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About Us: BDSG

Founded by UC Berkeley Data Science instructors and
alumni with the goal of bringing Berkeley data science
projects to market and commercializing Berkeley Data
Science research.



About Us: the Speakers

Denis Vrdoljak
denis@bds.group

dvrdolja(@cisco.com

Gunnar Kleemann, PhD

gunnar(@bds.group

gunnarkl@berkeley.edu


mailto:gunnar@bds.group

Why Graphs?

Why Graph Databases?



GRAPH DB’S OPTIMIZED FOR RELATIONSHIPS

o GRAPH DATABASES STORE DATA IN TABLES/ROWS/COLUMNS, JUST LIKE A
TRADITIONAL RDBMS

e FIRST CLASS CITIZEN IS A RELATIONSHIP, NOT AN ENTITY

e GRAPH DB’S ARE OPTIMIZED FOR GRAPH TRAVERSALS

e THIS ALSO MAKES THEM SLOW AT DATA RETRIEVAL

e BUT, THEY’RE A LOT FASTER AT TRAVERSING THE NODES OF A GRAPH!
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WHAT IS GRAPH THEORY?

DATES BACK TO 1736: SEVEN BRIDGES OF KONIGSBERG, BY LEONHARD
EULER

LAID DOWN THE ORIGINAL GROUNDWORK FOR WHAT BECAME GRAPH
THEORY

ALSO EVOLVED INTO MODERN DAY NETWORK ANALYSIS (OR NETWORK
GRAPH ANALYSIS) AND SOCIAL NETWORK ANALYSIS (SNA)



THE SEVEN BRIDGES OF KONIGSBERG

Can you visit each part of the town, using each bridge only once?

CAME UP WITH A NEW WAY OF THINKING ABOUT THE PROBLEM, AND

IN TURN BECAME THE — 9
w
C, X N 7
~=la



RECOMMENDER SYSTEMS:
TRADITIONAL VS. GRAPH

e EXPLORATORY

e HIGHLY
CONTEXTUAL

e KNOWN RULES

o AT SCALE

e PRODUCTION
DEPLOYMENTS
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APPLICATIONS OF GRAPH THEORY

e SOCIAL NETWORK ANALYSIS

e MAP [/ GPS ALGORITHMS - SHORTEST DISTANCE BETWEEN TWO POINTS,
ETC.

o Al ALGORITHMS

e SEARCH ENGINE ALGORITHMS



EXAMPLES OF GRAPH APPLICATIONS

9/11 TERRORIST NETWORK
LONDON PHONE NETWORK
ENRON EMAILS

PANAMA PAPERS



Intro
Background
Examples

Graph Databases



Intro
Background
Examples

Graph Databases



CONSIDER A TYPICAL JOB REQUISITION

Job Title

topic Information

Company and institute
workplace
geographic location

Keywords
skills
experience/focus



JOB REQUISITION ANALYSIS BY SKILLS

City Company Job Title Skill
| soroisc_ :
Francisco
Python

Bioinformattics

DNA analysis

Asuragen
manager
SQL




LOOKING AT A SKILL CAN SUGGEST A GEOGRAPHIC HUB

City Company Job Title Skill

Francisco Pfizer

San

Genentech

Bioinformattics

o

0 Asurqgen



LOOKING AT A REGION WE MIGHT SUGGEST CRUCIAL SKILLS

City Company Job Title Skill
R
Python

Bioinformattics

DNA analysis

Asuragen
manager
SQL




WE CAN SUGGEST DEFICIENT SKILLS

City Company Job Title Skill

Python

DNA analysis



THE FINAL API

(('python', 328), [('plus’, 636),
('similar', 137), ( 'programming experience', 615),

(‘unix', 136), ('python', 383),
('programming experience', 21), ('sql', 324),
('lanquage’', 15)] ('r', 320))
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https://public.tableau.com/profile/denis.vrdoljak#!/vizhome/SVvsNY_JobSkillsPercentCompare/Sheet32publish=yes



Who has Betfter Data Scientistse




Who has Betfter Data Scientistse

Sheet 1

Skill




Who has Betfter Data Scientistse

Sheet 1 ~=gion

B New York

Skill Silicon Valley
database

degree

design
development
engineering
environment
experience
financial

full

google




Who has Betfter Data Scientistse

Sheet 1 M new York

Skill Silicon Valley

ability
amp
analysis
analyst
analytics

application |

area
based
business
candidate
center
client
cloud
communication
company
control
customer
data
database
degree
design
development
engineering |
environment
experience
financial
full




...now let's take a look back to our
very first project, and what we've
done with It since!
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CONDUCTING A JOB
SEARCH IN BIOTECH

YOU COULD IDENTIFY BIOTECHNOLOGY HUBS BY
COUNTING COMPANIES



BIOTECH HUBS CAN BE PROFILED BY IPO AND %
SCIENTISTS

Percent of Companies that Reach IPO and Percent of

Companies that are Scientists in Key Cities :
Percent IPO = % Companies
EEE Percent IPO

BN Percent Scientists I'eCIChing IPO in < 6000 dCin

National average is ~16%
reach IPO.

Percent

National average is ~21%
Scientfists.

San Diego
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BASED ON TRADITIONAL MACHINE LEARNING ANALYSIS
WE BUILT BIOREVS

Success Likelihood
IPO Likehood:25.2%

Success Likelihood
IPO Likehood:25.4%

23 and me Theranos

U R I B ]
75% 100%

50%
Predicted IPO Likelihood

75% 100%

50%
Predicted IPO Likelihood

Expected Valuation

Expected Valuation
Forecasted IPO Amount: $521,812,444

Forecasted IPO Amount: $133,861,306

*Data up to 2013



WE CAN USE A GRAPH TO
GET MORE



PUBLICATIONS CAN BE PARSED INTO IMPORTANT DATA

Journal -

Discipline
Audience
Impact

nawure

genetics

ANALYSIS

Understanding multicellular function and disease with
human tissue-specific networks

S Greene!*13, Arjun Krishnan®!3, Aaron K Wong>:

%E a Ri elaya!,

Daniel S Himmelstein®, Ran Zhang®, Boris M Hartmann'?, Elena Zaslavsky', Stuart C Sealfon'?,
Daniel I Chasman'!, Garret A FitzGerald®’, Kara Dolinski?, Tilo Grosser®” ¥

Tissue and cell-type identity lie at the core of human
physiology isease. Understanding the genetic
underpinnings of complex tissues and individual cell lineages is
crucial for developing improved diagnostics and therapeutics.
We present genome-wide functional interaction networks for
d cell types developed using a data-driven

Bayesian methodology that integrates thousands of diverse
experiments spanning tissue and disease states. Tissue-specific
networks predict lineage-specific responses to perturbation,
identify the changing functional roles of genes across tissues
and illuminate relationships among diseases. We introduce
NetWAS, which combines genes with nominally significant

ide association study (GWAS) P values and tissue-
specific networks to identify disease-gene associations more
accurately than GWAS alone. Our webserver, GIANT, provides
an interface to human tissue networks through multi-gene
queries, network visualization, analysis tools including
NetWAS and downloadable networks. GIANT enables
systematic exploration of the landscape of interacting
genes that shape specialized cellular functions across more
than a hundred human tissues and cell types.

The precise actions of genes are frequently dependent on their tissue
context, and human diseases result from the disordered interplay of

Department of Gene
New Ham USA. 2Dartmx
Lebanon, New Hampshire, U:
Dartmouth Colleg

tissue- and cell lineage-specific processes!-%. These factors combine
to make the understanding of tissue-specific gene functions, disease
pathophysiology and gene-disease associations particularly challeng
ing. Projects such as the Encyclopedia of DNA Elements (ENCODE)
and The Cancer Genome Atlas (TCGA)® provide comprehensive
genomic profiles for cell lines and cancers, but the challenge of under-
standing human tissues and cell lineages in the multicellular context of
a whole organism remains’. Integrative methods that infer functional
gene interaction networks can capture the interplay of pathways, but
existing networks lack tissue specificit
Although direct assay of tissue-specific features remains
infeasible in many normal human tissues, computational methods
can infer these features from large data compendia. We recently found
that even samples measuring mixed cell lineages contain extractable
information related to lineage-specific expression”. In addition to
tissue specificity, we!®-!3 and others'#-!7 have shown that hetero
geneous genomic data contain functional information, for example,
of gene expression regulation by protein-DNA, protein-RNA,
protein-protein and metabolite-protein interactions. Here we develop
and evaluate methods that simultaneously extract functional and
tissue or cell-type signals to construct accurate maps of both where
and how proteins act
We build genome-scale functional maps of hy
by integrating a collection of data sets, ousands of
experiments contained in mgy distinct publications.
ese Pmatically assess each data set for its
O 144 tissue- and cell lineage-specific functional
5. The resulting functional maps provide a detailed portrait of
protein function and interactions in specific human tissues and cell
lineages ranging from B lymphocytes to the renal glomerulus and
the whole brain. This approach allows us to profile the specialized
function of genes in a high-throughput manner, even in tissues and
cell lineages for which no or few tissue-specific data exist

In contrast with tissue-naive networks, which assume that the func

itle -

e topicinformation
ollaborator list
professional
relationships

ompany and institute

e workplace

« geographic
location



PUBMED DATABASE
THE WORLD'S BIOMEDICAL RESEARCH

24,000,000

FULL PUBMED DATASET (ALL BIOMEDICAL LITERATURE)

~ 1.5 MiILLION OPEN SOURCE

PUBMED CENTRAL (BIOTECH-OPEN ACCESS SUBSET)

DATA INCLUDE: PUBLICATION TITLES, AUTHORS, AND OTHER METADATA



PUBLICATION AND COMPANY DATA IN A GRAPH

City Institution Author Paper Title words

San
Francisco id44234

stress

cancer

pathogen
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QUANTIFICATION OF SCIENCE
NETWORKS WITH COLLABORATION
GRAPHS



WE CAN GET THE COLLABORATION NETWORK
TOPOLOGY FROM THE GRAPH

Types () match (author: $x, $y); ~EH ® ) £
$x isa person has name "COLEEN T MURPHY";

$x isa person has name $name;

$y isa article has title $title; offset 8; limit 38;

TBF SmaMab Signsling Mutstions L pr Aging from Aging
article: G2E0638264
I
"
.-"._-"'authﬂ'-._
o T orcon: BEDBEE1SE
{ The Evolutianarilty Conserved Longevity Determinents HCFL and 1 "215IRT1 Callsborste to Regulste DAF1GFOXD
/ P r— == e i BSBSEHISE
orticle 6262309136 % _ - _ » persomBSB521GE3
y R 11;-'_ mm_ o -a'f'"ﬁm.___ n
author y _work P ‘W""f. persan: B1E280736
/ N o wor T U oo 819857830
/ uulﬂln'?'.n'_uumm" - _:wn\mm ._ ——author——__ > person: B55723616
COLEENTMURPHY Py T T
Vit author— = e araon: 210030655
ez B1680330K . srticler 10272165812 o= DAFLE and POM Partners In longevity
> 9 *
W\ ..___._..aulhnr. _— vork o Insulin and Distary Diff Influsnce the Decling of Leaming and Memory with Age
\ \almhm_-_ -'aumm_-._ - o
R '_'mm_mm.-— m*ﬂm ~* Daverindependent insuliniBF1signsliing implicates collagen remodelling in longevity
author™, erticle: 8529345880 ~ A New Systam for Comparstive Fungtions! Benomiss of
NN, ~ Y work
o ® article- 13032988696 = Regulatory o o e e e

.'. - -wa‘:(m-"?.m.n articls: 4138755998 —»- Thegell| erticle: 6583722232
- erticle: SA11307552 = Ty \orerspction of Aging Longavity Pethweys end Lesmming and Memary In

Tkl

EY
article: B0ET755160 = Call biology of dissese end aging & twoway strest

£
Global Prediction of TissusSpecific Gens Expreesion end Contextlependent Gene Networks in



SOME TYPICAL PUBLICATION PATTERNS

SCOTT EMMONS' COLEEN MURPHY'S
?ND DEGREE ?ND DEGREE
COLLABORATION COLLABORATION

NETWORK NETWORK




INCREASING NODE COUNT WITH DISTANCE FROM
AUTHOR

Papers

CoAuthors

Secondary

Tertary
PAPERS < COAUTHORS <
SECONDARY < TERTIARY

O
=

|

v

w

S. MASHKO
C. MURPHY

G. EYSENBACH




WE CAN SEE AN OUTLIER!

PAPERS <
COAUTHORS <

SECONDARY <
TERTIARY

1

H

(

S. MASHKO
C. MURPHY
EYSENBAC

G



A BIG PUBLISHER WITH 2055 LINKS!

“*ONE OF THE MOST PRODUCTIVE RESEARCHERS, EDITORS, AND
PUBLISHERS IN THE ONLINE HEALTH FIELD."

IN 2004 RECEIVED THE JANSSEN-CILAG FUTURE AWARD, REFERRED
TO AS THE GERMAN “HEALTH CARE NOBEL PRIZE".

FOUNDER OF AN ACADEMIC FIELD!

ASSOCIATION BETWEEN SEARCH ENGINE QUERIES AND INFLUENZA
INCIDENCE,

HE COINED THE TERMS "INFOVEILLANCE" AND "INFODEMIOLOGY"
FOR THESE KINDS OF APPROACHES.



FEW CO-AUTHORS AND MANY PAPERS SUSPICIOUS
PATTERN

BUT HE IS ONLY CITED FOR 120 PAPERS AND 40 BOOK
CHAPTERS.

SO WHAT ARE THOSE OTHER 1900 LINKS ¢

PROBABLY EDITING JOBS (FALSE POSITIVES)

Coauthors——
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SOME KEY GRAPH

DATABASES

NEO4J (WELL SUPPORTED)

TITAN/JANUS GRAPH (DISTRIBUTED BACKEND)
AGENSGRAPH (POSTGRES COMPATIBLE)
GRAKN (KNOWLEDGE GRAPH)
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Background
Examples
Our Work



e INDUSTRY STANDARD FEATURES
e LARGE USERBASE AND DEVELOPER COMMUNITY
e BUILT FROM THE GROUND UP AS A GRAPH DATABASE

https.//neo4j.com/



TITAN/JANUS GRAPH f_g{mm

e APACHE PROJECT

e EARLY ADOPTER OF DISTRIBUTED BACKEND

e ELASTIC SCALABILITY

e [NTEGRATION WITH TINKERPOP GRAPH STACK
e MULTIPLE USER ACCESS

e REAL TIME UPDATES

https://www.predictiveanalyticstoday.com/titan/



AGENSGRAPH

e HIGHLY PERFORMANT GRAPH DATABASE
e HYBRID DATABASE BUILT ON POSTGRESQL
e SQL AND CYPHER IN THE SAME QUERY

hitp://bithine.net/agensgraph/eck
attempi=1



=

GRAKN.AI
THE DOATABASE FOR Al

CLVALQ)

o KNOWLEDGE REPRESENTATION IN GRAPHS FOR Al PURPOSES
o NODES REPRESENT ““OBJECTS’’, AND EDGES ARE RELATIONSHIPS

BETWEEN THEM.
e SQL-TYPE QUERY LANGUAGE, GRAQL, USED TO QUICKLY AND
INTUITIVELY MAKE QUERIES IN THE KNOWLEDGE GRAPH
e STEADILY GROWING TECHNOLOGY

hitps://grakn.ai/



Thank You!

-Denis Vrdoljak, MIDS
Managing Director, BDSG
Marketing Analyst/Data Scientist, Cisco

-denis@bds.group

-dvrdolja(@cisco.com

Gunnar Kleemann, PhD, MIDS
Senior Data Scientist, BDSG
Data Science Instructor, UC Berkeley

-gunnar(@bds.group

-gunnarkl@berkeley.edu
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