'1] Healthcare

-=i ) :‘l“-l' - |
= Dr.Radhika ganesan, ceo

-‘--‘i"‘

— ‘W pepgra healthcare private

\l limited

&
iiiiiiiiii

#* "
tttttt
# &
iiiiii
rrrrrr
------

http://www.pepgra.com/ _ : :.:.'f .;-:..:




U

e S

Value Based Healthcare Recent Trends in loT Big
System - How it is seen Data Analytics

today Challenges & Our Future
-Healthcare Challenge &
ol as a Solution

Outline

oT - Big Data Structure

http://www.pepgra.com/



http://www.pepgra.com/

EEREEEEE

.l'l
= .-..' ) J,l

l[i'll‘

|H

-----

L IR
&

i‘#.
iiii

TODAY

What we consume

L]

-



}!'ﬂ“ﬁ . 5 .!‘!.; ._._=:.---

g

.h:-‘\."'\-_

§28 HEALTHCARE
B TODAY

AR N
+++++++

Where are we

; o

iiiiiiii
# L] -
iiiiiiiii

- =
111111
* -

lllllll
iiiiii
iiiiii

http://www.pepgra.com/ _ :.:. - ..1;-:



Q=D

Where Are We? -
India

India has 2,00,000 | -ereentage of 60+
centenarians populrf[ltlgr; -
(100+ population) | €XPected o .
increase from: — L
1)

Over 9 core elderly 7(.767/(;nillion) e

population in india in 2000

2011- only 12 other

countries have a total 20.6 %

population higher than (324

48.2% of elderly are
women, 58% of them
beln}] widowed, divorced.
75% of Indias elderly live
in rural areas and one-third
live below the poverty line.

o 55 crore gotoslesp on

million ) in
2050

that.

In the same period,
percentage of the 80+
population will increase

e @ > 0.61% (6.1 million)

2000

Lo

an empty stomach every
night—Just about the
population of the UK.

® Anestimated 50 lakh
live alone - more than all
of Australla.

® In 2040, within 30
years, the grey
population in Indla

AGEING IN INDIA will double again.

Source: Adopted from Insights (2017)
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Neglect of Rural population

Import western models and less
emphasis on cultural model

Shortage of Medical Personnel

-

Expensive Health Service
(Allopathy Vs, Ayurveda, Unani
& Homeopathy)

(B

Tl ., [ i
=1 B/'G Diarrheal diseases
) Tt i Cerebr

Leren
-"e LatentT o

Source: Adopted from Kiddie (2017)



Distribution of Disease
burden -1990 vs 2020

1990

Injuries
15%

Non
Communica
o] [2]
29%

Communica
ble
56%

2020
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Communica
ble
24%

Injuries
19%

Non
Communica
o][2]
57%
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Operational Challenges

I Capacity And Infrastructure Shortfall I

Healthcare Spend (2014) |

USA UK INDIA CHINA

Physicians MNurses

As % of GDP

Public Spend
[as%nfGDF'] ) ) ‘ .

{
g
z
J

Per Capita
D) ....5%9403 83935 $75 . %420

As % nf
Infrastructure Shortfall
(India Only ) GWTSP‘“—”"—' ) 16.5 .

Out of F'Dcket

Primary hoath oonloes Gommunty neadh conlos Guz Coninrs { }' [20':'4}
e L] B

Functional 25,308 5,396 153,655 Out of Pocket
(%) (2014)

Target 29,337 7322 179,240

http://www.pepgra.com/
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5.2 million medical errors are happening in India
annually: Dr Girdhar J. Gyani

Medical errors in top 10 killers: WHO

http://www.pepgra.com/

Malathy lyer | TNN

Mumbai: Medicine heals, but
this fact doesn’t hold true for
every 300th patient admitted
to hospital. Call it the law of
averages or blame human er-
ror for it, but the World Health
Organization believes that one
i 10 hospital admissions leads
to an adverse event and one in
300 admissions in death.

An adverse event could
range from the patient having
to spend an extra day in hospi-
tal or missing a dose of medi-
cine, said Dr Nikhil Datar, a gy-
naecologist and health activist.
Unintended medical errors are
a big threat to patient safety,

Although there is no Indi-

an data available on this top-
ic, WHO lists it among the top
10 killers in the world. While
a British National Health
System survey in 2009
reported that 15% of

its patients were [
misdiagnosed, an

American study

published in the

Journal of the

American Med-

ical Association %

in 2000 quantified

this problem maost
effectively It said that

there are 2,000 deaths every
year from unnecessary sur-
gery; 7,000 deaths from med-
ication errors in hospitals;
20,000 from other errors in

hospitals; 80,000 from infec-
tions in hospitals; and 106,000
deaths every year from non-

error, adverse effects of

medications. In all,
.. 225,000 deaths oc-
% Ccur per year in
the US due to
unintentional
medical er-

rors.
It 18 to cre-
ate awareness
both among doc-
tors and patients
about errors dubbed
as unintended medical er-
rors that Datar organized a
seminar to discuss patient
safety at the Indian Medical
Associations office on Sunday.

“In the western nations, it is
believed that the incidence of
unintentional medical errors
is between 10% and 17% of all
cases,” said Datar.

The Indian government has
woken up to the concept, It set
up the National Initiative on
Patient Safety in AIIMS a cou-
ple of years back. But the idea,
as Dr Akhil Sangal of the In-
dian Confederation for Health-
care Accreditation, points out
is not to apportion blame.
“When medical negligence ac-
curs, the first question to be
asked 1s who is to blame. We in-
stead have to evolve to a system
in which we ask guestions
about how, when and where the
negligence occurred,” he said.
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Chronic
The United States spends significantly more on health care than any other nation. In 2006, our
health care expenditure was over $7,000 per person,' more than twice the average of 29 other

=
developed countries.’ We also have one of the fastest growth rates in health sp 2 d I sease
expenditures since 1990." Yet the average life expectancy in the United States is far be

other nations that spend less on health care each year.

Long Waiting Time R

These persistent conditions—the nation’s leading causes of death and disability—leave in their
wake deaths that could have been prevented, lifelong disability, compromised quality of life, and

burgeoning health care costs. The facts are arresting
* 7 out of 10 deaths among Americans cach year
are from chronic diseases.
* In 2005, 133 million Americans—almost |

3

out of every jults—had at least one chronic

illness
PMCID:

= How Much Do Forgotten Insulin Injections Matter to Hemoglobin A1c in
Dlstan ce Trave I IEd tO OP D People with Diabetes? A Simulation Study

J ndl

This article other artic

Abstract

Background

Distance travelled to seek OPD treatment S - pose g o

on
hemoglobin Ale (HbAlc) levels if insulin injections are forgotten. The simulation concerns peopls

m. nf I'ﬂ,ﬂls 10*1 12 gm1 13'31 5 M issed ~vpe 1 diabetes on inten: lin therapy.
—————

Methods

vith and without a forgotten inj ere obtained. The difference to

L) - e =
Medication teutated v omator on the e - ltplicd by the frequency of

s found in the literature

32%
32% 32% 32%

g
|

0%

5 hn long-acting insulin. In 11 MOre Pronouy
forgotten) there is a possib f HbAlc of 1
5 h.n Conclusions
M m m The magnitude of the possible improvement in HbAlc agr well with othes in the relation
8% 32%% n adheren d levels. The estimated number st that m jections are an

suboptimal treatment.

All Inida Urban Rural Affording Poor
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PubMed v
US National Li cine
National Institut a Advanced

Format: Abstract - Send to

Stroke \ MNeurol. 2016 Dec 19;1(4):161-164. doi: 10.1136/svn-2016-000032. eCollection 2016 Dec

Perspective and future of evidence-based medicine. C
", Focusing On

+ Author information

Prevention rather than

BACKGROUND: Evidence-based medicine (EBM) has evolved over a century. EBM is now the guiding principle of medical practice. High-

level EBM usually derives from a well-designed, randomised, double blind, placebo controlled trial of parallel groups and sufficient number of .

patients enrolled. However, in recent times, concerns of EBM misguiding clinical practice have been on the rise. This paper aims at exploring Wa It a n d See
the root cause of why EBM is perhaps losing its touch as the measuring standard of clinical practice.

Source: Adopted from You (2016)

METHOD: History of EBM and criteria of determining a well-designed and conducted trial were reviewed. The impact of pharmaceutical A roach
industry on EBM has been elucidated. The percentage of clinical trials that were sponsored by the pharmaceutical industry was calculated. p p
Some of the wrong motives of conducting clinical research were identified.

RESULT: To some extent, EBM may have contributed to overdiagnose or overuse of medicine. Nearly 46% of clinical trials were financed by
pharmaceutical companies. About 90% of manuscripts printed might not need to be published. Many trials contained at least one outcome
that did not ma ES== _

ONCLUSIONS: While EBM continues to be the guiding principle, clinicians should be aware of potential tainted results. In the future, BIg
data is likely going to offer us a new aspect of EBM and arm us with more comprehensive data when we make our clinical decisions.

http://www.pepgra.com/
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Treatment Today

IM THE MATION'S INTEREST

Top Healthcare Stories for 2016:
Pay-for-Performance

by
COURTHEY BATRES

v 16 the Cenvers for Medicare & Medicaid

Services {CMS) and America’s Health Insurance Plans

Source: Adopted from Baird (2016)

sensus among public health plans, commercial insurers,
wher stakeholders on major qualivy

i abaorative su Ppores the recent shift toware

http://www.pepgra.cd

Led to Change the Model
from Fee-for-service to
Value Based Payments

Both Incentives &
Penalties



BEEENS

Q=D

Future Healthcare

7) TECHNOLOGY

~"  ARTIFICIAL INTELLIGEMNCE
BASED DECISITN MAKING

Everything is Connected

Self Management of
Chronic Disease

Technology

Connected Healthcare
Ecosystem

Service Delivery

http://www.pepgra.com/ WE ARE INVESTING IN THE RIGHT THINGS
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loT — Machine Talking to Machine

¥ Aglobal Network Infrastructure linking
Physical & Virtual Objects

¥ Infrastructure - Internet and Network
developments

X Specific object identification, sensor,
and connection capability

¥ Internet of Medical Things, a network '
devices, connect directly with each
]

other to capture, share and monitor
vital data automatically through a SSL
that connects a central command and
control server in the cloud.

http://www.pepgra.com/
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Connected devices (billions)

-
@ Wide-area loT

16 29
billion billion

http://www.pepgra.com/
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X External sensors that connect to the

X Ingestible sensors (for
example, in the form of
a pill and eventually
dissolved)

Tissue-embedded
sensors (for example,
a pacemaker or
implantable cardio
defibrillator)



What it all Delivers?

X Data...Data...Data

loT Generated

X “Datais changing, and it shows no sign
of stopping. Along with that change, the
scope and scale of data are
continuously increasing”.

http://www.pepgra.com/
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The Model has changed

X Old Model: Few companies are generating data, all
others are consuming data

lH.

X New Model: all of us are
generating data, and all of us are
consuming data

http://www.pepgra.com/
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Data environment is Rapidly changing

Healthcare organizations are facing a deluge of rich data that is enabling them to become more efficient,
operate with greater insight and effectiveness, and deliver better service

Sources of the data deluge

e
Mobile EMRs Paper / Text Social Media Images Videos Sensors / Devices
Documents
40-50% 62% ~9X
Annual growth in digital data volume* Annual growth in unstructured data* of unstructured data vs. structured data by 2020**

Advances in computing power and techniques

Smarter Algorithms Faster Processing Speed Improved Visualization

- e nalized Digital Drug Trials and
Health Discovery

* . . . . . . . . .

HP Autonomy, Transitioning to a new era of human Afivlances angly‘ucal apd computing .technlque.s coupled WIf[h the e.xr.>I05|o.n of data in healthcare orga.mzatlons can help uncoyer leading
information, 2013 clinical practices, shrink research discovery time, streamline administration, and offer new personalized engagement paradigms at an
*% industrial scale that align people’s decisions and actions in ways that improve outcomes and add value

Steve Hagan, Big data, cloud computing,
spatial databases, 2012

Adaptive Organization

http://www.pepgra.com/
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Big Data = Transactions + Interactions + Observations

Petabytes

Terabytes

Gigabytes

Megabytes

http://www.pepgra.com/

Sensors / RFID / Devices

Mobile Web Sentiment

User Click Stream

Web logs A/B testing

Offer history Dynamic Pricing

Affiliate Networks
Segmentation
Offer detalls

Customer Touches

Support Contacts

Search Marketing

ERP

Behavioral Targeting
Purchase detail

Purchase record Dynamic Funnels

Payment record

Increasing Data Variety and Com

BIG DATA

User Generated Content

Sccial Interactions & Feeds

Spatial & GPS Coordinates

External Demographics

Business Data Feeds

Data at Rest

HD Video, Audio, Images
Speech to Text Terabytes to
exabytes of existing

Product/Service Logs dete to proeess

SMS/MMS

Saource: Contents of above graphic created in partnership with Teradata, Inc.

Data in Motion

Streaming data,
milliseconds to
seconds to respond

Data in Many
Forms
Structured,

unstructured, text,
multimedia

Data in Doubt

Uncertainty due to
data inconsistency
& incompleteness,
ambiguities, latency,
deception, model
approximations




!I'III

What Data is generated?

http://www.pepgra.com/

X X X X X

X X

Log files

EHR data

Social Media sentiments
Clickstream information

Temperature, Pressure, Position, Speed, a Switch that’s on or
off.

Activity Tracking: date, time, GPS coordinates and Biometrics
Health Activity: Size of a step taken,

Blood pressure, respiration rate, oxygen saturation, heart rate,
hydration, galvanic skin response, EKG, Distance, Speed, Step
count, fall detection, calories burned, cadence, acceleration,
location and altitude,




Type of Generated

X Non-textual
X Textual

X Audio

X Video

X Presentation
X Pictures

X .rar files

http://www.pepgra.com/
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HealthCare data

Biomedical Signals

Multi-sensor plethysmography device

Physiological data of elderly patients [33 _

Pulse rate, blood pressure, level of

http://www.pepgra.com/

Table 1. Recent biomedical sensing research works.

Research

Real-time streaming data in healthcare
applications [34]

Recognition of activities and health
monitoring [28]

Long-term monitoring of respiration and
pulse [26]

Diabetes monitoring [29]
Active assistance [30]

Detect and prevent venous stasis [27]

ECG Smart Healthcare monitoring [31]

Mobile medical computing systems [32]

Applications in the pervasive
environment [35]

Generic Biomedical signals
Heart biomedical signals

Respiration and pulse

Daily activity data

Activity and environment data
Pulse and blood flow data

Oxygen saturation level, Heart Rate
ECG signals

Medical signal and context

information

alcohol, etc.

Devices

Generic Biomedical sensors
Smartphones & wearable devices
Non-contact sensors textile-integrated
Smartphone & smartwatch

Wearable sensors and smartphone

Biomedical sensors & smartphone

Wearable ECG sensors and Cloud for
processing

Different sensors and actuators

Mobile healthcare

I
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HealthCare Data - transformed into meanlngful
insights, which explain the value in 6Vs.

01
In healthcare big
data environment,
the physiological
data, EHR, 3D
imaging, radiology
images, genomic
sequencing,
clinical, and billing
data are the
sources of big
data, which
describe the
volume.

http://www.pepgra.com/
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Why - Prevention, Treatment & Management

Descriptive Diagnostic Predictive Prescriptive

Why it is What will How we can

What Happened?

Happened? happen? make it Happen

http://www.pepgra.com/



What - other types of analytics of things are there?
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Layer 1

X Sensor layer — Integrated smart objects along
with the sensor. These sensors empower the
interconnections of the real worked and the
physical measurements for real time information
process.

Sensors

X Measures - quality, temp, electricity and
movement

X Sensors entails connectivity to the senor
gateways in the form of personal area networks
PAN such as Bluetooth, ZigBee, Ultra-wideband,
LAN, WiFi, ethernet connections

Cognitive
action

/ Analytics of things \

Data Integration

http://www.pepgra.com/



Source; Adopted from Mora et al. (2017)
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Figure 1 shows a very general IoT scheme, which is the approach shown in most of the works
reviewed in the state of the art. There are many tasks throughout the IoT process that can be divided
more efficiently.

Sensing

H i S

H b4 i -] “

: Vo A
B - @

H I _ 3

: % 2

; - \
’.‘ H v
H g

Cloud Computing

!
Collected data from : = i i Analysing &
diverse sources e Visualization

Figure 1. General schema of loT.

Figure : General Schema of loT

Figure shows a very
general loT scheme,
Which is the approach
shown in most of the
words reviewed in the
states of the art . There
are many tasks
throughout the loT
process that can be
divided more efficiency
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Database Management System (DB MS)

Traditional DBS DSMS

Result

== Register CQs
™

Query Processing

Scratch store
(main memory or disk)

http://www.pepgra.com/

Result
__ /,.,(S‘E)red)

Archive
Stored relations
3

Conventional DBMSs are designed
to process queries over finite stored
datasets.

Query Semnatics: One time query
that logically do not change while a
query runs vs. Continuous queries

Query Plan chosen - one per query
using statistics available vs.
adaptive execution plan based on
stream and system conditions as
query runs
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Data Stream

Impuit Data

Pseudo real time analytics: Following are different options for
implementing the real-time layer

Huge volumes of data handled by batch operations. &
processed from permanent distributed storages using Hadoop
MapReduce or in-memory computations using Apache Spark.
Apache Pig and Hive are used for data querying and analyses.
Since these run on cheap commodity servers on a distributed
manner, they are the best bet for processing historical data and
Data Infrastructure deriving insights and predictive models out of it.
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Real Time data stream

http://www.pepgra.com/

These types of analytics refer to the system that depends on
instantaneous feedback based on the data received from the
Sensors.

For example, 0T receives data from numerous sensors on a
patient’s body. Need to aggregate real time data & run
algorithms to detect situations that need immediate medical
attention.

E.g. A medical provider or an emergency response system
should be notified immediately or who needs 24/ 7 health
status observation.

Analysis-response cycle should only take few seconds as every
second would be a matter of life and death.

lll(ll ll](l(ll 14. )41
11002 17.3.0.2 12143
11003 12485 16.2.8.7
11004 19.7.0.1 10.1.0.1

Local Queries
(identify conditions)

Alarm Query
(notify nurses)

Alarm Q i

Nurse(s)

Euclidean distance (top)

o
=
5]
a
o
=
©
>
E
5
E
£
E
©
14
k=]
T
@
m

3 4 5
Time in milli seconds
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Solution
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A classic Hadoop based solution might not work in the above
cases because of the fact that it relies on MapReduce which is
considerable slow involving costly 10 operations.

The solution is to augment Hadoop ecosystem with a faster real-
time engine like Spark, Storm, Kafka, Trident — Scalable,
reliable, distributed, scalable, high throughput, fault tolerant, fast
and real time computing to process high velocity data - to
process high velocity data stream
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% Data acquisition . Q
2w |, Noise reduction .
Filtering .
—
_|| ol ‘ “Segmentation
e 1
P J{ . Feature extraction
- ~ il Anomaly
Visuaiizatiun e detection
| R

EE | Store data | ‘Raisealarm

(a)
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loT Framework

before processing, the
analog ECG signal MCATE
converted to a digital form at
a particular sampling rate or
frequency

\
failure, myocardial infarction
— accuracy and
computational costs

data (linear, nonlinear, i
polynomial, high pas filters,
finite impulse

Store data




Data Acquisition

http://www.pepgra.com/

The first step is to be able to acquire and filter the massive input stream
generated by millions of sources from the loT at an application-defined
frequency.

X To define online filters in order to discard redundant data without loss of
useful information (at the source level, or at a higher level).

X when a jogger stops to take a rest her sensor reads the same value at
regular intervals. These values could be locally filtered in order to
compress the input data set. We showed that the input workload is
continuous but that the flow rate varies over time.

X A key challenge is to design and implement a scalable way of
supporting a variable number of connected objects in order to handle
peaks of workload.
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Data Cleaning

http://www.pepgra.com/

Sensor data from smartphones is inherently erroneous and uncertain.

X The main factors are battery life, imprecision, and transmission failures.
This problem is especially challenging when we consider stream
processing.

X Forinstance, a smartphone can exhaust its battery life in the middle of
the route or its GPS sensor can position it outside the route, which
corrupts the resulting GPS trace.

X Addressing this problem requires detection and correction of this kind of
data by performing online data cleaning.




Q=D

Data Processing

Data processing requires faster speed, and in many areas data have been
requested to carry out in real-time processing such as disease risk prediction
and requirement of surgery or not

Figure : static data computation versus streaming
Data ’ 1 data computation

Source: Adopted from IBM (2017)

a) Static Data Computation 2) Streaming Data Computation

http://www.pepgra.com/
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Data Processing

Dmtrlhmed stream processing system

Distributed event processing system

StIE'mlDull [ ] _ Stream [JIDLE'-?*:IIIE system
——-—
ﬂ\pauhe ‘&ARN[ 5]

Apache S4 [18]
Apache Chukwa [20]
HStreaming [11]

AMPLab Spark [26]

Source: Adopted from Carvalho et al. (2013)

T Tools based on Hadoop’s infrastructure
1 Tools that can interact with Hadoop’s infrastructure

Table: List of event processing tools and his main characteristics

http://www.pepgra.com/
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Query Processing Challenges

Query processing in the data stream model of computation comes with its own unique challenges

Unbounded in size, the amount of storage required to compute an exact answer to a data stream
query may also grow without bound. While external memory algorithms for handling data sets
larger than main memory have been studied, such algorithms are not well suited to data stream
applications since they do not support continuous queries and are typically too slow for real-time
response.

Approximation algorithms for problems defined over data streams has been a fruitful research area
in the algorithms community - for data reduction and synopsis construction, including: sketches,
random sampling , histograms , and wavelets .

Window Sliding: One technique for producing an approximate answer to a data stream query is to
evaluate the query not over the entire past history of the data streams, but rather only over sliding
windows of recent data from the streams. For example, only data from the last week could be

considered in producing query answers, with data older than one week being discarded.
http://www.pepgra.com/
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Stream Data Mining

http://www.pepgra.com/

Traditional data clustering algorithms such as K-means Self Organizing Maps, density
based clustering techniques such as DBScan and CLIQUE, are applied on finite static
data

because data streams are infinite, data stream mining algorithms need to process the
data in single pass

Anytime data mining algorithms such as K processing, anytime learning, anytime
classification
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Stream Data Mining

http://www.pepgra.com/

Traditional data clustering algorithms such as K-means Self Organizing Maps, density
based clustering techniques such as DBScan and CLIQUE, are applied on finite static
data

because data streams are infinite, data stream mining algorithms need to process the
data in single pass

Anytime data mining algorithms such as K processing, anytime learning, anytime
classification
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Mon Artificial
Intelligence (NAIY

Graph Partitiloning
and compasite B-
Tree (Sandu Popa,

Zeitouni et al. 2011}

Inverted Index Tree
[Wang, Halub et al.
201

(Wei, Hsu et al.
2013)

R-Tree (Wu, Cang et
al. 2012)

A network structure

index with Shortest-
Path Trees (Maier,

Rattigan et al. 2011)

Red=Black tree [Yeh,

Su et al. 2013)

Compact Steiner

Authenticated Tree-
Based Index
Structures(Li,
Hadjieleftheriou et
al. 2010)

Compasition of
Coordinate tree,
metric tree, and kd-
tree(Cian, Tagare et
al. 2010)

K-Tree (Hsu, Lee et
al. 2002)
Graph-lattice-based

index (Yuan and
Mitra 2013)

{Kaushik, Umnarani et

<>

Data Indexing

A novel Sparse

Ha: (SH) method
(Zhu, Huang et al.

2013)

Semi supervised
Hashing (Wang.

Kumar et al. 2012)

Merkle Hash Tree

Hashing

(Thilakanathan, Chen

et al. 2013)

Triplet-based

Hashing (Jayaraman,
Prakash et al.

(Mehrotra, Majhi st
al. 2010)

Velocity .-v..m-r\.-

--ﬁ_l_l.!!!.

Indexing Techniques

Hierarchical tree
basad on artificial

neural natworks (Wu,

Wang st al. 2009)

oo

Fuzzy (Dittrich,
Blunschi at al. 2011)
-

.-

Knowledge Representation
and Reasaning (KRR)

semantic ontologies
(¥idirim, Chaoji et al.
2012)

)

T aC
Semantic quad-iree
and Chard ring (Zeu,

Wang et al. 2

Phrase-based
Semantic (Chu, Liu et
al. 2005)

Latent Semantic
der Spek and
Kiusener 2011)

mantic audiovisual
Web indexing
(Cuggia, Mougin &t
al. 2005)

- Comiplexity

Collabarative Artificial
Intslligence (CAI)

System (Huang. Lu et
al

Incremental

Caollaborative filtering

basad Recommender
System (Komkhao,

Collaborative
samantic (Leung and
Chan 2010)

ot - o

Collaboration-based
Semantic Indexing
(Dieng-Kuntz, Minie
et al. 2006)
-

Collaborative
Annatation (Eleuch,
Zarka et al 2011)

-

Collaboratiee
Semante (Gacto,
Alcala et al. 201
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Natural Pattern Locating Machine
Language Identification  Knowledge Learning

Humans excel at:

TR EORY

Common Sense Dilemmas Morals Compassion

Eliminate
Bias

Imagination

B\

Endless
Capacity

= @

Dreaming

Abstraction

O
)
o]
tl_.l
(o]
)

Generalization
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For researchers
[academicians
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https://www.datasciencecentral.com/profiles/blogs/great-sensor-datasets-to-prepare-your-next-
career-move-in-iot-int

Data Repositories

https://archive.ics.uci.edu/ml/datasets.html

. Data.gov
. US Census Bureau
. European Union Open Data Portal

https://www.datasciencecentral.com/profiles/blogs/big-data-sets-available-for-free

. Data.gov.uk https://www.datasciencecentral.com/profiles/blogs/20-free-big-data-sources-everyone-should-
. The CIA World Factbook check-out

. Healthdata.gov
. NHS Health and Social Care Information Centre
. Amazon Web Services public datasets

http://www.conduitlab.org/data-sources/

1
2
3
4
5
6
7
8

w0

. Facebook Graph https://github.com/TomLous/coursera-getting-cleaning-data-project
10. Gapminder

11. Google Trends

12. Google Finance

13. Google Books Ngrams
14. National Climatic Data Center https://awearable.tumblr.com/post/115835279113/the-datasets
15. DBPedia

16. Topsy

17. Likebutton

18. New York Times

19. Freebase https://old.datahub.io/dataset/knoesis-linked-sensor-data
20. Million Song Data Set

Read original article with description for each data repository.

http://efavdb.com/machine-learning-with-wearable-sensors/

https://zenodo.org/record/14996#.WfgnKGiCw2w

https://www.healthdata.gov/search/type/dataset

http://www.pepgra.com/
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Challenges for “At Risk” Patient
ldentification & Intervention

Data Challenges Task Challenges

. : i - Critical decisions: May literally
Large Scale: Up to 10s of millions of mean life or death

patients : R
] ] ] ) - No clear right answer: Evidence
- High Dimensionality: Thousands of is often ambiguous
dimensions spanning many years . Limited time: Manage
- Semi-Structured: Clinical notes, complexity, multiple granularity
imaging, medical codes - Domain experts are people...
- Distributed: Multiple providers and - Data analytics and statistics
representations - Visualization and user interaction
- Sparse and Irregular: Periodic visits, - Systems
different for each person

- Uncertain: Subjective, data entry numbers

errors, bias for billing . : : .,
i : . - “But my patients are different...
- Incomplete: Many items missing from . Users resistant to technology

the medical record change

- Too much (or too little) trust in

http://www.pepgra.cd
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Conclusion

Better treatments.....

More efficient

http://www.pepgra.com/
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