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CHE encompasses the essential role
of technology in a human-centric
vision

CHE emphasizes the unobtrusive, supportive, and assistive
role of technology in improving human experience

A. Sheth: Computing for Human Experience: 2008 -
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A glimpse at related visions of computing



Man-Computer Symbiosis — J. C. R. Licklider

Humans and machines cooperate to
solve complex problems while
machines formulate the problem
(advancing beyond solving a
formulated problem )

Man-Computer Symbiosis

J. C.R. Licklider
IRE Transactions on Human Factors in Electronics,
volume HFE-1, pages 4-11, March 1960

Summary

Man-computer symbiosis is an expected development in cooperative interaction between men and electronic
computers. It will involve very close coupling between the human and the electronic members of the partnership.
The main aims are 1) to let computers facilitate formulative thinking as they now facilitate the solution of
formulated problems, and 2) to enable men and computers to cooperate in making decisions and controlling
complex situations without inflexible dependence on predetermined programs. In the anticipated symbiotic
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Augmenting Human Intellect — D.
Engelbart

Humans utilize machines to solve

“insoluble” problems
N J

AUGMENTING HUMAN INTELLECT: A CONCEPTUAL FRAMEWORK

Prepared for:
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Ubiquitous Computing — M. Weiser

FUBLICATIONS

PACKGROUND

Making machines disappear
into the fabric of our life

The Computer

for the 21st Century

Specialized elements of hardware and software,
connected by wires, radio waves and infrared, will be
so ubiquitous that no one will notice their presence

by Mark Weiser

are those that disappear. They jargon that has nothing to do with the
weave themselves into the fabric  tasks for which people use computers.
of everyday life until they are indistin- The state of the art is perhaps analo-
guishable from it. gous to the period when scribes had to

r I Y he most profound technologies |s approachable only through complex

The idea of Integrating computers
seamlessly into the world at large runs
counter to a number of present-day
trends. “Ubiquitous computing” in this
context does not mean just computers
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Making Intelligent Machines —J. McCarthy

WHAT IS ARTIFICIAL INTELLIGENCE?
John McCarthy

Computer Science Department
Stanford University
Stanford, CA 94305
jmc@cs.stanford.edu
http://www-formal.stanford.edu/jmc/
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Grand challenges in the real-world are complex

If people do not believe that mathematics is simple, it is
only because they do not realize how complicated life is.

- John von Neumann

Computational paradigms have always dealt with
a simplified representations of the real-world...

Algorithms work on these simplified representations

Solutions from these algorithms are transcended
back to the real-world by humans as actions

10
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What has changed now?

About 2 billion of the 5+ billion have data connections — so they perform “citizen sensing”.
And there are more devices connected to the Internet than the entire human population.

World

Population 6.3 Billion 6.8 Billion 7.2 Billion 7.6 Billion
Connected 550 Million 12.5 Billion 25 Billion 50 Billion
Devices i
connected
Connected devices
Devices 0.08 than 1.84 3.47 6.58
Per Person people

.
>

2003 2010 2015 2020

Source: Cisco IBSG, April 201 1

These ~2 billion citizen sensors and 10 billion devices & objects connected to the Internet
makes this an era of |0T (Internet of Things) and Internet of Everything (IoE).

11
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http://www.cisco.com/web/about/ac79/docs/innov/IoT_IBSG_0411FINAL.pdf

What has changed now? “The next wave of dramatic Internet growth will come through the confluenc

people, process, data, and things — the Internet of Everything (IoE).”
- CISCO IBSG, 2013

.

“Fixed” computing Mobility / BYOD Internet of Things  Internet of Everything

(yougoto (the device (age of devices) (people, process,
the device) goes with you) data, things)
508
10B
200M
1995 2000 2013 2020

Source: Cisco IBSG, 2013

Beyond the IoE based infrastructure, it is the possibility of developing applications that spans
Physical, Cyber and the Social Worlds that is very exciting. Think of PCS Computing
as the application/semantic layer for the IoE-based infrastructure.

12
E'_ <NO.e. SIS http://www.cisco.com/web/about/ac79/docs/innov/IoE_Economy.pdf
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What has not changed?

We are still working on the simpler representations of the real-
world!

What should change?

We need computational paradigms to tap into the
rich pulse of the human populace

Represent, capture, and compute with richer and fine-
grained representations of real-world problems

13
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Consider an example of Mark, who is
diagnosed with hypertension

14



Search based approach

How do | manage my hypertension?

GO‘ /816 How should | manage my hypertension “

Web mages Maps Shopping Videos More ~ Search toals

Ads related to How should | manage my hypertension @

Help Manage Hypertension
www.saveonbloodpressureireaiment.com/

Learn About A Treatment Option That May Help You Manage Your High BP.

High Blood Pressure Info - Tylenol.com

www.tylenol.com/

Blood Pressure Facts and Healthy Lifestyle Tips From TYLENOL®

Aspirin Heart Therapy - Blood Pressure Reality Check - Get Relief Responsibly™

[PoF] Your Guide to Lowering Blood Pressure - National Heart, Lun.

S h for suggestions
www.nhibi.nih.gov/health/public/heart/hbp/...fhbp_low. pdf
File Format: PDF/Adobe Acrobat - Quick View
e A rom resources on the we

Monitoring your blood pressure at home between visits to your doctor can be helpful.
You also may want to ...... can manage your bleod pressure. For More ...

How To Manage Blood Pressure Naturally - YouTube

w.youtube .com/watch?v=gcaUwWNOJdA

Oct 31, 2010 - Uploaded by JanetBrunoMD
hitp://JanetBrunoMD Do you have high blood pressure? Do you
Kknow the powerful ways you ¢an manage your ...

More videos for How should | manage my hypertension »

Myths About High Blood Pressure
www.heart.org/.../Hi /AboutHi ressur
Aug 27, 2012 - You CAN manage your blood pressure. The American Heart

Assocation is here for you. Access our free information, resources and tools at ...

There are many suggestions but less insights
that Mark can understand and follow
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Search based

approach

60% of physicians either use or are interested in using social networks

Join Now | Sign In |

HOME ABOUT OPINION CONTACT DISCLAIMER

Home Features Tour

Blog

112,000 docs —
talk to each i

- KevinMD.com
other on Sermo.

Stumped by a tough case? h medical weblog

Collaborate with specialists averaging
13 years in practice.

burnout

MARCH 18, 2010

by Susan Biali, MD

Curbside colleagues today for instant feedback.

Saing

i

Dance healed this physician and helped with

share ] 2 |

Ten years ago, | was an Emergency Medicine Resident and wanted

[] Follow @KevinMD on Twitter

Connect on Facebook
Subscribe

enter e-mail for updates

27039 readers

20k Follovers

1. Join Sermo 2. Ast

beACEous Riive

pauEls 199

S )

Live Broadcasts | Videos

Verify your credentials to
join the free MDs-only
Sermo community.

Now Available On Demand

Hepatocellular Carcinoma:
The Most Common Form of Liver Cancer

Watch Now

NewYork-Presbyterian

=] The University Hospital of Columbia and Cornell

65% of docs plan to use
social media for
professional development

Upcoming Videos Recent Broadcasts

an,
Hyperthermic Interperitoneal
Chemotherapy (HIPEC)

July 2, 2009 9:00 AM

View Recent Premiere

March 17, 2010 7:00 PM
View Recent Premiere

sion
Live March 23, 2010 7:00 PM
Register for Live Broadcast

Blog

CRiive Express

Join | Sign In

Click Here to watch more.

A Healthcare Marketing

ZENGAGEDMIED

.
edpage
W™ TODAY
aking Medical News Health News Widget
—Reviewed Medical News

tent Posts

C: Mixed Results for Intensive Initial
sing for Acute HF (CME/CE)

fain Stimulation Cuts Epileptic Seizures
ME/CE)

C: Radial Artery Matches Saphenous Vein

| "Gol Widget ¥ |

) http://www.slideshare.net/IQLab/social-media-101-for-pharma-3494462

__ This doc-to-doc
blogger has
53,000 readers
this month +
20,000 Twitter
followers

Manhattan Research 2009, 2010
Sermo,com
Compete.com
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Search based
approach

People are turning to each other online to understand their health J

v \ 4 v

Of patients leave a  Of Americans go Of them read about
physician’s office online to research  other’'s medical
unsure of what health information experiences on social
they were told. websites or blogs.

We look for health information for ourselves online and for each other.
Half of our health searches are on behalf of someone else.

And two-thirds of us talk with someone else about what we find
online.

The Social Life of Heslth Information, Pew Internet and American Life Project, 2002

& KNO.e.sIS http://www.slideshare.net/IQLab/social-media-101-for-pharma-3494462
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Search based
approach

83% of online adults search for health information J

66%0 look up a specific disease or problem
55%0 a certain medical treatment or procedure

> 459%bo information on prescription or over-the-
counter drugs

359%0 alternative treatments or medicines

& KNOo.e.sIS http://www.slideshare.net/IQLab/social-media-101-for-pharma-3494462
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Search based
approach

83% of online adults search for health information

66%0 look up a specific disease or problem
55%0 a certain medical treatment or procedure

> 459%bo information on prescription or over-the-
counter drugs

359%0 alternative treatments or medicines

60% of them look for the experience of “someone like me”

V.

— KNO.e.SIS http://www.slideshare.net/IQLab/social-media-101-for-pharma-3494462 19



There are many suggestions but less insights that Mark can
understand and take action

20



Solution engine based
approach

How do | manage my hypertension?

3% WolframAlph
Solution engine such as
eeeeee i WolframAlpha would provide
very relevant information
Will this relevant information .
translate into actions?

patients

Though Mark acquired knowledge
about hypertension, it is not
personalized and contextually relevant

for taking any action .



search vs. solution engine

M (noviccge angin

3% WolframAlpl

GOL /81(,) How should | manage my hypertension ' n

Web mages  Maps  Shopping  Videos  More~  Search tools ‘ hypertension E|

sults (0 -
(=B o B == R34 Examples * Random

Conventional search returns a set of documents for WolframAlpha (which calls itself “Answer engine”

serving the information need expressed as a search : B : .
ery provides statistical information when available for a
e e oty - e sty e Gt AR y
Input interpretation: queW'

essential hypertension

1PoF] Your Guide to Lowering Blood Pressure - National Heart. Lun...
www.nhlbi.nih.gov/health/public/heart/hbp/.../nbp_low. pdf

File Format: PDF/Adobe Acrobat - Quick View

should come up with a plan and timetable for reaching your goal. Blood pressure s ...
Monitoring your blood pressure at home between visits to your doctor can be helpful.

You also may want o ...... can manage your blood pressure. For More ... .
v 98y P Medical codes:

How To Manage Blood Pressure Naturally - YouTube

i = www.youtube.com/watch?v=gcaUwWNOJdA 1CD-9 ¢r
g R anetBranciD D0 you hawe nigh Bloo pressure? Do you Distribution of hyp ertension cases based

know the powerful ways you can manage your ...

More videos for How should | manage my hypertension » Characteristics of patien On age’ Weight, height and BMI

My hs About ngh Blood Pressure

www_heart.org/...Hi [AboutHi ressur -

Aug 27, 2012 - You GAN manage your blood pressure. The American Heart ma ]t‘ fema 1t‘ a “
J=

Association is here for you. Access our free information, resources and tools at ...
asc i .rrﬂ—n‘l

Chances of finding hypertension cases L | e |
based on ethnicity. ")

Lyr) yr
. / N "‘- “" \
male  female all weight N, .L - _{[ﬂnﬂ-__.__

(yr)

0 130 260 390 0 130 260 390 0 130 260 390
white 3.7% 2.7% 3.1% (15 (1b) (Ib)
black 4.9% 5.6% 5.3% ) .
height ] Kk ,H.nk - Jﬂm
Asian 2.4% 3.7% 3.1% 2 4 6 2 4 6 2 4 6
Hispanic or Latino 3.7% 2.4% 2.9% L = ‘
Amerindian Alaska native 11% 74% 8.7% BMI El h] ‘ 3 ‘
) 20 40 60 80 20 40 60 80 20 40 60 80
Pacific Islander 8.4% 74% 7.7%
patient population U.S. population
mixed 0.01% 1.6% 0.9% D g D I A oy et IO B L gy N SRR - SRS SRSy Lt
(estimated annual values from NAM( and NHAM( lata, weighted for USA demographics, 2006 to 2007)
. 22




What do we need to help Mark?

Google  How shouid 1 manage my hypertension =3 *Wolfram. Alpha

hypertension =]

Search and solution engines do not provide personalized,
contextually relevant and most importantly, actlonable information

We need a human-centric computational paradigm that can semantically
iIntegrate, correlate, understand, and reason over multimodal and
multisensory observations to provide actionable information

23



Physical-Cyber-Social Computing

An early 21st century approach to Computing for Human Experience




Cyber: Medical knowledge,
Encyclopedia, NIH guidelines

PCS Computing

Physical: Weight, height,
Activity, Heart rate, Blood
Pressure

Answer to the Mark’s
question, “How do | manage
my hypertension?” lies here

Social: Knowledge shared on communities,
Similar ethnicity, Socio-economically similar

--w
; jive
1 CureTogether =
©
% MedNetworksx Childrerss Hospital
< f Boston
tudiabetes.org"
@ KAISER PERMANENTE. thrive
e
./u ~§‘Z€Y‘N‘§%§D @KPGarfield #SMCareDelivery R —_—
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Cyber: Medical knowledge,
Encyclopedia, NIH guidelines

PCS Computing

Physical: Weight, height,
Activity, Heart rate, Blood
Pressure

Answer to the Mark’s
question, “How do | manage
my hypertension?” lies here

Social: Knowledge shared on communities,
Similar ethnicity, Socio-economically similar

--w
; jive
‘r CureTogether @)
=7
% MedNetworksx Childrerss Hospital
< f Boston
tudiabetes.org"
@ KAISER PERMANENTE. thrive
e
.lu ~?g"z€x&%§° @KPGarfield #SMCareDelivery R —_—
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PCS Computing

People live in the physical world while interacting with the cyber and social worlds

Physical World Cyber World
—>

&
-

n;

> ¥

=uw
’,? > n ve
s, T’CureTogether @
é}? MedNetworks Chidres Hospial
7 5 > tudiabetes.org
Kaiser PERMANENTE. thrive
2 l/;-‘ Cisiie @KPGarfield #SMCareDelvery o

N/
Social World - W :



PCS Computing

People consider their observations and experiences from physical, cyber, and social
worlds for decision making — this is not captured in current computing paradigms

Physical World Cyber World Social World

Substituting spices for salt intake
would reduce sodium intake
aiding in controlling hypertension

27



PCS Computing

PCS computing is intended to address the seamless integration of
cyber world, and human activities and interactions

28



PCS Computing

PCS computing is intended to address the seamless integration of
cyber world, and human activities and interactions

28
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Increasingly, real-world events are:
(a) Continuous: Observations are fine grained over time
(b) Multimodal, multisensory: Observations span PCS modalities

w@%w

" @\
o

C‘J;:) /

Social-Physical

Social-Physical systems include interpersonal
interactions or its use for any other purpose
such as playing games and information re-
finding

C ber-Somal

Physical

Cyber Socia

Physical

cardiovascular innovations

@@oscnence

F)l I'LWI.[L}

Cyber-Physical

vitaphone
Tielenidi ifve

& corventis

intelesens))

T toumaz
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PCS computing operators

Reduced intake of
sodium in food reduces
BP reducing the risk of

VD
0, (Knowledge, KB) > Wisdom

Vertical operators facilitate
transce nd I ng from data' Low sodium intake results in lower BP
information-knowledge-wisdom e

Diseases (CVD)

Knowledge

High sodium intake results in higher BP

O, (Information, KB) 2 Knowledge

= Information
using background knowledge
High Sodium intake
High BP
Opportunity to do exciting new research here High heart rate
0, (Data, KB") - Information
Vertical Operators Bp
(Semantic abstraction) operates on artifacts Heart rate Weight
at each level and transcends them to the next
level. Sodium intake
Horizonta| Operators Fat intake

emantic Infegration) operates on data
from heterogeneous sources to create
integrated data streams.

*KB = knowledge base

Activity

Horizontal operators facilitate semantic integration of
multimodal and multisensory observations

We have made more progress along this line

30



Let’s take progressive steps from existing computing
paradigms toward PCS computing...



Physical-Cyber Systems

The computational, communication, and control components closely
interact with physical components enabling better cyber-mediated
observation of and interaction with physical components.

CPS involves sensing, computing, and
actuating components

32
VE SIS http://www.nsf.gov/pubs/2013/nsf13502/nsf13502.htm
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Physical-Cyber Systems Google’s autonomous car needs

to sense, compute, and actuate

continuously in order to navigate

through the city traffic

Autonomous Driving

Google's modified Toyota Prius uses an array of sensors to navigate public roads without a human
driver. Other components, not shown, include a GPS receiver and an inertial motion sensor.

LlDAR ......................................................................... . ........ PoslT'oN EsT'MATOR

A rotating sensor on the roof : A sensor mounted on the left
scans more than 200 feet in all rear wheel measures small
directions to generate a precise movements made by the car
three-dimensional map of the and helps to accurately locate
car's surroundings. its position on the map.

VIDEO CAMERA - "
A camera :
mounted near the
rear-view mimror
detects traffic
lights and helps
the car's onboard
computers
recognize moving
obstacles like
pedestrians and
bicyclists.

Four standard automotive radar sensors, three in front and one
in the rear, help determine the positions of distant objects.

Source Goagie THE NEW YORK TIMES; FRIOTOCGRAFIS BY RAMIN RAHIMIAN FOR THE NEW YORK TIMES

E" - KNO.e.SIS

33



Physical-Cyber Systems

Health applications and tools that
monitor a person physically and
connect them to care providers (e.g.
doctors)

Physical Systems Cyber Systems

OO0OGscience

cardiovascular innovations
Offers sensor solutions for monitoring cardiovascular ailments

MedApps .
Remote heath monitoring

Mobile cardiac outpatient telemetry and real time analytics

.’)LifeWatch.‘-, Provides solutions to monitor cardio activity

€CARDIONET

|nte|eSEHS)) Non-invasive wearable monitoring of vital signals

RESPONSIVE HEALTHCARE

vitSphone Applications integrating telemedicine service

Telemedicine

de/ Remote real-time patient monitoring of vitals
TECHMEDIC

@ corventis Cardiovascular patient monitoring

Ttoumaz Continuous monitoring of physiological parameters

34
)L.E. SIS http://quantifiedself.com/2010/01/non-invasive-health-monitoring/
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; Observations spanning Cyber and
ELE e Social world — people share their
activities, knowledge, experiences,
opinions, and perceptions.

Cyber Systems Social Systems

patientslikeme’

Sharing experiences and management of conditions and their treatments

LodiUivie

anaging risks and making informed decisions based on gene sequencing




Physical-Cyber-Social

Systems

Physical Systems Cyber Systems Social Systems

Involves interactions between all the three components. J

http://www.fitbit.com/product/featuresttsocial

36
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Physical-Cyber-Social

Systems

Physical Systems Cyber Systems Social Systems

Involves interactions between all the three components. J

Social aspect of sharing

and friendly competition
H - - _
s oo smssrow oo onr. ([R

Civistine, jet's be friends! | bet | can kick your butt on weekly step count!

Historical
30 day graph of | intake vs. J] bum ¥
&, Jack Davidson F.‘I You
i “fitbit [“voue | meackes. | coumvmry | 2N
(P =
How do you compare to your peers? 8,327
1,696 average burn 1,276 average intake Daily Steps A% Comographics

Sensors collecting observ s T o

tified Self .
Hentiiee e form the physical world
Self knowledge througt.

Data collected from physiological sensors analyzed | ... ...

in the social context Of “Similar” people. ) conference where experiences of
= analyzing and visualizing data from

physiological sensors are presented.

http://www.fitbit.com/product/features#social
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Physical-Cyber-Social

Systems

Physical Systems Cyber Systems Social Systems

Involves interactions between all the three components. J

Social aspect of sharing
. d friendl titi
This data is stove piped due to F. SR ey compe.| on

fragmentation in sensor data collection cromiseoimes oo moeeon . ([

Civistine, jet's be friends! | bet | can kick your butt on weekly step count!

30 day graph of | intake vs. J] bum

@&, Jack Davidson E‘\‘ You
'(" r = “fitbit e Cesrers =
“’ = \ [ voue | rascace | commmry | asworrics | \
L I3 o012 . How do you compare to your peers? 8,327
o 1,696 average burn 1,276 average intake Daily Steps e 3 144
Sensors collecting observ ,

Quantified Self

30 day graph

form the physical world
Self knowledge througt.

"Il"l._ ||||"||"I.|II|I m l ‘
Aug 26 Sep 1 Sep7 Sep 13 Sep 19 s ! vy

Data collected from physiological sensors analyzed
in the social context of “similar” people.

M][J.._

| conference where experiences of
analyzing and visualizing data from
physiological sensors are presented.
E _ KNoO.e.SIS http://www.fitbit.com/product/features#social
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Physical-Cyber-Social

Systems

Physical Systems Cyber Systems Social Systems

Involves interactions between all the three components. J

Social aspect of sharing
and friendly competition

This data is stove piped due to T y
fragmentation in sensor data collection Jﬁ“,“f'*"‘f‘f"f""'".'!‘“’¥°."".’°°."._'°_",°.??_".,".'°“ e
_ Chvisting, Jel's be friends! | bet | can kuck your butt 0n weekly step count!
1 1 2 i Jack Davidson F“ You
[@ \ Integ_ratlon and mteractl(_)n between m i
\ physical, cyber, and social components 8.327
for computation is brittle. -

Sensors collecting obse.
form the physical world

Quantified Self

30 day graph

bl 3

Data collected from physiological sensors analyzed | ..
in the social context of “similar” people.

Self knowledge througt.

conference where experiences of
analyzing and visualizing data from
physiological sensors are presented.
G- - KNO.Ee.SIS http://www.fitbit.com/product/featuresH#social
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Physical-Cyber-Social

Systems

Physical Systems Cyber Systems Social Systems

Involves interactions between all the three components. J

Social aspect of sharing

and friendly competition
This data is stove piped due to TR Y P ,

fragmentation in sensor data collection ~ foesmememere HEEH

am 4/‘

m j Civistine, jet's be friends! | bet | can kick your butt on weekly step count!
[' \ Integration and interaction between ﬁ"" B
“" m physical, cyber, and social components 8.327
_ for computation is brittle. =
Sensors collecting obse. _ . , y.
Quantified Self — o oo T |

form the physical world L . .
Self knowledge througt. Needs significant human involvement in

interpretation of physiological e e 7
observations using their knowledge of B o B )
the domain and social experiences.

Data collected fi
in the social conu.

Jnce where experiences of
analyzing and visualizing data from
physiological sensors are presented.
E ).E. SIS http://www.fitbit.com/product/features#social
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';' Computations leverage observations form sensors,
‘“(}ué knowledge and experiences from people to
h understand, correlate, and personalize solutions.
Physical- Social-Cyber

Cyber

OBO0Oscience

cardiovascular innovations PhysicaI-Cyber-Social

@ MedApps

E HEALTH MONITORING

.j Life\Nﬁa@h‘

patientslikeme’

Quantified Self

-~ )
vitaphon "
‘Elemg:licig !Dptg!g.sng!lg )) \ggaﬂdﬁwfé’ “oo\‘ /@S\
P e 2 /%.9,,
i . r. N ‘ac % s
: . ] (,/;{‘2‘,:{{1‘,7 ) e
TECLTM)EDIC 9 corventis @Y /\?g,l\qg

— o toumaz 37
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PCS Computing

Physical Systems Cyber Systems

Social Systems

Semantics play a crucial role in bridging the
semantic gap between different sensor
types, modalities, and observations to derive
insights leading to a holistic solution.
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PCS Computing
Physical, Cyber
and Social
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PCS Computing
Physical, Cyber
and Social

Observes

®i ‘

i3

[ ¢
o Perceptual
Inference

Background Knowledge

(spanning Physical-Cyber-

39

U
/)

& KNOo.e.sI



PCS Computing
Physical, Cyber
and Social

Observes
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PCS Computing
Physical, Cyber
and Social
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PCS Computing
Physical, Cyber
and Social
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PCS Computing: Scenario of high Blood Pressure
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PCS Computing: Scenario of high Blood Pressure
BP
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PCS Computing: Scenario of high Blood Pressure
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PCS Computing: Scenario of high Blood Pressure
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PCS Computing Operators
Horizontal Operators Vertical Operators

Let’s look at machine perception, which

belongs to the category of vertical operators )

Perception (sense making) is the act of engaging in a cyclical process of
observation and generation of explanations to transform massive amount
of raw data to actionable information in the form of abstractions

44



Homo Digitus

(Quantified Self)

SpO2 &

Network coordinator
& temperature/
humidity sensor L
Physician

45
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The Patient of the Future

The
Measured = e

Life g ‘
.ul;‘ '|“‘lv‘ (}\

MIT Technology Review, 2012

. . 46
6 KNO.E.SIS http://www.technologyreview.com/featuredstory/426968/the-patient-of-the-future/



Primary challenge is to bridge the gap between data and knowledge

KNOWLEDGE

situation awareness useful
for decision making

DATA

sensor
observations

47



What if we could automate this sense making ability?

Terabytes per Month

600,000

508 PB
per Month

300,000
per Month -

2011 2012 2013 2014 2015 2016

Source: Cisco VNI Mobile, 2012

.. and do it efficiently and at scale J

48



Making sense of sensor data with
o

Intelleg®

“to perceive”

Henson et al An Ontological Approach to Focusing Attention and Enhancing Machine Perception on the Web, Applied Ont, 2011
49
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http://knoesis.org/library/resource.php?id=1633

People are good at making sense of sensory input J

What can we learn from cognitive models of perception?
The key ingredient is prior knowledge

J

)
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Perception Cycle*

& KNO.e.sIS

Explanation

S

ol
Perceive
Feature

| S

Discrimination

Observe
Property

* based on Neisser’s cognitive model of perception
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Perception Cycle*

Explanation

Translating low-level signals
into high-level knowledge H
e
Perceive
Feature

| S

Discrimination

Observe
Property

e KNO.E.SIS * based on Neisser’s cognitive model of perception
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Perception Cycle*

Explanation

Translating low-level signals
into high-level knowledge H

-

Perceive
Feature

Observe
Property

Focusing attention on those

. .. . aspects of the environment that
Discrimination provide useful information

51
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Perception Cycle*

Convert large number of observations to semantic
abstractions that provide insights and translate into
decisions

Explanation

Translating low-level signals

into high-level knowledge

Perceive
Feature

Observe
Property

Prior Knowledge

Focusing attention on those

. .. . aspects of the environment that
Discrimination provide useful information

51
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To enable machine perception, J

Semantic Web technology is used to integrate
sensor data with prior knowledge on the Web

W3C SSN XG 2010-2011, SSN Ontology 52

€ Kno.e.sis


http://www.w3.org/2005/Incubator/ssn/XGR-ssn-20110628/
http://knoesis.org/library/resource.php?id=1659

Prior knowledge on the Web

W3C Semantic Sensor
Network (SSN) Ontology

dul:isQualityOf
dul:Quality > dul:Entity

owl:subClassOf owl:subPropertyOf

ssn:isPropertyOf
ssn:Property > ssn:Feature

A

owl:subClassOf

: rdf:type

: rdf:type

elevated blood ssn:isPropertyOf

pressure

> Hyperthyroidism

& KNO.e.sIS

Bi-partite Graph

ssn:isProperty Of
ssn:PropertyO perty ssn:Feature

elevated blood
pressure

Hypertension

clammy skin () Hyperthyroidism
palpitations Eggnn?;ary
53



Prior knowledge on the Web

W3C Semantic Sensor
Network (SSN) Ontology

dul:isQualityOf
dul:Quality ?

dul:Entity

owl:subClassOf owl:subPropertyOf owl:subClassOf

ssn:isPropertyOf

ssn:Feature

v

ssn:Property

A
! rdf:type : rdf:type
1

ssn:isPropertyOf
Snow > Blizzard

precipitation

Bi-partite Graph ll Il
ssn:isPropertyOf

,O ssn:Feature

Snow Blizzard
precipitation

ssn:Property

high wind
speed Flurry

low barometric
pressure

Hurricane
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Explanation

Explanation is the act of choosing the objects or events that best account
for a set of observations; often referred to as hypothesis building

J

Translating low-level Explanation
signals into high-level H
knowledge
-
Observe Perceive
Property Feature

111
11
|
o
M
{
J
¥)
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Explanation

Explanation is the act of choosing the objects or events that best account
for a set of observations; often referred to as hypothesis building

. o
Inference to the best explanation ‘ | ‘

* In general, explanation is an abductive problem;
and hard to compute

Finding the sweet spot between abduction and OWL
« Single-feature assumption* enables use of
OWL-DL deductive reasoner

* An explanation must be a single feature which accounts for
all observed properties

56
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Explanation

Explanatory Feature: a feature that explains the set of observed J

properties

ExplanatoryFeature = 3ssn:isPropertyOf—.{p,} M ... M Issn:isPropertyOf—.{p,}

Observed Property Explanatory Feature

elevated blood pressure

clammy skin

palpitations Pulmonary Edema

57
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Discrimination

Discrimination is the act of finding those properties that, if observed, J

would help distinguish between multiple explanatory features

Explanation

S

-

Perceive
Feature

Observe
Property

Focusing attention on those
aspects of the environment

. . - that provide useful
Discrimination information

58
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Discrimination

Expected Property: would be explained by every explanatory feature J

ExpectedProperty = 3ssn:isPropertyOf.{f;} M ... 1 3ssn:isPropertyOf.{f }

Expected Property Explanatory Feature
elevated blood pressure Hypertension
clammy skin Hyperthyroidism
palpitations Pulmonary Edema

59
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Discrimination

Not Applicable Property: would not be explained by any explanatory

Teature

NotApplicableProperty = -3ssn:isPropertyOf.{f,} M ... M =3ssn:isPropertyOf.{f }

Not Applicable Property Explanatory Feature
elevated blood pressure Hypertension
clammy skin Hyperthyroidism
palpitations Pulmonary Edema

1)

& KNo.e.sI

1
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Discrimination

Discriminating Property: is neither expected nor not-applicable J

DiscriminatingProperty = -ExpectedProperty M -NotApplicableProperty

Discriminating Property Explanatory Feature
elevated blood pressure Hypertension
clammy skin Hyperthyroidism
palpitations Pulmonary Edema
— 61
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Risk Score: from Data to Abstraction and Actionable Information

Machine Sensors-

Qualities

& -High BP
a S W -Increased Weight
% W > - mf.;
— Entities
o T -Hypertension
Persona| |np B kHealth -Hypothyroidism

w
B P £

EMR/PHR

Risk Score
(e.g., 1 => continue
3 => contact clinic)

Comorbidity risk
score e.g.,
Charlson Index

Historical
observations e.g.,
EMR, sensor

Longitudinal studies
of cardiovascular
risks

Current

LS Observations

- Find risk factors
- Validation

- domain knowledge

- domain expert

Model Creation

I
I
I
|
Find contribution of
I
> each risk factor :
I
I
I
I

Risk Assessment Mod

o|

-Physical
-Physiological

(-
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& KN

How do we implement machine perception efficiently on a

resource-constrained device? J

Use of OWL reasoner is resource intensive
(especially on resource-constrained devices),
in terms of both memory and time

» Runs out of resources with prior knowledge >> 15 nodes
« Asymptotic complexity: O(n3)

63



Approach 1: Send all sensor
observations to the cloud for
processing

Approach 2: downscale semantic
processing so that each device is
capable of machine perception

Intelligence at the edge

64
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Efficient execution of machine perception

Use bit vector encodings and their operations to encode prior
knowledge and execute semantic reasoning

010110001101
0011110010101
1000110110110
101100011010

0111100101011 R
000110101100 =y

0110100111 & @

Sl
Lo

Henson et al. 'An Efficient Bit Vector Approach to Semantics-based Machine Perception in Resource-Constrained Devices,
C %012,. ) P 65
KIMNo.e.sis



http://knoesis.org/library/resource.php?id=1772

Evaluation on a mobile device

Explanation (OWL)
1200
1 2
1000 === Varying Properties F)
')
800 = = Varying Features ’.‘
Time 4
(sec) 600 7
7/
400 /
’
200 /
0 -
2 4 6 8 10 12 14
# Varying Properties or Features
Diserimination (OWL)
3000
2500
====Varying Properties
2000 == = Varying Features
Time
(sec) 1500
1000
500

-
- -
——y

& KNO.€.

2 4 6 8 10 12 14
# Yarying Properties or Features

O(n3) < x < O(n%

SIS

0.014
0.012 1

0.01

Time -008
(sec) 5 0g6

0.004 -
0.002 1

0.2

0.18

0.16

0.14

Time 0.12
0.1

(pec) 0.08
0.06

0.04

0.02

Explanation (Bit Vector)

====Varying Propertics

== == Varying Features

——
il X pp—

1000 2000 3000 4000 5000 6000 7000 8000 9000
# Varying Properties or Features

Discrimination (Bit Vector)

====Varying Properties

== = Varying Features

1000 2000 3000 4000 5000 6000 7000 8000 9000
# Varying Properties or Features

- ——

10000

10000

LR
Lo}

Snmsung
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Evaluation on a mobile device

Explanation (OWL) Explanation (Bit Vector)
1200 0.014
1000 ====V\arying Properties f’ 0.012 ===Varying Properties
800 = == Varying Features v" 0ot = = Varying Features
Time S / Time 0-008
(sec) °%° V4 (sec) 5 906
400 o e
200 [,  _ — _ _
B Problem size increased from 10’s to 1000’s of PP
nodes
* Time reduced from minutes to milliseconds
Time o
(sec)

1000

500

# Yarying Properties or Features

O(n3) < x < O(n%

& KNO.e.sIS

-
———
-——
.-l--"---.
-
-——
p——

1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
# Varying Properties or Features
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Semantic Perception for smarter analytics: 3 ideas to

takeawa

1 Translate low-level data to high-level knowledge
Machine perception can be used to convert low-level
sensory signals into high-level knowledge useful for
decision making

2  Prior knowledge is the key to perception
Using SW technologies, machine perception can be
formalized and integrated with prior knowledge on the
Web

3 Intelligence at the edge
By downscaling semantic inference, machine
perception can execute efficiently on resource-constrained
devices

67
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Application of semantic perception to healthcare... J

€= KNO.E.SIS
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Knowledge-enabled Healthcare

69
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Our Motivation

kHealth: knowledge-enabled healthcare

AL .

Through  physical monitoring and
analysis, our cellphones could act as an
early warning system to detect serious
health conditions, and provide actionable

information v

& KNO.e.sIS

canary in a coal mine GMM“%’

70



kHealth — knowledge-enabled healthcare

Approach:

« Use semantic perception inference

« with data from cardio-related sensors

« and curated medical background knowledge on the
Web

to ask the patient contextually relevant questions

71



Cardiology Background Knowledge

Unified Medical Language System

Clinical
repositories

Genetic
knowledge bases

Other SNOMED
subdomains
Biomedical
literature
NCBI
Taxonomy
Model
organisms
Genome

annotations

¥ Healthline

Connect to Better Health

=D

DATA INTELLIGENCE

Causal Network

elevated blood Hypertension

pressure
clammy skin Hyperthyroidism
I Pulmonary
palpitations Edema

e Symptoms: 284
 Disorders: 173
e Causal Relations: 1944

72



kHealth Kit for the application for reducing ADHF readmission

Sensors

Android Device
(w/ kHealth App)

~

Heart Rate Monitor

Blood Pressure
Monitor

Total cost: < $500

& KNO.e.sIS
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Explanation in kHealth

Observed Property Explanatory Feature
 Abnormal heart rate * Panic Disorder
« High blood pressure * Hypoglycemia

* Hyperthyroidism
» Heart Attack
SAMSUNG » Septic Shock

- =
C ]
— =

a

74
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Focus in kHealth

Contextually dependent questioning based on prior observations

(from 284 possible questions)
Are you feeling lightheaded?

Observed Property Explanatory Feature
“ « Abnormal heart rate ~Banic Disarder
« High blood pressure . Hypoglycemifi
Are you have trouble taking s Lightheaded * Hyperthyroidism
deep breaths? « Trouble breathing ——
‘ SAMSUNG - sept'c SI|OCk
" I! e U N\L U
75
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kHealth Summary

Ec it el come A A kHealth application leverage low-
cost sensors toward reducing
hospital readmissions of ADHF
patients

Clinician provides discharge summary

4
-

" Asks observational questions

.

Clinician provides
discharge summary

>

>
Answers observational questions

Provide risk-score
(low, moderate, high)

o~

kHealth will continue toward the

1 - o = . - .
Reportand recommendation £ VISION Of PhyS|CaI'Cyber'SOC|aI
w/ tre: inders 5
e (w/ treatment reminders) IAC;C;\‘S;:{R Comput”’]g to understand, Correlate’
update .

Monitor Access & : and personalize healthcare

physiological T T update PHR

ﬁ Transfer Sensor

Observations

e £ e o5 o) = ol & 1143
: .
MB yiobitemp MBP wobilemp Dialog : | B mvanual :
Benign Risk Severe Risk eniy & N
enign Risk Severe iz m— Are you experiencing ?
lo110 '@ lo110 (M ‘;\rf‘l );:)U ;xge”er;cmg shortness of breath?
01182 Pes 01182 Pes ightheadedness?
Observations Manual Observations Manual Are you experiencing yes
i 2
yes lightheadedness?
= = e
[= [= Are you experiencing severe
Dialog Alerts Dialog Alerts Are you experiencing 5‘”3}"“3 'rl,dthe? feet
swelling in the feet and/ Ao oL aNaeS:
or ankles? g
/ / Are you experiencing normal
normal severe mild discomfort in the
5ensors Abstractions 5ensors Abstractions chest?
What is your pulse normal
rate?

Paper at ISWC: C. Henson, K. Thirunarayan, A. Sheth, An Efficient Bit Vector Approach to
Semantics-based Machine Perception in Resource-Constrained Devices
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http://knoesis.org/healthApp/
http://www.knoesis.org/library/resource.php?id=1772
http://www.knoesis.org/library/resource.php?id=1772

Pre-clinical usability trial

N\ Wexner

"//?\S'I\lﬁ Medical
‘P \ | Center

€ KNO.E.SIS

s

Dr. William Abraham, M.D.
Director of Cardiovascular
Medicine
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Other Potential Applications

« Asthma, Stress, COPD, Obesity, Gl,
etc.

€ KNO.E.SIS
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Demos

* Real Time Feature Streams:

http://www.youtube.com/watch?v= ews4w eCpg

e kHealth: http://www.youtube.com/watch?v=btnRi64hJp4
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PCS Computing for Asthma

& KNO.e.sIS
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Asthma: Severity of the problem

People in the U.S. are : . :
25 diagnosed with asthma 155,000 gggg;tal admissions in

million (7 million are children)?.

300 People suffering from

Nl asthma worldwide?2. 593.000 Emergency department

visits in 20063

Spent on asthma alone
in a year?

Ihttp://www.nhlbi.nih.gov/health/health-topics/topics/asthma/
2http://www.lung.org/lung-disease/astnma/resources/facts-and-figures/asthma-in-adults.html
3Akinbami et al. (2009). Status of childhood asthma in the United States, 1980—-2007. Pediatrics,123(Supplement 3), S131-S145
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Specific Aims

Can we detect asthma/allergy early?
Using data from on-body sensors, and environmental sensors
Using knowledge from an asthma ontology, generated from asthma
knowledge on the Web and domain expertise
Generate a risk measure from collected data and background knowledge

Can we characterize asthma/allergy progression?
State of asthma patient may change over time
|dentifying risky progressions before worsening of the patient state

Does the early detection of asthma/allergy, and subsequent
intervention/treatment, lead to improved outcomes?
Improved outcomes could be improved health (less serious symptoms),
less need for invasive treatments, preventive measures (e.g. avoiding
risky environmental conditions), less cost, etc.



Massive Amount of Data to Actions

Asthma is a multifactorial disease with health signals spanning
personal, public health, and population levels.

— Can we detect the asthma severity level?
Can we characterize asthma control level?
What risk factors influence asthma control?

_What is the contribution of each risk factor?

Understanding relationships betwee
health signals and asthma attacks
for providing actionable information

Velocity Veracity

semantics

Variety

Real-time health signals from personal level (e.g., Wheezometer, NO in breath,
accelerometer, microphone), public health (e.g., CDC, Hospital EMR), and
population level (e.qg., pollen level, COZz) arrivinj continuously in fine grained

samples potentially with missing information and uneven sampling frequencies.
83




Asthma Example of Actionable Information

Asthma Healthcare Application Action in the Physical World

Personal

Public Health

= Pubthealth

}‘:w'mre Eiiimeil Matepase hvoigh Saecial Infsrmation Tachnolgies . .
EVERYAWARE [ £/ Close the window at home during

day to avoid CO, inflow, to avoid
asthma attacks at night

Detection of events, such as wheezing
sound, indoor temperature, humidity,
dust, and CO, level
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PCS Computing Challenges

Variety: Health signals span heterogeneous sources
Volume: Health signals are fine grained

Velocity: Real-time change in situations

Veracity: Reliability of health signals may be compromised

Personal
2

Value: Can | reduce my asthma attacks at night?

Population
ess fhrough Social Information Technalogies T

: zdhcy Value: Decision support to doctors by

providing them with deeper insights
PublicHealth into patient asthma care
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PCS Computing: Asthma Scenario

Can | reduce my asthma attacks at night?

Personal

o Commute to Work
Sensordrone — for monitoring

environmental air quality

\/ heezometer — for monitoring : Public Health

wheezing sounds Public Health

-

& KNO.e.sIS
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PCS Computing: Asthma Scenario

_ What is the wheezing level? What is the exposure level over a day?
What are the triggers?
What is the propensity toward asthma?

Population Level

G

What is the air quality indoors?

Personal

N

o Commute to Work
Sensordrone — for monitoring

environmental air quality

‘-5_‘ / heezometer — for monitoring : Public Health
3 wheezing sounds Public Health

86
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PCS Computing: Asthma Scenario

Population Level

nnnnnn tol Awaren:

EVERYAWARE

,f, £ B §

What is the air quality indoors?

|

Personal

: What are the triggers? gnlellitellgle
' environmental air quality

& KNO.e.sIS
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PCS Computing: Asthma Scenario

Actionable

Informaiion losing the window at home

in the morning and taking an
alternate route to office may
lead to reduced asthma attacks

& KNO.e.SsIS

86



Personal, Public Health, and Population Level Signals for Monitoring

Asthma

Sensors and their observations
for understanding asthma

Data Sources Health Signals
Personal Physiological: Wheezometer [57], Nitric Wheezing sound, Exhaled Nitric Oxide, Activity
Level Oxide [60], Accelerometer, Microphone, level, Coughing sound

Contextual Questions Personal observations, Temperature, Humidity,
Environmental: Sensordrone [20], Dust CO2, Luminosity, Proximity, Altitude, Pressure,

Sensor [59], Location Dust. Particles, Indoor/Outdoor

Public Health CDC [83], EMR Records Asthma prevalence based on county, ethnicity, age
Population Everyaware [27], AirQuality Egg [58], Community shared air pollution information, Air
Level Allergy Alerts [61,62], Social Observations pollutants outdoors, Pollen level due to weeds,
(e.g., tweets), Air Quality Index[87] tree, grass, and mold, Air pollution and asthma
symptoms and incidents

Asthma Control

and Actionable Information Asthma Control => Daily Medication Ghoices for Not Well Controlled Poor Controlled
starting therapy
Severity Level of Asthma (Recommended Action) (Recommended Action) (Recommended Action)
Intermutlent Asthma SABA prn -
Mild Persistent Asthma Low dose ICS Medium ICS Medium ICS

Moderate Persistent Asthma Medium dose ICS alone Medium ICS + Medium ICS +

Or with LABA/Montelukast LABA/Montelukast
LABA/montelukast Or High dose ICS Or High dose 1CS*

Severe Persistent Asthma High dose ICS with Needs specialist care Needs specialist care

LABA/montelukast

ICS=inhaled corticosteroid, LABA = inhaled long-acting beta,-agonist, SABA= inhaled short-acting beta,-agonist ;
*consider referral to specialist



Asthma Early Warning Model

(kHealth**) (EventShop*)

Personal Level Sensors (Personal Level Signals) Societal Level Sensors
2 Ag—

Personal

Societal Level
Level

Signals

<
= VIAKING SENSE ' Q
O ¢
— 4 I
‘ /\M]i]il‘(i:\N ACADEMY OF ALLERGY

Signals
STHMA & IMMUNOLOGY
(Personalized Signals Relevant to (Societal Level Signals, Aowr e

Societal Level Signal) the Personal Level

N/ Asthma Early Warning Model (AEWM)
Lela e 2
Recommended ¢ f Action
Qualify

Action — Quantify <—> Recommendation \Verify & augment/
domain knowledge

Action Query AEWM
Justification

What are the features influencing my asthma?
What is the contribution of each of these features?
How controlled is my asthma? (risk score)
What will be my action plan to manage asthma?

-
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Health Signal Extraction to Understanding

Physical-Cyber-Social System Observations Health Signal Extraction Health Signal Understanding

RSy s e } PollenLevel
'<PollenLevel, ChectTightness, Pollution, Qualify

«— B

| 'Activity, Wheezing, RiskCategory> : . i
Wﬂl W Wl ‘ }P“ ey >13 h R|skgCategory> gory i ChectTightness Pollution Backgrolii
ﬂ‘ “ M ! <2, 1,13, 1, RiskCategory> ! KnOW'edge
J : L ? <2, 1, 1,3, 1, RiskCategory> | Activity ?
sensor ' <2,1,13, 1, RiskCategory> i ¢ Enrich (—
; 4 © . . 1
Risk Category assigned by PITY Expert

Knowledge

N

1
1 1
1 Do you have tightness of chest? —Yes
1
i1 Sensor and personal
1
1
1

" Wheeze - ves

doctors T

Signals from personal, personal .
N : Pollution
spaces, and community spaces ChectTightness

|
:
|
: <Wheezing=Yes, time, location>
|
|

observations

Population Levél Public Health |

Prevent. Promote. Protect.

}l ance Environmentgl Awaraness fhrough Social nformation Technologie 1

EVERYAWARE W ‘ : = .
A AL x ot Outdoor poIIen and poIIut|0n <PollenLevel=Medium, time, Iocat|on$ Wheezing
4 ) )

|

| an
Activit

<ChectTightness=Yes, time, Iocat|0n>: Y

! <Pollution=Yes, time, location>
| ‘“ Nwss n ego
) ke sy o G s s

RiskCategory

<Activity=High, time, location>

1

1

:

1
tweet reportlng pollut|on Ievel \
and asthma attacks

<€

Well Controlled - continue
Not Well Controlled — contact nurse
Poor Controlled — contact doctor
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PCS Computing for Parkinson’s Disease
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Parkinson’s Disease (PD): Severity of the problem

Americans live with

1 million : o
Parkinson’s Diseasel

10 People worldwide are
living with Parkinson's

million diseasel.

Spent on Parkinson’s
alone in a year in the US!

1 http://www.pdf.org/en/parkinson statistics

$100,00
0

Therapeutic surgery can
cost up to $100,000
dollars per patient®.

Americans are diagnosed
with Parkinson's disease
each year?.
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Massive Amount of Data to Actions

Parkinson’s disease (PD) data from The Michael J. Fox Foundation
for Parkinson’s Research.

Can we detect the onset of Parkinson’s disease?
Can we characterize the disease progression?
Can we provide actionable information to the patien

Representing prior knowledge of
PD

Velocity led to a focused exploration of
_ this
Variety massive dataset

8 weeks of data frorn 5 sensors on a smart phone, collected for 16

patients
resulting in ~12 GB (with lot of missing data).

Ihttps://www.kaggle.com/c/predicting-parkinson-s-disease-progression-with-smartphone-data
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Massive Amount of Data to Actions

Input: Sensor observations such as acceleration, audio,
battery, compass, and GPS from smart phones

Output:
Distinguish patients with and without (control group) Parkinson’s
Categorize disease progression/evolution over time
Categorize the severity for actionable information



Symptoms to possible manifestations in sensor
observations

Mild
Tremors
rapid change in x,y, and z (unlike speed, the x, y, and z will have high variance)
Poor balance
zig-zag movement using GPS? + compass

Moderate
Move slowly
average speed of movement
Move intermittently
X, Yy, and z coordinates do not change over time
Disturbed sleep
sounds in the night
Slower monotone speech
low energy in the voice recording

Advanced
Fall prone
rapid change in z
coordinate



Feature extraction

accelerometer

Control group PD patient

APPLE Acceleration Features CROCUS Acceleration Features
8 15
7
6 g 10
L
o 5 - 5
=
£
3 0
2 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
1 Days
0
1 2 3 4 5 6 7 8 9 10111213 14 15 16 17 18 19 20 21 22 23 24 x.absolute.deviation x.standard.deviation x.max.deviation
Days y.absolute.deviation =—y.standard.deviation y.max.deviation
z.absolute.deviation z.standard.deviation z.max.deviation
x.absolute.deviation x.standard.deviation x.max.deviation
——=y.absolute.deviation y.standard.deviation y.max .deviation
z.absolute.deviation z.standard.deviation z.max.deviation

The movement of the control group The movement of the PD patient
person is not restricted and exhibits IS restricted and exhibits slow
active motion with high variance in motion with low variance in
acceleration readings acceleration readings

(S



Feature extraction (audio)

Control group

APPLE Audio Features

1.6E+11
14E+11
12E+11
1E+11
H
= BE+10
g
6E+10
4E+10
26410 \ —\
0
1 2 3 4 5 6 7 8 9 101112 13 14 15 16 17 18 19 20 21 22 23 24
Days
===absolute.deviation == standard.deviation max.deviation
—PSsD.250 ~—PsD.500 PSD.1000

PSD.2000

The speech of the control group
person is normal and exhibits good
modulation in audio energy level

PD patient

CROCUS Audio Features

9E+11
8E+11
7E+11

6E+11 f
£ sen |
S 4E+11

3E+11

2E+11

1E+11
0 — o e N
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

Days

—absolute.deviation =—standard.deviation max.deviation
===PSD.250 ~==PSD.500 PSD.1000
PSD.2000

The speech of the PD patient is
monotone and exhibits low
modulation in audio energy level



Feature extraction (Compass)

Control group PD patient

APPLE Compass Features CROCUS Compass Features
80
100
60
50 A A 40
A/ AN ,{_A% .
g O =N \ /
= 9 10 117 14 1 718 19 20 21 22 2324 ° ¢
= Y y y E
-50 \ E .20
| -40
-100 ¢
/ -60
-150 o 80
ays
4 -100
—azimuth.mean azimuth.absolute.deviation -120
Days
~=azimuth.standard.deviation azimuth.max.deviation
——pitchamean pitch.absolute.deviation =—azimuth.mean =azimuth.absolute.deviation ——azimuth.standard.deviation
pitch standard.deviation pitch.max.deviation —azimuth.max.deviation = pitch.mean —pitch.absolute.deviation
e —=pitch.standard.deviation = ==pitch.max.deviation roll.mean
roll.mean roll.abselute.deviation
===roll.absolute.deviation roll.standard.deviation roll.max.deviation
roll.standard.deviation roll. max.deviation

The walking direction of the control The walking direction of the PD
group person is well-balanced and patient is not well-balanced and
exhibits equal variations in all exhibits “sticky” behavior (stuck
directions in one direction)



Evaluation: run classification algorithms on carefully crafted features from

knowledge of PD

Naive Bayes (Accuracy = 66%)

Bayes Net (Acc. = 74%)

J.48 Decision Tree (Acc. = 72%)

Random Forest (Acc. = 77%)

Random Tree (Acc. = 79%)

Logistic Regression (Acc. = 80%)

"Control " 25 44
BD 6 75

Control 44 25

"PD ] 13 68

52 17

EEDIE 24 57

" Control | 57 12
EEDIE 22 59

" Control " 52 17
PPDU 14 67

" Control | 51 18
PR 12 69



Knowledge Based Analytics of PD dataset

Declarative Knowledge of Parkinson’s Disease
used to focus our attention on symptom
manifestations in sensor observations

ParkinsonMild(person) = Tremor(person) A PoorBalance(person)

ParkinsonModerate(person) = MoveSlow(person) A PoorSleep(person) A MonotoneSpeech(person)
ParkinsonAdvanced(person) = Fall(person)

Control group PD patient

"PLE Acceleration Features DAISEY Acceleration Features

Movements of an active person

has a good distribution over X, 2 P EE MRUEIES By
- ‘ X1 ; a PD patient can be seen
Y, and Z axis

ws inthe acceleration readings

CROCUS Audio Features

2E+11

1Bt o speech

0 —

energy of the voice

APPLE Audio Features 9E+11
Audio is well modulated | , Audio is not well modulated
with good variations in the g represented a monotone

2E+10 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 |

Days
1234567 8 91011121314151617 18 19 20 21 22 23 24
Dy ——absolute.deviation — standard.deviation ——max.deviation
===PSsD.250 PSD.500 PSD.1000
~——absolute.deviation = standard.deviation ~——max.deviation
——PsD250 ——PSD.500 PSD.1000 PSD.2000
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PCS Computing for Traffic Analytics
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Traffic management: Severity of the problem

Cars on road and this
Wol|ilal number may double by
20201

Got stuck in traffic with
an average delay of 1.3
hours in last 3 years?.

Increase in traffic from

1981 to 20011, Have stress related

implications due to traffic?.

People lived in cities in
India, greater than the
entire population of US?

1 http://www.ibm.com/smarterplanet/us/en/traffic congestion/ideas/
2The Crisis of Public Transport in India
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Massive Amount of Data to Actions

(traffic data analytics)

Vehicular traffic data from San Francisco Bay Area aggregated from on-
road sensors (numerical) and incident reports (textual)

Can we detect the onset of traffic congestion?
Can we characterize traffic congestion based on event:
Can we provide actionable information to decision mak

Representing prior knowledge of
' _ traffic lead to a focused exploration
Velocity of this massive data stream

Every minute update of speed, volume, travel time, and occupancy
resulting in 178 million link status observations, 738 active events, and

146 scheduled events with many unevenly sampled observations
collected over 3 months.

http://511.org/ 1 O 2


http://511.org/

Heterogeneity leading to complementary observations
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Heterogeneity leading to complementary observations
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Heterogeneity leading to complementary observations
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Heterogeneity leading to complementary observations
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linkid linkspeed linkvolume linkoccupancy linkdelay linktraveltime timestamp 511.org

Slow moving
] traffic

107060 18 -1 -1 -1 7419/30/12 2:20 PM
107070 18 -1 -1 -1 341 9/30/12 2:20 PM
108150 27 6540 29 -1 24419/30/12 2:20 PM
108420 36 2548 23 -1 216 9/30/12 2:20 PM
119626 45 -1 -1 -1 51|9/30/12 2:20 PM
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linkid linkspeed linkvolume linkoccupancy linkdelay linktraveltime timestamp 511.org

Slow moving
] traffic

107060 18 -1 -1 -1 7419/30/12 2:20 PM
107070 18 -1 -1 -1 341 9/30/12 2:20 PM
108150 27 6540 29 -1 24419/30/12 2:20 PM
108420 36 2548 23 -1 216 9/30/12 2:20 PM
119626 45 -1 -1 -1 51|9/30/12 2:20 PM

Link linkid
Description 108150

onstreet fromstreet tostreet 51l.org speedlimit

|-880 S |66TH AVE | HEGENBERGER RD 104

104



linkid linkspeed linkvolume linkoccupancy linkdelay linktraveltime timestamp 511.org

Slow moving
] traffic

107060 18 -1 -1 -1 7419/30/12 2:20 PM
107070 18 -1 -1 -1 341 9/30/12 2:20 PM
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107070 18 -1 -1 -1 341 9/30/12 2:20 PM Slow moving
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Uncertainty in a Physical-Cyber-Social System

Observation: Slow Moving Traffic

Multiple Causes (Uncertain about the cause):
- Scheduled Events: music events, fair, theatre events,
concerts, road work, repairs, etc.
- Active Events: accidents, disabled venhicles, break down of
roads/bridges, fire, bad weather, etc.
- Peak hour:e.g. 7am—-9am OR 4 pm — 6 pm

Each of these events may have a varying impact on traffic.
A delay prediction algorithm should process multimodal and multi-
sensory observations.
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Modeling Traffic Events

Internal (to the road network) observations
Speed, volume, and travel time observations
Correlations may exist between these variables across different parts
of the network

External (to the road network) events
Accident, music event, sporting event, and planned events
External events and internal observations may exhibit correlations
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Modeling Traffic Events: Pictorial representation

Theatre event
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Combining Data and Knowledge Graph
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Combining Data and Knowledge Graph

ColdWeather

IcyRoad PoorVisibility

Domain Experts

SlowTraffic
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Combining Data and Knowledge Graph

ColdWeather

IcyRoad PoorVisibility

Domain Experts

SlowTraffic

: : Structure and parameters
Domain Observations

ColdWeather(YES/NAtyRoad (ON/OFF) PoorVisibility (YES/NO)SlowTraffic (YES/NO)

1 0 1 0

1 1 1 1

1 1 1 0
— 1 o= : 0 1 1 E



Combining Data and Knowledge Graph

Declarative domain knowledge

ColdWeather

IcyRoad PoorVisibility

Domain Experts

SlowTraffic

: : Structure and parameters
Domain Observations

ColdWeather(YES/NAtyRoad (ON/OFF) PoorVisibility (YES/NO)SlowTraffic (YES/NO)
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Combining Data and Knowledge Graph

Declarative domain knowledge

ColdWeather

IcyRoad PoorVisibility

Domain Experts

| Linked Open Dat:

SlowTraffic

: : Structure and parameters
Domain Observations

ColdWeather(YES/NAtyRoad (ON/OFF) PoorVisibility (YES/NO)SlowTraffic (YES/NO)

Domain Knowledge

1 0 1 0
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Combining Data and Knowledge Graph

Declarative domain knowledge

WinterSeason

ColdWeather

Causal del 2
Rnowledge| ™ ———rrr————
IcyRoad PoorVisibility Llnkeépen ate

5 P R
eSS

Domain Knowledge

Domam Experts

SlowTraffic

: : Structure and parameters
Domain Observations

ColdWeather(YES/NAtyRoad (ON/OFF) PoorVisibility (YES/NO)SlowTraffic (YES/NO)

1 0 1 0
1 1 1 1
1 1 1 0
€ Knb.c 0 1 1



Combining Data and Knowledge Graph

Declarative domain knowledge
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Domain Observations
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Declarative knowledge from ConceptNet5
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http://conceptnet5.media.mit.edu/web/c/en/traffic_jam

Three Operations: Complementing graphical model structure
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Three Operations: Complementing graphical model structure
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Three Operations: Complementing graphical model structure

time of day

Add missing random Variabu)?d weather CapableOf slow traffic
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Three Operations: Complementing graphical model structure
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Three Operations: Complementing graphical model structure
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Enriched Probabilistic Models using ConceptNet 5

Day of ¥ fd
T

Scheduled
ent

Structure extracted
form

traffic observations
(sensors + textual)
using statistical
techniques

Enriched structure which
has link directions and
new nodes such as “Bad
Weather” potentially
leading to better delay

Scheduled predictions

ent

Active

Bad )
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PCS Computing for Intelligence
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PCS Computing for Intelligence
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PCS Computing for Intelligence

Observations span physical, cyber, and social space
generating massive, multimodal, and multisensory observations
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Scenario: Physical Cyber Social Threat
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Government Facilities
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Scenario

(along with the knowledge required to answer them)

What physical infrastructure may have threats?

Location based knowledge

Physical Infrastructure at a location
Surveillance with high activity (e.g., logs, CCTV)
Prior disposition of infrastructure to risks

Events of high risk near the location (e.g., raid of explosives)

What are the locations currently at high threat level

Location based knowledge
Locations with physical infrastructure + suspects
Locations where surveillance logs show frequent attacks

Who are the suspects?

Location based knowledge
People from watch list and making international calls
People from watch list and found near infrastructure through surveillance

. Observations

History

(f ) ‘f £ uﬁ\\ ﬁ\

L] \ LU
| |

| : ﬂ\\ ﬂ\ £ IMINT: bese
GEOINT: o (4 e 4 Observations from Multi-Int:
~ Satellite and drone images SIGINT: OSINT: continuous monitoring (e.g., CCTV) prior knowledge from

- capturing activities in a
. geographical area

Phone logs indicating
calling patterns

Communication and group
dynamics on social
media and emails

historical events/threats




Scenario

(along with the knowledge required to answer them)

What physical infrastructure may have threats?

Location based knowledge

Physical Infrastructure at a location What are the locations currently at high threat level
Surveillance with high activity (e.g., logs, CCTV) .

Prior disposition of infrastructure to risks Location based knowledge

Events of high risk near the location (e.g., raid of explosives) Locations with physical infrastructure + suspects

Locations where surveillance logs show frequent attacks

nswering these questions demands semanti
integration, annotation, mapping, and
interpretation of massive multi-modal and

Who are th ? - i
O are the suspects multi-sensory observations.

Location based knowledge
People from watch list and making international calls
People from watch list and found near infrastructure through surveillance
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History
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| o 4 o (o) Observations from Multi-Int:
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geographica] area Calling patterns dynam|CS on social
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PCS computing for detecting threats

Known threats based on analyzing
historical threat scenarios and the
conditions that persisted during these
threats

Filter: semantics-empowered threat detection

Characterizing threats and their severity level using weights learned from data

hreatLevell => InternationalCalls A ForeignTravel A WeaponMarket A Explosivelngredients wl =
ThreatLevel2 => InternationalCalls A ForeignTravel A WeaponMarket A Explosivelngredients A InWatchList w2

ThreatLevel3 => InternationalCalls A ForeignTravel A WeaponMarket A Explosivelngredients A InWatchList A CaughtSurveillance
w3

Decisiop’suppo t_l_

5 Domain Expert

Abnormallsignatures

Prior knowledge from
historical events/threats

Anomalies in:

@ - Communication

- Behavior

What phy5|cal infrastructure may be at risk?
Who are the suspects?

What are the locations currently at high threat level? Expand: graph basefl anomaly detection

Unified Semantic representation
.o oOf observations across multi-modal
and heterogeneous observations

lu, \ 0,,

SIGINT: G T
o Communlcatlon and group Observaﬂons from
Phone logs indicating dynamics on social

calling patterns media and emails

T

e base

Multi-Int:
Satellite and drone i |mages

capturing activities in a
geographical area

Prior knowledge from

historical events/threats
continuous monitoring (e.g., CCTV)
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PCS computing for detecting threats

Known threats based on analyzing
historical threat scenarios and the
conditions that persisted during these
threats

Filter: semantics-empowered threat detection

Decisiop/Suppo Characterizing threats and their severity level using weights learned from data History
tThreatLeveIl => InternationalCalls A ForeignTravel A WeaponMarket A Explosivelngredients wl —
ThreatLevel2 => InternationalCalls A ForeignTravel A WeaponMarket A Explosivelngredients A InWatchList w2 m

ThreatLevel3 => InternationalCalls A ForeignTravel A WeaponMarket A Explosivelngredients A InWatchList A CaughtSurveillance
w3

| :Domain Expert Prior knowledge from
historical events/threats

e base

Takeaway Points:
PCS computing is crucial for a holistic interpretation of observations

N Horizontal and vertical operators empowers analytics spanning CPS modalities
A i Semantics-empowered graph based anomaly detection algorithms will detect more anoma
What physical infrastruct Leveraging prior knowledge from experts and historical data will allow characterization of t

Who are the suspects?

What are the locations currently at high threat level? Expand: graph basefl anomaly detection

Unified Semantic representation
@ of observations across multi-modal
and heterogeneous observations

f N ﬁ\

4 -
ﬁ | e base
Satellite and drone images SIGINT: * N Communication and group\ IMINT: o Prior knowledge from
capturing activities in a Phone logs indicating dynamics on social Observations from historical events/threats
geographical area calling patterns continuous monitoring (e.g., CCTV)

media and emails
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PCS computing for soldier health
monitoring
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PCS computing for soldier health
monitoring

There are a variety of sensors used to monitor
vitals of soldiers, location, and presence of poisonous gases




PCS computing for soldier health

monitoring

vitals of soldiers, location, and presence of poisonous

There are a variety of sensors used to monitor
gases

—
-
-
-
-

- Each soldier is augmented with situation awareness of location, poisonous gases, and vitals.
- Cohort health management is crucial for real-time efficient management of stress levels of

soldiers
- Data sent to a mobile control center after initial pre-processing and analysis
- Dynamic allocation of units based-on their physiological state and stress levels leads to informed-
decisions __goe®” o

-
-
-
-
-




CPS Current State of Art: Limitations

CPS are stovepipe systems with narrow set of observations of the real world.

No knowledge support for informed decision making with Mark'’s case.

Social aspects crucial for decision making is ignored

The vision of Physical-Cyber-Social Computing is to provide solutions for
these limitations.

120



Conclusions

Transition form search to solution to PCS computing engines for actionable
information.

Seamless integration of technology involving selective human involvement.

Transition from reactive systems (humans initiating information need) to
proactive systems (machines initiating information need).

Sharing of knowledge, experiences, and observations across physical-
cyber-social worlds lead to informed decision making. Subjectivity,
personalization and social aspects are key to convert insight into action.

Physical-Cyber-Social Computing articulates how to achieve this vision.

Semantic computing supports integration and reasoning capabilities needed
for PCS computing.
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A bit more on this topic

Influential visions by Bush, Licklider, Eaglebert, and Weiser.

Amit Sheth, Pramod Anantharam, Cory Henson, 'Physical-Cyber-Social Computing: An Early
21t Century Approach,' IEEE Intelligent Systems, pp. 79-82, Jan./Feb. 2013

Amit Sheth,”Computing for Human Experience: Semantics-Empowered Sensors, Serwces

and Social Computing on the Ubiquitous Web4IEEE Internet Computing, vol. T4, no. 1, pp.
88-91, Jan.-Feb. 2018 dor:10. IIO%?IVIIC.ZOIO.

A. Sheth, Semantics empowered Cyber-Physical-Social Systems, Semantic Web in 2012
workshop at ISWC 2102.

Cory Henson, Amit Sheth, Krishnaprasad Thirunarayan, 'Semantic Perception: Converting

Sensory Observatlons to Abstractlons IEEE Internet Computlng vol. 16, no. 2, pp. 26-34,
ar./Apr. ol

Cory Henson, Krlshnaprasad Thlrunaraxan Amit Sheth. An Ontological Approach to
Focusing Attention and Enhancing Machine Perception on the Web. Applied Ontology, vol.
6(4), pp.345-376, 2011.

Cory Henson, Krishnaprasad Thirunarayan, and Amit Sheth, "An Efficient Bit Vector Approach
to Semantics-based Machine Perception in Resource-Constrained Devices, In: Proceedmg\s

of 11th International Semantic Web Conterence (ISWC 2012), Boston, Massachusetts, US
November 11-25, 2012.
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http://wiki.knoesis.org/index.php/Computing_For_Human_Experience
http://amitsheth.blogspot.com/2012/08/semantics-empowered-physical-cyber.html
http://www.knoesis.org/library/resource.php?id=1682
http://www.knoesis.org/library/resource.php?id=1633
http://www.knoesis.org/library/resource.php?id=1772

Kno.e.sis resources

* OpenSource:
http://knoesis.org/opensource

« Showcase: http://knoesis.org/showcase
* Vision: http://knoesis.org/vision
* Publications: http://knoesis.org/library

 PCS computing:
http://wiki.knoesis.org/index.php/PCS
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Physical-Cyber-Social Computing

thank you, and please visit us at

http://knoesis.org
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