%28
"BOfﬁf weight T * Psychophysiologic disorders
rrhea 423
?fq = :

3 © e Abdominal pain
& Ulcerative ctititis
Jr *\Weight loss

*Pain

5

* Constipation

A symptom-disease network
extracted from PubMed

1 Metabolic diseases
2 Metabolic syndrome X
3 Diabetes mellitus

4 Hypercholesterolemia
5 Obesity

13 Retinal degeneration
14 Uveitis
15 Choroid diseases

6 Glomerulonephritis
7 Kidney diseases

8 Proteinuria

9 Amyloidosis

11 Fetal growth retardation
12 Spontaneous abortion

A disease network shows similarities based on

symptoms reveals disease clusters

Data and figure from: XueZhong Zhou, Jorg Menche, Albert-LaszI6 Barabdsi, Amitabh Sharma. Human symptoms—disease network. Nature Communications. 2014



Example of Knowledge Graphs in Healthcare

a Extracting disease—symptom relationships Extracting disease-gene relationships
. Diseases
* The disease-symptom network L
can be further integrated to - P
. . . _— As_sqmatlon b y Genes of A&C
analyze disease similarities Dbllogrephic e R
share PPI
1st order (o)
_ PPI
* Adisease network where link Symptoms Q Proteins Genes of (=)
. . - disease C
weight between two diseases . . . .
q ua ntlfl €s th €simi Ia rlty Of the Ir b Disease—disease network Disease—disease network
res pective sym ptom S based on symptom similarity based on shared genes/PPIs
- @ Diseases - ® Diseases
e Adisease network where disease— | ™" s Shared geres
gene association and protein— m— | Sty 1t ordr PP
protein interaction (PPI) are used [ oo

e Shared symptoms indicate shared genes between diseases
e Shared symptoms indicate shared protein interactions.

Figure from: XueZhong Zhou, Jérg Menche, Albert-Laszlé Barabasi, Amitabh Sharma. Human symptoms—disease network. Nature Communications. 2014 9



Example of Knowledge Graphs in Healthcare

Symptom and disease linking from large-scale EHR data

Emergency Department Concept Extraction
de-identified Records "

| John Smith — Patients

Index: 123456 Mapping to concept ID

Diagnoses:

ICD9-493 P
ICD9-490 ex::'ﬁve o

acted ncEpts
NurseNote:

... Patient complains of wheezing = -

and a worsening cough ...
... denies chest pain or fever.

Oob—a
y g_—\,__‘:—-
.. History of Asthma ..—ow—__| .
|| Improved with nebs, but still very =T

tight on exam. Continued coughing.— — . ..
No lethargy. LY —

N\

cep's ique i i
% eﬁﬂ“‘d :Oﬁ‘:)m mnmhl’-ﬁ Extracted concepts Unique identifier

5 e“‘o\ft

)\

Figure from: Maya Rotmensch, Yoni Halpern, Abdulhakim Tlimat, Steven Horng & David Sontag. Learning a Health Knowledge Graph from Electronic Medical Records. Scientific Repqrts. 2017



Comparison Between PubMed and EHR

EHR: more statistical, noisier text but recording the

PubMed: more declarative, more formal language and

regular texts, more typical symptoms to promote learning

* Oedema

* Abdomen acute

£

L
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o
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practical medicine use

10t
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2 8
0.2 Tal S
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Z
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f:laf;
Q‘-’{b )
35 & 2o = * Cramping
Y "3" o =
e
£
* Chills
*Blood in stool *Fever
*Pain

® Constipation

Data from: XueZhong Zhou, Jorg Menche, Albert-LaszI6
Barabdsi, Amitabh Sharma. Human symptoms—disease network

Nature Communications. 2014

Data from: Maya Rotmensch, Yoni Halpern, Abdulhakim Tlimat, Steven
Horng & David Sontag. Learning a Health Knowledge Graph from

Electronic Medical Records. Scientific Reports. 2017
11



Quality of Such Kind of Knowledge Graphs

* Precision-recall curve rated according to physicians’ expert opinion
* Google Health Knowledge Graph has two tags “always” and “frequent”

Precision-Recall Curve

(Clinical Evaluation)
10 4w- -

e, e . *
ge] 3200 S
£ 0.6
(=]
(7
O
e
a 04
0.2 * Google health knowledge Graph
- Naive Bayes
=== Noisy Or
0.0 r . T . . |
0.0 0.1 0.2 03 0.4 0.5 0.6 0.7 0.8
Recall

Figure from: Maya Rotmensch, Yoni Halpern, Abdulhakim Tlimat, Steven Horng & David Sontag. Learning a Health Knowledge Graph from Electronic Medical Records. Scientific Reports. 2017



Information Extraction and Text Mining

e Extracting information from PubMed/HER is useful, however, there is a lot
of variability and ambiguity of language and terminology use. For example,

 Amyotrophic lateral sclerosis, motor neurone disease, and Lou Gehrig’s Disease refer
to the same disease

e According to Medical Subject Headings ( ), obesity belongs to
e Nutritional and Metabolic Diseases
* Diagnosis
* Physiological Phenomena
* Pathological Conditions, Signs and Symptoms

 There are many (~200) existing expert annotated knowledge bases in
Unified Medical Language System ( )
e 127 semantic types organized as a hierarchy

e 3.2 million unique concepts
e A primary name and a set of aliases
* 8% are linked to more than one types

Olivier Bodenreider. The Unified Medical Language System (UMLS): integrating biomedical terminology. 32 (Database issue):D267-D270, 2004.



Why Knowledge Graphs in Healthcare?

 Medical doctors are overwhelmed by the huge amount of data, e.g.,

e Electronic Health Records (EHRs)
e Research articles from PubMed
e Providing complementary information to existing knowledge bases

* \We need an efficient tool to “connect the dots”
e Humans can only process a few objects/variables at a time
e Human’s summarization of concepts can be vague
e Types of concepts are heterogeneous, e.g., patient, disease, symptom, gene,
chemical, etc.
e Demands to reason multi-hop relations
e Traditional logic inferences tools may not be able to handle
e Large amount of heterogeneous knowledge sources

* Ambiguity of entities and relations
e Processes (activities), states, events, and their relations etc.

Learning a Health Knowledge Graph from Electronic Medical Records. Rotmensch, M.; Halpern, Y.; Tlimat, A.; Horng, S.; and Sontag, D. Nature Scientific Reports, 7(1): 5994. 2017.



UIUC COVID-19 Literature Knowledge Graph

e http://blender.cs.illinois.edu/covid19/

L ]
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Q. Wang et al., COVID-19 Literature Knowledge Graph Construction and Drug Repurposing Report Generation. Arxiv, 2020
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http://blender.cs.illinois.edu/covid19/

Berkeley Lab COVID-19 Knowledge Graph

32,000 drugs, 21,000 human and 272 viral proteins plus roughly the same number of genes, and
more than 50,000 scientific studies and clinical trials.

KG-COVID-19 Knowledge Graph (Apr 2020)

Drugs Genes (human + coronavirus) Proteins (human + coronavirus)
DO : STRING PPI
Drug central OOO o . . . g:r::sn homdn . ° . (human proteins)
G 0 . . proteins . . . 0 o .
PharmGkB ) - O
O coronuvirus. O o . . IntAct PPI
genes . . @ ;:g:::::irus (coronavirus
TTD specific)
OQO Ontologies 20046
(ChEMBL) O
drug O Q O HPO Publications
SARS-COV?
protein O GO annotations O O O O O O O
O O CORD19
gene . . _ publications
MONDO O O O cor?zlpts
publication O . . O O
phenotype O . . 0 . O O O
di . GO Links:
isease . . . Wiki
GO term . 00 000F¢C g‘r’:eh

https://federallabs.org/news/berkeley-lab-creates-knowledge-graph-to-make-covid-19-drug-predictions
Image from: https://github.com/Knowledge-Graph-Hub/kg-covid-19/wiki 16
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UT Austin COVID-19 Knowledge Graph

e 53,523 Drugs, 12,077 Diseases, 15,519 Species, 18,678 Genes, Gene mutations extracted from

CORD-19 dataset
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COVIDGraph: https://covidgraph.org/

e “CovidGraph is a non-profit collaboration of researchers, software developers, data scientists and
medical professionals.”
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https://covidgraph.org/

Outline

* Introduction

 Knowledge Graph Construction
e Entities, typing and linking
e Entity Relations
* Events
e Event relations

 Knowledge Graph Inference

19



General Procedure of Information Extraction
for Knowledge Graph Construction

\_

Mention
Detection

-

J

\_

Entity Typing
Entity Linking

~

J

\_

Relation
Extraction

-

J

\_

Event Extraction

~

-

J

\_

Event Relation
Extraction

~

J

20



Information Extraction

* Information extraction can be pattern based or learning based

e Pattern based detection

e Reflecting human’s knowledge of language
e Perform well when there are less annotated data

e Especially good for open information extraction (Open-IE)
* No pre-defined domains and relation (predicate) types among mentions

e Learning based detection
e Better performance when there are many annotated training examples



Pattern Based Information Extraction

e Patterns can be extracted from dependency parsing results (Wang et al., 2018)

Pattern Type

Example

Derived Clauses

Basic Patterns

SV; SV
SV, A SVA
SV.C SVC

SV,;O  SVO
SV;,0;0 SVOO
SV.,,0A  SVOA
SV,;0C  SVOC

Colectomy works.

Pulmonary toxicity is in lungs.
Pulmonary toxicity is vital.
Nitrofurantoin causes pulmonary toxicity.
Colectomy gives the patient a chance.
Colectomy removes the colon away.
Pulmonary toxicity causes rats to die.

(Colectomy, works)

(Pulmonary toxicity, is, in lungs)
(Pulmonary toxicity, is, vital)
(Nitrofurantoin, causes, pulmonary toxicity)
(Colectomy, gives, the patient, a chance)
(Colectomy, removes, the colon, away)
(Pulmonary toxicity, causes, rats, to die)

e Extended pattern: Pulmonary toxicity often appears

in rats. (SVAA)

e But as there is no restricted relations/predicates, relations should be disambiguated

Table and Figure from: Xuan Wang, Yu Zhang, Qi Li, Yinyin Chen, Jiawei Han: Open Information Extraction with Meta-pattern Discovery in Biomedical Literature. BCB 2018

_.,.---""'t-‘.:HEMICAL causcs DISEASE -
CHEMICAL /eads to DISEASE
CHEMICAL induces DISEASE

_._.CHEMICAL exposure causes DISEASE

|cisplatin, acute renal failure|

[menadione, endothelial dysfunction)

[NO;, allergic asthma-related)|

[cocaine, vascular dysfunction)

22



Learning Based Information Extraction

 New trend: pre-training and fine-tuning
* Pre-training with large amount of data, e.g.,

BioBERT PubMed abstracts/full texts continual pre-training from BERT
Clinical-BERT MINIC clinical notes continual pre-training from BERT
SciBERT Scientific papers from Semantic Scholar from scratch
BlueBERT: PubMed abstracts + MIMIC clinical notes continual pre-training from BERT
PubMedBERT PubMed abstracts/full texts from scratch

* Fine-tuning: tasks specific datasets, e.g.,
e Named entity recognition
e Relation extraction

Jinhyuk Lee, Wonijin Yoon, Sungdong Kim, Donghyeon Kim, Sunkyu Kim, Chan Ho So, Jaewoo Kang: BioBERT: a pre-trained biomedical language representation model for biomedical text mining.
Bioinformatics, 2020

Emily Alsentzer, John R. Murphy, Willie Boag, Wei-Hung Weng, Di Jin, Tristan Naumann, Matthew B. A. McDermott: Publicly Available Clinical BERT Embeddings. CoRR abs/1904.03323 (2019)

Iz Beltagy, Kyle Lo, Arman Cohan: SciBERT: A Pretrained Language Model for Scientific Text. EMNLP/IJCNLP (1) 2019 23



BIOBER

e Shows 0.62% Average F1 score improvement on 9 biomedical named entity
recognition datasets and 2.80% Average F1 score improvement on 3 biomedical
relation extraction datasets

Pre-training of BioBERT

Pre-training Corpora

| Pubmed 4.5B words

PMC 13.5B words

Weight Initialization

Lr“:r' -
'."'I.-" BERT

S

d (=) from Devlin et al,
BT
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T T Al
= Wi ™ 'y

( Tm ) Tm ) " Trm |

(1 W Tm ) { Trm ..-
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- biomedical domain corpora |

{r

[

Fine-tuning of BioBERT

Task-Specific Datasets

.

Named Entity Recognition

NCBI disease, BC2GM, ...

r"

N

~
Relation Extraction
EU-ADR, ChemProt, ...
’
<
Question Answering
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~

BioBERT Fine-tuning

r" 1
the adult renal failure cause ]

PO O B I 0
.

f

contribute to @DISEASES susceptibili
P True

- — ——

Variants in the @GENES region ]
ity.

L.

What does mTOR stands for?
P mammalian target of rapamycin

Figure from: Jinhyuk Lee, Wonjin Yoon, Sungdong Kim, Donghyeon Kim, Sunkyu Kim, Chan Ho So, Jaewoo Kang: BioBERT: a pre-trained biomedical language representation model for biomedical

text mining. Bioinformatics. 2020
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Entity Mention Detection and Typing

* Treat mention detection and typing as a word classification problem

* A typical label encoding is the BIO encoding
e B-NP: beginning of a named entity chunk
* |-NP: inside of a named entity chunk
e O: outside of a named entity chunk

The most common fatal bacterial diseases are respiratory infections .

O O O O O O O B-Disease I-Disease O

e Then we can build a multi-class classifier or CRF model over certain
features

e E.g., representations provided by deep models



Entity Mention Detection and Typing

e Can also treat detection and typing as two separate tasks

* First, we use a tagger to extraction all mentions of interests
* |n this case, we can collect more training examples for each label

The most common fatal bacterial diseases are respiratory infections .

O O O O O O O B I O

e Second, we apply a multi-class (sometimes multi-label) classifier over
the mentions



Entity Linking can Improve Entity Typing

e Especially for fine-grained entity typing
e Most of the tasks are based weak/distant supervision
e E.g., generating training data using the anchor links in Wikipedia
e Entity linking to existing knowledge bases provide useful information

Type Scores

; /person (@ @ @ @) 1 0000
i/person/actor (@ @ @ @) Three Layer MLP
: : 0000000

| /location/city (@ @ @ @) JConcatenate

Average e hot encode

EL Score
o ©0 ®
BILSTM o

i ' Donald Trump:
/personfpolltn::lan

/ person/tv_ personahty

00 00 00 00 00 00 o0 - o0 o0 (o .) /person/business

Earlier on Tuesday , [Mention] pledged to . Donald Trump Types From KB

Figure from: Hongliang Dai, Donghong Du, Xin Li, Yangqiu Song: Improving Fine-grained Entity Typing with Entity Linking. EMNLP/IJCNLP (1) 2019
Shikhar Vashishth, Rishabh Joshi, Ritam Dutt, Denis Newman-Griffis, Carolyn Penstein Rosé: MedType: Improving Medical Entity Linking with Semantic Type Prediction. Arxiv, 2020 )8



An Example of COVID-19 NER

e 75 entity types including

e Common biomedical entity types (e.g., genes, chemicals, and diseases),

 New types related to COVID-19 (e.g., coronaviruses, viral proteins, evolution,
materials, substrates and immune responses)

Figure from: Xuan Wang, Xiangchen Song, Yingjun Guan, Bangzheng Li, Jiawei Han: Comprehensive Named Entity Recognition on CORD-19 with Distant or Weak Supervision. CoRR

abs/2003.12218 (2020)

Angiotensin-converting enzyme 2 GENE_OR_GENOME ( ACE2 GENE_OR_GENOME ) as a
SARS-CoV-2 CORONAVIRUS receptor: molecular mechanisms and potential therapeutic target.

SARS-CoV-2 CORONAVIRUS has been sequenced [ 3 CARDINAL ] . A phylogenetic
EVOLUTION analysis [ 3 CARDINAL , 4 CARDINAL ] found a bat WILDLIFE origin for the
SARS-CoV-2 CORONAVIRUS . There is a diversity of possible intermediate hosts for SARS-
CoV-2 CORONAVIRUS , including pangolins WILDLIFE , but not FiCSIEUKARYOTE =nd @S
EUKARYOTE [ 5 CARDINAL ] . There are many similarities of SARS-CoV-2 CORONAVIRUS
with the original SARS-CoV CORONAVIRUS . Using computer modeling , Xu et al . [ 6
CARDINAL | found that the gpike proteins GENE_OR_GENOME of SARS-CoV-2
CORONAVIRUS and SARS-CoV CORONAVIRUS have almost identical 3-D structures in the
receptor binding domain that maintains Van der Waals forces PHYSICAL_SCIENCE . SARS®
CoV spike proteins " GENE_ORGENOME has a strong binding affinity to human ACEZ2
GENE_OR_GENOME , based on biochemical interaction studies and crystal structure analysis [
7 CARDINAL | . SARS-CoV-2 CORONAVIRUS and SARS-CoV spike proteins
GENE OR GENOME share identity in amino acid sequences and ......
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Entity Linking

e Link @ mention to an existing knowledge graph

e Can be done with a two-step approach
e Mention detection
e Disambiguation

 Disambiguation can be helped with relatively coarse-grained entity typing
e E.g., aggregated 24 super types from 127 fine-grained UMLS types

e 2
{ N 1
[ Entity Linking | (
System Feed o
. - Forward Classifier
\ » (Common Cold, 0.8)
< (Cold Temperature, 0.9) —
(Common Cold, 0.8) s ’[ Add & Norm ]
 (Cold Therapy, 0.75) ) Multi-Head (cold) Disease/Syndrome (Cough, 0.85)
' 3 Attention
r } Symptom
.. symtomsof cold | (cough, 0.85) C o W,
includes cough, ... | (CoughXRelief 0.7) J R MEeDTYPE )
L J/
Input Text Detected Mentions Entity Disambiguation D'S:n";:;ig::sted

Figure from: Shikhar Vashishth, Rishabh Joshi, Ritam Dutt, Denis Newman-Griffis, Carolyn Penstein Rosé: MedType: Improving Medical Entity Linking with Semantic Type Predictiongé\rxiv, 2020



Mention Detection, Typing, and Linking

e Three tasks can be similar in designing models
e With different annotation scheme and loss functions

 When typing is more difficult
e E.g., there is lack of annotation
e Adding linking results into features is helpful

* When linking is more difficult
e E.g., lots of out-of-sample examples in test set
e Adding typing can improve the results

e Can also perform joint learning when both types of annotation are
available (Leaman and Lu, 2016; Zhao et al., 2019; Mohan and Li, 2019)

Robert Leaman, Zhiyong Lu: TaggerOne: joint named entity recognition and normalization with semi-Markov Models. Bioinform. 32(18): 2839-2846 (2016)
Sunil Mohan and Donghui Li: MedMentions: A Large Biomedical Corpus Annotated with UMLS Concepts. AKBC, 2019
Sendong Zhao, Ting Liu, Sicheng Zhao, Fei Wang: A Neural Multi-Task Learning Framework to Jointly Model Medical Named Entity Recognition and Normalization. AAAI 2019
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Relation Extraction

 Many related tasks for relation extraction in biomedical domain
e Chemical (drug) induced diseases [Jiao Li et al., 2016]
e Chemical (drug)-protein (gene) interaction [Martin Krallinger et al. 2017]
* Phenotype (e.g., disease)-gene relations [Diana Sousa et al., 2019]

* For example, “observed ... interaction of orexin receptor antagonist

almorexant”

Group Eval. CHEMPROT relations belonging to this group

e |dentity entities, e.g., protein and chemical o v mwor — —
CPR:2 N REGULATOR|DIRECT_REGULATOR|INDIRECT_REGULATOR

: M CPR:3 Y UPREGULATOR|ACTIVATOR|INDIRECT_UPREGULATOR
[ )
CIaSSIfy relatlons CPR:4 Y DOWNREGULATOR|INHIBITOR|INDIRECT_DOWNREGULATOR

CPR:5 Y AGONIST|AGONIST-ACTIVATOR|AGONIST-INHIBITOR
CPR:6 Y ANTAGONIST
CPR:7 N MODULATOR|MODULATOR-ACTIVATOR|MODULATOR-INHIBITOR
CPR:8 N COFACTOR
CPR9 Y SUBSTRATE|PRODUCT _OF|SUBSTRATE_PRODUCT_OF
CPR:10 N NOT

Jiao Li et al., BioCreative V CDR task corpus: a resource for chemical disease relation extraction, Database. 2016
Figure from: Martin Krallinger et al., Overview of the BioCreative VI chemical-protein interaction Track, BioCreative Challenge Evaluation Workshop. 2017

Diana Sousa, Andre Lamurias, Francisco M. Couto: A Silver Standard Corpus of Human Phenotype-Gene Relations. NAACL-HLT (1) 2019 33



Learning for Relation Extraction

e A recent work show that using dependency parse forest than the 1-
best tree with a GNN can improve the performance

omp

TN

... observed ... interaction of orexin receptor antagonist almorexant
(a)
Dependency Parse Tree

nmaod

... observed ... interaction of orexin rec Pptur antagonist almorexant

(b)
Dependency Parse Forest

Figure from: Linfeng Song, Yue Zhang, Daniel Gildea, Mo Yu, Zhiguo Wang, Jinsong Su: Leveraging Dependency Forest for Neural Medical Relation Extraction. EMNLP/IJCNLP (1) 2019,

r v

[hes he ] CIIXTT)

mean pooling

& concatenation
(T) @ @ @

Tree structu re

Dy or DF Graph recurrent network
KO
Bi-LSTM
word
embeddlngs
Wi W WN=2 WN=] Wy



N-Ary Relation Extraction

 Many relations (facts) involve more than two arguments, not always
possible to decompose them into binary facts without losing

information

» 2.5 mg Albuterol may be used to treat acute exacerbations, particularly in children.
» Salmonella infection is a common cause of bacteremia in Africa.

Relation Arity Signature

Treats 5 Drug X Disease X Dosage X DosageForm X Targetgroup

ReducesRisk 4 (Drug U Behavior U Eco factor) X Disease X Targetgroup X Condition
Causes 4 Disease X Disease X Targetgroup X Condition

Diagnoses 3 DiagnosticProcedure X Disease X (BodyPart U Organ)

Table from: Patrick Ernst, Amy Siu, Gerhard Weikum: HighLife: Higher-arity Fact Harvesting. WWW 2018 35



Learning for N-Ary Relation Extraction

* N-Ary relation extraction with graph LSTM

 Compared to event extraction, there is no simplification based on Davidsonian semantics
(trigger-argument relations)

* Cross-sentence extraction

e Assisted with many distant supervision examples

ADVCL

NSUBJ ROOT

PREP_OF

PREP_ON

DET PREP_ON
NN

TN R

The deletion mutation on exon-19 of EGFR gene was present in 16 patients, while the L858E point mutation on exon-21 was noted in 10.
|
; NEXTSENT

All patients were tnf:atvcd with and showed a partial response.

A DET/ TXPASS AMOD,
SS EP_WIT DEF
ROOT CONJ_AND

Fact: tumors with L858E mutation in EGFR gene can be treated with gefitinib.

Figure from: Nanyun Peng, Hoifung Poon, Chris Quirk, Kristina Toutanova, Wen-tau Yih: Cross-Sentence N-ary Relation Extraction with Graph LSTMs. TACL, 2017 36
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Event Extraction

e According to BioNLP Shared Task 2013, there are several domain-
dependent event extraction tasks
* Genia Event Extraction
* Cancer Genetics
e Pathway Curation
e Corpus Annotation with Gene Regulation Ontology
 Gene Regulation Network in Bacteria
* Bacteria Biotopes

* They share similar annotation types
e Text-bound annotation (entity/event trigger)
e Equiv: entity aliases
* E: event
e M: event modification
e R: relation
 N: normalization (external reference)

Claire Nédellec, Robert Bossy, Jin-Dong Kim, Jung-Jae Kim, Tomoko Ohta, Sampo Pyysalo, Pierre Zweigenbaum: Overview of BioNLP Shared Task 2013. BioNLP@ACL (Shared Task) 2013



Event Extraction Example

e Cancer genetics
* 40 event types
e 18 types of entities
e 600 PubMed abstracts
e 17,000 events

 Example Roles:

e Theme: Entity or event that
undergoes the primary
effects of the event.

e Cause: Entity or event that
is causally active in the
event.

Entit
Yy [ Multi-tissue structure ]  (Organism| m
leukocyte adhesion in ear venules of mice with a large flank tumor
Relation
Gene or gene product |~ "Equive--- o gene product | Organism}” ~-aUV=
latent membrane protein 1 (LMP1) in Epstein-Barr virus (EBV)
/ Theme
[Simple chemical] - **“ ™ Regulation o cer B T
Eve nt We study whether L-NAME affects  adenocarcinoma growth
t. We study whether L-NAME affects adenocarcinoma growth.
(V]
=
ID annotation type offset marked text
= r A al (e r - al
§ m Simple chemical LFev2s L-NAME s
2 = . entities
O 2 Cancer 32 46 adenocarcinoma
T4 Regulation 24 31 affects .
% T4 Growth 47 53 growth g9
2 g1 Regulation:T3 Cause:T1 Theme:E2
@ events
= E2 Growth:T4 Theme:T2
Al Speculation El } modifications

- J

event/modif. arguments

Figure from: Sampo Pyysalo, Tomoko Ohta, Rafal Rak, Andrew Rowley, Hong-Woo Chun, Sung-Jae Jung, Sung-Pil Choi, Jun’ichi Tsujii, Sophia Ananiadou. BMC Bioinformatics, 2015. 39



Learning for Event Extraction

e Usually done with a pipeline based approach
e Step 1: Trigger identification and classification

e Step 2: Argument identification and role classification
e Sometimes need to consider entity type constraints

Task 1. Trigger Labeling

' Dependency Tree
' transcw i(B conctept of OBF-1
H ype: protein
: Oi\___\\‘ GO name: !
P : Task 1 input
their respective Oct-2 OBF-1 PU.1

(/\\ ,\)

i ... transcription of their respective genes ( Oct-2, OBF-1 [protein], PU.1 ) ...

Task 1 output

. transcription [transcription] of their respective genes ( Oct-2, OBF-1 [protein]| , PU.1) ... 4—5 KB-driven Tree-LSTM
@ § Q0O

N

Task 2. Argument Role Labelin (= = - = :
_____________________________________ e ©<¢0 0¢0] [@¢JO):
Shortest Dependency Path = :
Et intion [t intion] KB concept of OBF-1 : ; OO0
i transcription [transcription Type: protein > — -
' JT\UI‘ GO name: Task 2 input ; S —
- ; e .
genes ' () KB type embedding
' ' KB sentence embedding
OBF-1 [protein]| () word embedding
Th1 o
e Task 2 output J

... transcription [transcription] of their respective genes ( Oct-2 , OBF-1 [protein] , PU.1) ... <

Figure from: Diya Li, Lifu Huang, Heng Ji, Jiawei Han: Biomedical Event Extraction based on Knowledge-driven Tree-LSTM. NAACL-HLT (1) 2019
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Event Relations

e Usually appear in temporal relation extraction, narrative schema,
discourse analysis in NLP

e Annotation Scheme
e Triggers and arguments
e Semantic roles

e Event-event relations
e Cause, Enable, Prevent, Super

Cause-or *
S Cause Cause-or -
uper
(Trigger] "‘e“‘ T“""
Also, slippage can occur during DNA replication, such that the template shifts with respect to the new complementary
c Cause-or
ause-or
Y \ Theme

Th \ Agent Agent
A& l.{!':nentf eme ~rrigger gen gen YFriager

strand, and a part of the template strand is either skipped by the replication machinery- or used twice as a template.

Aju Thalappillil Scaria, Jonathan Berant, Mengqgiu Wang, Peter Clark, Justin Lewis, Brittany Harding, Christopher D. Manning: Learning Biological Processes with Global Constraints. EMNLP 2013
Figure from: Jonathan Berant, Vivek Srikumar, Pei-Chun Chen, Abby Vander Linden, Brittany Harding, Brad Huang, Peter Clark, Christopher D. Manning: Modeling Biological Processes for Reading
Comprehension. EMNLP 2014 42



Event Relations

* Answering questions

---------------------------------------------------------------------------------------------------------------------------------------------

: ... Water is split, providing a source of elec- :

THEME

. ) . : THEME -

: trons and protons (hydrogen ions, H") and : D | water e w3l J1ghE
: giving off Oz as a by-product. Light ab- : '

: : — Step 1 (>

: sorbed by chlorophyll drives a transfer of : ‘

: ; ions

the electrons and hydrogen ions from water

......................................................................

: to an acceptor called NADP+ ... ”

--------------------------------------------------------------

Q What can the splitting of water lead to? :
a Light absorption :

b Transfi fi , THEME . (CAUSE|ENABLE) T THEME - :

S r‘m"emm“"\ Do water [ split »(_ absorb ) »{ light

Step 2 _/ THEME . (C.-\US[E|ENABI_[-‘_)+ THEME [~ :
N AL split »(_ transfer e > ions

Figure from: Jonathan Berant, Vivek Srikumar, Pei-Chun Chen, Abby Vander Linden, Brittany Harding, Brad Huang, Peter Clark, Christopher D. Manning: Modeling Biological Processes for Reading
Comprehension. EMNLP 2014 43



Outline

* Introduction
 Knowledge Graph Construction

 Knowledge Graph Inference
 Knowledge graph representations
e Application: QA with knowledge graph

44



What is the difference..

* between a knowledge graph and traditional graphs, such as
social networks?

 Knowledge graphs are information networks with semantic
meanings
e Entities/instances can be typed/conceptualized
 Knowledge graph structures show different properties
e Types/concepts can be organized as a hierarchical tree.



KG as a Multi-relational Graph

* Nodes are treated as the same type

e Relations are distinguished in triplets
UG Ewar (head, relation, tail)

Genomic Score(h + rk |h + rk _ J ||

Medicine / \

Tail entity ID j
e.g., Diarrhea

Drug
Repurposing

Relation type k
e.g., SymptomOfDisease

Phenotype/
N - Genotype o
Disease Network Association B Gene Network

Score(hi + 1, — tj)>Score(hl- +r,—t)+6

Figure Credit: Fei Wang
Antoine Bordes, Nicolas Usunier, Alberto Garcia-Duran, Jason Weston, Oksana Yakhnenko: Translating Embeddings for Modeling Multi-relational Data. NIPS 2013

David Chang, et al., Benchmark and Best Practices for Biomedical Knowledge Graph Embeddings. BioNLP 2020 46



Many Variants of Multi-relational Embedding

Model Score Function Symmetry | Antisymmetry | Inversion | Composition
SE — HWr,lh — W’r,QtH X X X X
TransE —[h+r —t| X v v v
TransX —|gr.1(h) + 1 — gr2(t)|| v v X X
DistMult (h,r, t) v X X X
ComplEx Re((h,r,t)) v v 4 X
RotatE —|lhor — tf v v v v
A
e Symmetry ! h
* Vx,y r(x,y) = r(y,x)
-
* Anitsymmetry
e Vx,y r(x,y) = —r(y, x) X ,
* |nversion

* Vx,y 1(x,y) = (Y, x)

Composition

e Vx,y,z r(x,y) A1y (y,2) = 1r3(x, 2)

Figure and Table from: Z. Sun, Z.-H. Deng, J.-Y. Nie, and J. Tang, “Rotate: Knowledge graph embedding by relational rotation in complex space,” in ICLR, 2019.

An example of modeling symmetric relations with
RotatE model. The relation corresponds to a
counterclockwise rotation by 6, radians about the
origin of the complex plane

47



KG as a Heterogeneous Information Network

e A Heterogeneous Information Network
e Typed entities
e Typed relations

contain

cause ..
similarTo

Figure Credit: Yizhou Sun, WWW’17 Tutorial
Yizhou Sun, Jiawei Han, Xifeng Yan, Philip S. Yu, Tianyi Wu: PathSim: Meta Path-Based Top-K Similarity Search in Heterogeneous Information Networks. Proc. VLDB Endow. (2011) ¢



Heterogeneous Information Network (HIN)

* A powerful tool provided by HIN representation is the semantic
similarities computed based on metapaths or metagraphs

P1 P2 D3 Si1 Sy S3 Su S1 Sy S3  Su
d, 1 pt |1 |1 d4 1 |1
d, |1 1 D> 1 |1 d, [1 |1 1
d 1 D3 1 ds 1 1
Wpp Whps Wps = Wpp Wps
S1 S1
dy P1 P1 dy
S5 S2
dy 1) P2 d;
S3 S3
d3 P3 P3 ds
S S4

49



HIN Embeddings—MetaPath2Vec (pong et i, 2017

* Embedding nodes based on DeepWalk [perozzi et al, 2014] guided by metapaths

%)
N

P2

Guided random walk
following the given meta-path

dq P1 : G [ P2
I
d, P2 o T
S3
d3 P3
S, d3 > D2
HIN
Metapath

Bryan Perozzi, Rami Al-Rfou, Steven Skiena: DeepWalk: online learning of social representations. KDD 2014
Yuxiao Dong, Nitesh V. Chawla, Ananthram Swami: metapath2vec: Scalable Representation Learning for Heterogeneous Networks. KDD 2017

S2

SNEEEEE

d, | F

u P2 |
— ] — —
d, O

Skipgram u

Also a lot of extensions to
this approach

Anahita Hosseini, Ting Chen, Wenjun Wu, Yizhou Sun, Majid Sarrafzadeh: HeteroMed: Heterogeneous Information Network for Medical Diagnosis. CIKM 2018

Tingyi Wanyan et al., Heterogenous Graph Embeddings of Electronic Health Records Improve Critical Care Disease Predictions. AIME 2020
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KG as an Attributed Network

e Attributes are important features of a

knowledge graph
e Wikipedia info box
o Attribute knowledge extraction

stmt6: We showed that extracellular acidic pH reduces the
activity of TRPV5/V6 channels , whereas alkaline pH
increases the activity of TRPV5/V6 channels in Jurkat T cells.

fact 1: ( extracellular acidic pH,

reduces, {TRPVS5/V6 channels: activity} )
fact 2: (alkaline_pH, increases, { TRPV5/V6_channels: activity})
condition 1: ( TRPV5/V6_channels, in, Jurkat T cells )

stmt1: A diacylglycerol kinase is involved in the regulation of
interleukin-2 synthesis in Jurkat T cells.

fact 1: ( diacylglycerol kinase, is_involved in,
{interleukin-2 synthesis: regulation} )
condition 1: ( interleukin-2_synthesis, in, Jurkat T cells )

statement tuples

regulation

increases

fact/condition tuples

interleukin-2_

synthesis

glycerol_kinase

concepts/attributes

kat T cells

TRPV5/V6_
channels

Coronavirus disease 2019

From Wikipedia, the free encyclopedia

This article is about the disease. For the pandemic it has caused, see COVID-19 pandemic.

"COVID" redirects here. For the group of diseases, see Coronawvirus disease

Coronavirus disease 2019 (COVID-19) is an infectious disease caused by
severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) Bl It was
first identified in December 2019 in Wuhan, Hubei, China, and has resulted
in an ongoing pandemic. "M As of 13 August 2020, more than 20.6 million
cases have been reported across 188 countries and territories, resulting in
more than 749,000 deaths. More than 12.8 million people have recovered [8

Common symptoms include fever, cough, fatigue, shortness of breath, and
loss of smell and taste 2583 While most people have mild symptoms,
some people develop acute respiratory distress syndrome (ARDS) possibly
precipitated by cytokine storm [" multi-organ failure, septic shock, and
blood clots PBIE07] The time from exposure to onset of symptoms is
typically around five days, but may range from two to fourteen days [FI18]

The virus is primarily spread between people in close proximity, @ most often
via small droplets produced by coughing, [ sneezing, and talking [EI191121)
The droplets usually fall to the ground or onto surfaces rather than travelling
through air over long distances [¥122] However, the transmission may also
occur through smaller droplets that are able to stay suspended in the air for
longer periods of time in enclosed spaces, as typical for airborne
diseases.2? Less commonly, people may become infected by touching a
contaminated surface and then touching their face B9 1t is most
contagious during the first three days after the onset of symptoms, although
spread is possible before symptoms appear, and from people who do not
show symptoms B9 The standard method of diagnasis is by real-time
reverse franscription polymerase chain reaction {rRT-PCR) from a
nasopharyngeal swab.2¥ Chest CT imaging may also be helpful for
diagnosis in individuals where there is a high suspicion of infection based on
symptoms and risk factors; however, guidelines do not recommend using CT
imaging for routine screening [25]126]

Recommended measures to prevent infection include frequent hand
washing, maintaining physical distance from others (especially from those
with symptoms), quarantine (especially for those with symptoms), covering
coughs, and keeping unwashed hands away from the face [727128] The use
of cloth face coverings such as a scarf or a bandana has been
recommended by health officials in public settings to minimise the risk of
transmissions, with some authorities requiring their use [2I3% Health
officials also stated that medical-grade face masks, such as N95 masks,
should be used only by healthcare workers, first responders, and those who
directly care for infected individuals 11521

Thrrn arn ma mraisn aeninne nae cnaeifie anbiiesl fraabeesete fae COLIN

Coronavirus disease 2019

Other names

(COVID-19)

» Coronavirus

» Corona
CoviD
2019-nCoV acute
respiratory disease
Sars-Cov

Movel coronavirus
pneumonial 121
Severe pneumonia with
novel pathogens®!

False-color transmission electron microscope

Pronunciation

Specialty
Symptoms

Complications

Usual onset
Causes
Diagnostic
method

Prevention

Treatment
Freguency

image of Coronavirus

Ika'Touna yamras dr ziz/

Infectious disease
Fever, cough, fatigue,
shoriness of breath, loss of
smell; sometimes no
symptoms at alli*lel
Pneumenia, viral sepsis, acute
respiratory distress syndrome,
kidney failure, cytokine release
syndrome

2—14 days (typically 5) from
infection

Severe acule respiratory
syndrome coronavirus 2
(SARS-CoV-2)

rRT-PCR testing, CT scan

Hand washing, face coverings,
quarantine, social distancing!™
Symptomatic and supportive

20,524,316 confirmed cases

Figure from: Tianwen Jiang, Tong Zhao, Bing Qin, Ting Liu, Nitesh V. Chawla, Meng Jiang: The Role of: A Novel Scientific Knowledge Graph Representation and Construction Model. KBD 2019



KG as a Attributed Network

~
Attributes "i

* Has been studied in data mining community L¥ ¥

1
!
Relations |
|

P(S|X) |

for a few years

[Lin et al., 2016]

Base Embedding

 Traditional knowledge graph representation
can be reformulated to attributed networks ‘

[Lin et al., 2016] /

e ® /Node Attributes ",

Input Layer

e Little has been done for biomedical _ ANV A I
knowledge graphs but future work has been R S V22
mentioned by existing embedding work [Yue et

Edge Embedding
al., 2016] Q o o
P 5,
@}
l. J L v— J
Generating Overall Node Embedding Heterogeneous Skip-Gram

Figure from: Yankai Lin, Zhiyuan Liu, Maosong Sun: Knowledge Representation Learning with Entities, Attributes and Relations. IJCAl 2016 [Cen et aI., 2016]
Figure from: Yukuo Cen, Xu Zou, Jianwei Zhang, Hongxia Yang, Jingren Zhou, Jie Tang: Representation Learning for Attributed Multiplex Heterogeneous Network. KDD 2019
Xiang Yue, et al.: Graph embedding on biomedical networks: methods, applications and evaluations. Bioinform. 36(4): 1241-1251 (2020) 52



KG as a Hierarchical Network

 Many knowledge graphs has tree-based categorizations

* An example of human diseases: the ICD10 Classification

ADC-AD9 Intestinal infectious diseases

A15-A19 Tuberculosis

A20-A28 Certain zoonotic bacterial diseases

A30-A49 Other bacterial diseases

AS0-AB4 Infections with a predominantly sexual mode of transmission
ABS-AGY Cther spirochaetal diseases

ATO-AT4 Other diseases caused by chlamydiae

AT5-ATY Rickelisioses

AB0-A89 Viral infections of the central nervous system

AS2-A99 Arthropod-borne viral fevers and viral haemorrhagic fevers

BOO-BOg9 WMMMIDEH by skin and mucous membrane lesions
Neoplasms . B15-B19 Viral hepatitis
Blood- e a uman immunodeficiency virus [HIV] disease
B25-834 Other viral diseases
B35-B49 Mycoses

B50-B64 Protozoal diseases
B65-B83 Helminthiases

pequelae of infectious and parasitic diseases
$8 Bacterial, viral and other infectious agents
B99-899 Other infectious diseases

igestive() (00 008 Pregnancy with aboriive outcome
ICDD18-@ Oedema, proteinuria and hypertensive By R in pregnancy. childbirth and the puerperium

020-0P4 i 94 isorders predominantly related to pregnancy
030-048 Maternal care related BRI YEY
Childbirth 60—075 Complications of labour and delivery
Pe“na‘a‘o 080-034 Delivery
OBSH@S@MBQ@UHS predominantly related to the puerperium

f\ij%rﬁ)]aE X ®onstemc conditions, not elsewhere classified O
Injuryo

E)ﬂemal—CauseSO

niotic cavity and possible delivery problems

Famor—inﬂuenciﬂgo
U00-U49 Provisional assignment of new ases of unceriain etiology or emergency use

al
Jg2- gﬂes@ﬂc& to antimicrobial and antineoplastic drugs8

ABS5 Non-venereal syphilis

ABB Yaws

AGT Pinta [carate]

AB8 Relapsing fevers

ABS Other spirochaetal infections

B25 Cytomegaloviral disease

B26 Mumps

B27 Infectious mononucleosis

B30 Viral conjunctivitis

B33 Other viral diseases, not elsewhere classified
B34 Viral infection of unspecified site

013 Gestational [pregnancy-induced] hypertension without significant proteinuria
014 Gestational [pregnancy-induced] hypertension with significant proteinuria
015 Eclampsia

016 Unspecified matemal hypertension

094 Sequelae of complication of pregnancy. childbirth and the puerperium

095 Obstetric death of unspecified cause

095 Death from any obstetric cause occurring mere than 42 days but less than one year after delivery

097 Death from sequelae of direct obstetric causes

098 Maternal infectious and parasitic diseases classifiable elsewhere but complicating pregnancy, childbirth and the puerperium
099 Other maternal diseases classifiable elsewhere but complicating pregnancy, childbirth and the puerperium

UB2 Resistance to betalactam antibiotics

U83 Resistance to other antibiotics

UB4 Resistance to other antimicrobial drugs

U85 Resistance to antineoplastic drugs

U88 Agent resistant to multiple antibiotics

U&9 Agent resistant to other and unspecified antibiotics

010 Pre-existing hypertension complicating pregnancy, childbirth and the puerperium
011 Pre-existing hypertensive disorder with superimposed proteinuria
012 Gestational [pregnancy-induced] oedema and proteinuria without hypertension

https://holtzy.github.io/Visualizing-the-ICD10-Classification/

53


https://holtzy.github.io/Visualizing-the-ICD10-Classification/

Hierarchical Network Embeddings

e Gaussian Embedding [Luke Vilnis, Andrew McCallum, 2015]

e Hyperbolic Embedding [Nickel and Kiela, 2017]
e Application in biomedical KG [Cao et al., 2020]

Box Embedding [Luke Vilnis, et al., 2018]

%

(a) Geodesics of the Poincaré disk (b) Embedding of a tree in 13°

[Vilnis and McCallum, 2015] [Vilnis et al., 2018]
Poincaré Ball Model

[Nickel and Kiela, 2017]
Luke Vilnis, Andrew McCallum: Word Representations via Gaussian Embedding. ICLR 2015
Luke Vilnis, Xiang Li, Shikhar Murty, Andrew McCallum: Probabilistic Embedding of Knowledge Graphs with Box Lattice Measures. ACL (1) 2018

Maximilian Nickel, Douwe Kiela: Poincaré Embeddings for Learning Hierarchical Representations. NIPS 2017: 6338-6347
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New Applications: Answering Logical Queries

e With a KG, predict what drugs are likely to target proteins involved
with both diseases X and Y?

e Requires reasoning about all possible proteins that might interact with
diseases X and Y

C.3P : AssoC(dy, P) A ASSOC(dy, P) A TARGET (P, C>) INTERACT_X
“Predict drugs C» that might target proteins that are 7 types of X:
associated with the given disease nodes d; and dy ” - physical binding PROTEIN - ASSOC DISEASE
& - CD'EXP"'ESSFO” n = 17,467 n = 14,080
p Ch - catalysis
d ’ - activation
1 - inhibition, etc. 29 types of X
- cardiovascular
HAS_FUNCTION TARGET TREAT/| . reproductive
- cognition, etc.
IS_A INTERACT_X
PROCESS SIDE EFFECT CAUSE DRUG
g e e —
n = 44,639 n = 10,184 n=11,272

Figures from: William L. Hamilton, Payal Bajaj, Marinka Zitnik, Dan Jurafsky, Jure Leskovec: Embedding Logical Queries on Knowledge Graphs. NeurlPS 2018 55



New Applications: Answering Logical Queries

e With a KG, predict what drugs are likely to target proteins involved
with both diseases X and Y?
 Encoding edge and path relationships in knowledge graphs: @

e Geometric intersection, I, takes this set of query embeddings and produces a
new embedding

Bio data
C>.3P : TARGET(C, P) A ASSOC( P, do) A ASsOC( P, ds)
Input query Bilinear DistMult TransE
Algorithm 1: Query embedding generation GQE trainin AUC 91.0 90.7 88.7
Input :Query anchor nodes A, query variable nodes B, amning - Apr 91.5 91.3 89.9
query edges £,, a map d, from query variables d2
to their degree in the query DAG P Gy Edee trainin AUC 79.2 86.7 78.3
Output : Query embedding q dy Guery DAG g € APR 78.6 87.5 81.6
() = dictionary mapping every V; € B to an empty set; :
for (v, V;) € & : v; € Ado o inde odos that
| Q[V’]] Q[VJ] U ’P(zw, ) | satisfy the query
while |Q.key_set| > 0 do
A = empty dictionary; Zd.\P
for V; € Q.key_set : |Q[Vi]| = dy(V;) do ! “hg
A[Vi] = Z(Q[Vi)): ;P @ S
delete Q[Vi]; Y. . <
for V; € A.key_set do Zd.""'? :
for 7(V;, Vi) €& : Vi =V, do 2 e, ‘.:
| QIVi] =Q[W]U ’P (A[Vi], 7
return A[V:];
e orere ® o000 © ° ]
Operations in an embedding space LA *® o0 ®

Figures from: William L. Hamilton, Payal Bajaj, Marinka Zitnik, Dan Jurafsky, Jure Leskovec: Embedding Logical Queries on Knowledge Graphs. NeurlPS 2018 56



New Applications: Subgraph Isomorphism Counting

e With a KG, predict how many drugs are likely to target proteins
involved with two coronavirus diseases in the knowledge graph?

e Requires scanning the whole graph and memorize all possible subgraphs

involves one drug and two coronavirus diseases
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Figures from: Xin Liu, Haojie Pan, Mutian He, Yangqiu Song, Xin Jiang, Lifeng Shang: Neural Subgraph Isomorphism Counting. KDD 2020
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New Applications: Subgraph Isomorphism Counting

* A general QA model is applied to graph
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New Applications: Subgraph Isomorphism Counting

* Interactions between the query graph and target graph can be
computationally costly

* An intermediate memory is used to iteratively attend query and
target
* Linear time cost

aibz My
Pl 1, qil S Ny More details at: Session 6
Representation SO 1,0 o T,0 @] 1,0 Presentation - Thu 10 AM-12 PM
1 1 2 2 M M
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- @ I I l Repeat for CET - Thu 5-6 AM
: Graph o, I @, | . [ o, Graph Mining 3
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Figures from: Xin Liu, Haojie Pan, Mutian He, Yangqiu Song, Xin Jiang, Lifeng Shang: Neural Subgraph Isomorphism Counting. KDD 2020 59



Conclusions

* We covered knowledge graph related topics in the healthcare related
domains
e Knowledge graph construction
 Knowledge graph learning and inference

 Many new technologies have been developed for

e Natural language processing
* Generation
e Dialogue
e Personalization

e Recommendation

e Drug discovery

Thank you for your attention! ©
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