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About Franz Inc.

« Privately held, Self-funded, Profitable since 1984
 Headquartered: Oakland, CA
» Flagship product: AllegroGraph

 Compiler History: Common Lisp and Prolog
for Artificial Intelligence and Complexity

* Industries: Healthcare, Intelligence/Defense, Pharma/Biotech

« Key Customers: Siemens, BlueCross/BlueShield, Novartis, Wells Fargo,

Credit Suisse, AstraZeneca

« Strategic Partners: BAE, Intel, Cloudera, Montefiore Health Systems
Mitre, Smart Logic, MongoDB, TopQuadrant, Expert
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Knowledge Graphs in the intelligence world

« Police: advanced tracking of People of Interest.

« Recording and annotating meta data about satellite pictures
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A knowledge graph in healthcare

SOLUTION BRIEF

Healthcare a Ln‘e S&nces
Data Analytlcs Solutions

Monteﬁo‘e Creates Data An

Platform to Advance Patient Care

Addressing value-based healthcare with Intel® Xeon® processors and
Franz AllegroGraph*

Challenge

Located in the Bronx, Montefiore Health System serves one of the most ethnically
and socioeconomically diverse populations in the US. The complex includes the
Montefiore Medical Center, the Albert Einstein College of Medicine, and a research
facility. Unlike a pay-per-service model, as an accountable care organization
Montefiore delivers value based on patients’ long-term health—during their

hospital or clinic visit and after they return to the community.



Montefiore/Franz built a
Knowledge Graph for Healthcare

« A single data centric
platform that can serve any type
of analytic without building a
new data mart for every new

guestion.

The University Hospital for the =
Albert Einstein College of Medicine

« Currently 2.7 million patients

with 10 years of data
« Fit for both transactional and

analytical processing.




But first, we need to integrate all Electronic Medical Records (EMR)
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One Knowledge Graph environment for all healthcare analytics
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Respiratory failure is very dangerous. More than

40 % mortality even If it occurs in hospital

Capilllary beds
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Needs instant intubation If at risk; but when?

Mechanical ventilator
blows air, or air with increased
Endotracheal tube goes oxygen, through tubes into
through patient's mouth the patient’'s airways
and into the windpipe

Nasogastric tube goes \a
through patient's nose ‘
and into the stomach -, ‘
L)\ =0 Nurse periodically

\ checks the patient.

—c "

| b"

—

7 Air to the patient
passes through a humidifier,
which warms and moistens
the air

N

Exhaled air flowing
away from the patient
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Montefiore Hospital developed a predictive model for

respiratory failure on top our Knowledge Graph

A random forest model detects respiratory
failure up to 48 hours before the event.

Faster than doctors and nurses

The model uses 46 complex variables,

a doctor in general looks at 3 to 4 variables.
« A mix of lab results, (real time) measurements, diagnostics, other
« Complex: give me largest difference between the value for SerumCalciumLevel and the

midpoint 9.5 in the range of 0 to 20 for the last 24 hours.

Greatly reduce unnecessary intubation with same clinical outcome

Save ~$4 million per year
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Ok: so now let’s talk about

« Atrtificial Intelligence and
Knowledge Graphs

for Enterprise Data Warehouses

o5
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Some people say the end of EDW Is near

It's the End of the Data Warehouse as We Know It

According to TDWI survey data, about half of all enterprises expect to replace their data warehouse systems -- in some cases,
their analytics tools, too -- over the next three years. What should they replace them with?

By Steve Swoyer
January 11, 2017

According to TDWI survey data, about half of all enterprises expect to replace their data warehouse systems -- and in some cases,
their analytics tools, too -- over the next three years.

These systems could (and probably should) be replaced by modern data warehouse systems that -- like the database equivalent of
a Swiss Army knife -- integrate multiple fit-for-purpose analytics engines. These systems could (but probably should not) be
replaced by Hadoop and other NoSOL platforms, which are no less Swiss Army-like.

It is misleading to frame this as a question of rip and replacement, however; the issue isn't a zero-sum one. It's more complicated

than that. h
GBTO FRANZINC.



[1] Data sprawled all over heterogeneous silos

Imagine you do this in your EDW:

Give me every bit of information on this [mobile phone user, patient,
product] since her first occurrence in our EDW sorted on time and
returned as a structured object.

Find the top 100 patients that are most similar to this patient, based
on tests, genetic make up, diagnostics, procedures, medications,
treatments, and outcomes. Take into account temporal unfolding of
these events.

+ Data about entities and events might be in more than 4000 different tables and 20,000 columns.
+ Just the many ways the start and end times are ‘named’ in the tables is mind blowing (250 in one
database we know of)
* Less than a handful of people know the entire EDW structure, sometimes even NO one.
it takes months to train a person on how things fit together.

*  Query 1 would take tens of pages of SQL and many seconds to minutes to execute.

o3>
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[2] Vocabularies and Taxonomies NOT built into EDW

Imagine you do this in your EDW

Find all patients that have some form of lung cancer and use a
medication that contains some form of opiate.

Which type anti wrinkle cream increased the most in price on the major
shopping portals in the last year.

Mobile telephony: what is the average time between a google search for
a particular restaurant and the time for a response (a call or a
open-table interaction, or a website visit booking?)

* Note that there are many types of lung cancer that even don’t have the string ‘lung’ or

‘cancer’, think Adenocarcinoma.
* Note that there at least three major taxonomies for ecommerce to classify products

« Taxonomies can be deeply nested hierarchies, an EDW is not built for deeply nested

hierarchies and recursive queries over hierarchies.

o5
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[3] Machine Learning results NOT integrated into EDW

* Imagine you do this in your EDW

Set grace period of one week to all the customers that are in the
category 'low payment risk' that are too late paying their bill but
haven't exceeded their average 'late time’

Given all the diagnostics for this patient, what do we expect to be the
next disease for this person?

Find highly similar "posey facial anti wrinkle creams" that use
completely different UPC codes (ASIN, GTIN).

Ideally one would

« Enrich a customer with their risk factor for payments

« Have a complete statistical co-occurrence, oddsratio or association graph for any
combination of diagnostics

« Take the similarity between on-line products, based on more than 10 features, and create a

full similarity graph in the database that contains all ecommerce %{c FRANZINC.



Challenge

Can you have a solution
that keeps your EDW as the ‘truth’

but fixes all these problems?

Yes,
our knowledge graph solution

that we developed with our customers.

o5
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Solution [1] from Data Sprawl to very
concentrated data

we turn everything into an EVENT

From thousands of tables to one event table (well: event graph)

« Healthcare: everything that can happen to a patient is a time based (sub)
event: Check In, Check Out, Test, Diagnosis, Procedure, Medication

administration, Medication order, Sensor reading for vital signs, Invoice,

Bill payment, Non-bill payment, all insurance interactions. Yes: doctor’s

notes too.
« Telecom: everything that happens with a telco user is a time based (sub)
event: telephone call, sms, whatsapp, web site visit, location record, crm

call, bill pay, non-bill pay. Yes: CRM agent notes too.




Solution [2] Vocabularies & Taxonomies built into the

Knowledge Graph

« Our terminology system is a combination of 180+ medical and life science
vocabularies, taxonomies, ontologies and thesauri into one terminology
system/knowledge base

 Ultimately linked to the structured events data in our Unified Clinical Event
Ontology via think ICD9 and ICD10, CPT, LOINC, NDC.

o5
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B Gruff 5.9.0 on AllegroGraph 5.1
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Queries are dramatically simplified

How many patients had ‘gallbladder calculus’ in 2010 and later

SPARQL

Select (count(distinct ?pt) as ?count) where {
?pt cdm:encounter ?enc .
?enc timew3c:begins/upper:value ?date ;
cdm:diagnosis/upper:correspondsTo/skos:exactMatch ?cui.
filter (?date >'2010-01-01T00:00:00""xsd:dateTime)
?cui mth:chd* mth:C0497327.}

| ? Person |

Encounter

| ? Encounter |

—_— Time
(2 encounterTime | Triage Diagnosis
AR -
Value |2 PatientDiagnosis |
Corresponds

? time To
| > 2010-01-01T00:00:00

[ 2 Concept |

Exact
Match

| ? Disease_or_Syndrome |

Chd

Gallbladder
calculus
without
mention

of ...

SQL
(Part 1 of 3)

Select dx.dxCode, dx.dxCount, cl.dxClassName, cl.ClassCount
From (select distinct c.person_source_value as person,
c.condition_source_concept_id as dxCode, f.concept_name as
dxName,

a.concept_id_2 as dxClass, e.concept_name as dxClassName from
omopv5.concept_relationship a

join cdrn.condition_occurrence ¢ on
a.concept_id_1=c.condition_source_concept_id join
omopv5h.concept_ancestor d

on d.descendant_concept_id=a.concept_id_2 join omopv5.concept e
on e.concept_id=d.ancestor_concept_id

join omopv5.concept f on f.concept_id=d.descendant_concept _id
where a.relationship_id="Maps to' and
d.min_levels_of_separation=2 and e.standard_concept='S") dx JOIN
(select distinct c.person_source_value as person,
c.condition_source_concept_id as dxCode, f.concept_name as
dxName, a.concept_id_2 as dxClass, e.concept_name as
dxClassName from omopv5.concept_relationship a join
cdrn.condition_occurrence ¢ on
a.concept_id_1=c.condition_source_concept_id join
omopvh.concept_ancestor d on
d.descendant_concept_id=a.concept_id_2

join omopv5.concept e on e.concept_id=d.ancestor_concept_id join
omopv5.concept f on f.concept_id=d.descendant_concept _id

where a.relationship_id="Maps to' and d.min_levels_of separation=2
and e.standard_concept='S") cl on dx.dxClass=cl.dxClass

order by cl.dxClass desc




Solution [3] Output of Machine Learning directly

Integrated into Database

« By adding results of machine learning back into the database

we create learning systems.

o5
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Odds ratio

The Odds Ratio is a way to quantify how strongly the presence or absence of property A
is associated with the presence or absence of property B in a given population

Patient Population 1,802,464
Ingestion
Dermatitis
TO+ TO-
:ﬁ:':;; FROM+ 544 (5) 736
FROM- 6304 1,795,424
6,848
Odds Ratio 210.51
95% CI Lower 187.91
95% CI Upper 235.82

1,280
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Association rules

Association rule learning is a method for discovering interesting relations
between variables in large databases.

frqg(X.Y)

Support =
PP N

/

Rule: X =Y ——» Confidence=

\

Lift = Support
Supp(X) x Supp(Y')

frg(X.Y)
Sfrg(X)

MARKET BASKET ANALYSIS

i (j

) i =

@ B
% >

98% of people who purchased items A and B
also purchased item C
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A summary of how we solved the EDW problem with

an Al based Knowledge Graph

Unified entity and event model, can be
Data sprawled all over the place organically grown, no more repetitive ETL

Taxonomies and vocabularies NOT built in | Fixed!

Machine learning NOT integrated Fixed!
Domain knowledge and rules NOT built in Linked Open Data integrated
There is a graph in your EDW Ready for any graph algorithm!

o5
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Or let us say this in a positive way

The future of the smart enterprise is Knowledge Graphs
« Deeply simplified schema centered around entities
« Vocabularies and taxonomies built in
* Knowledge bases built in
 Artificial Intelligence built in from the ground up.
« Symbolic: Inferencing, Prolog, Rules, ETC
« Statistical: Machine Learning, Deep Learning, Predictive Analytics, etc.

» Graph analytics built in from the ground up.

And this is all BIG DATA

o5
O"(Bio FRANZINC.



But what if you have a 100 Billion triples?

 Distributed AllegroGraph to the rescue

02,
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Normal operation

4 I W

Node 1

Normal operation like any triple store

» A client communicates with a
repository in a server in using the
SPARQL Endpoint protocol.

Repository 1

»
>

-
&

client
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AllegroGraph Federation (same machine)

Node 1

N

/

Repository 1

Repository 3

»

[

-

‘.’ | Repository 2

client

A federation object is a virtual semantic
graph database.

Repositories on same machine (or
node) are in the same memory space
SPARQL runs in the federation object
over a set of cursors from each
repository.

A client still communicates with the
federation object using the SPARQL
endpoint protocaol.

Performance is close to a single store
database that combines all repositories.
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AllegroGraph Federation (multiple nodes)

Node 1 Node 2

 We can federate
to remote nodes

« Butnot as
efficient as same
machine
federation

N
)
N
)

Repository 1

‘.’ | Repository 2

Repository 3

Repository 4
Repository 5
Repository 6

client
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Parallel SPARQL (new in 7.0)

Node 1

Repository 2
Repository 3

/

N
)
)

Node 2
< o) ©
P P P
2 2 S
(2] (2] (72]
o o o
o o o
() () D)
x x 04

//—b Repository 1

-

client

For data that allows for
logical partitions

We created a PARALLEL
SPARQL

Now we can use all
resources on all nodes and
achieve maximum efficiency

But what if you have un-
partitionable knowledge
bases and linked open data
and you need that to be
accessible in each partition?
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Q’(af) FRANZINC.



We store a replica of all knowledge bases on each node
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A hybrid parallel/federated SPARQL
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The End

« Contact me for questions at ja@franz.com

* Website at http://franz.com
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