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Digitialization = Data storage and analysis
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1. Contact lenses

A microscopic camera in the lens takes
pictures of the retina and matches these
to past cases, identifying early symptoms
of diabetic retinopathy

Fact

19 of global bindness can be attributed to
diabetes Approximately 4,200 peoplein
England are blind due to diabetic retinopathy

2. Fridge

The fridge moritors the digestive system:
drink umed ): vitamin consumption
(deficiencies): calorics/sugar consumption
(irsuiin love

Fact
Diabetes s s he NHS £16.9
billion by 2035/6

3. Artificial pancreas

Mini artificial pancreas to detect
blood sugar levels and inject

4. Clothes

Smart fibres in all clothes sense a rash
or skin condition appearing, signafling
the possible onset of diseases such as
skin cancer

Fact
There are currently aimost 13,000 new cases
of skincancer diagnosed eachyear inthe UK

5. Thermometer patch
‘mmpcmlumchanges
the a of sk e
heat flow through the bloodstre:
cardiovascular activity

6. Shoes and socks

hoe socks ! ant of feet.

7. Nappies

nart nappies monitor children's
sleeping patterns and body
temperature for symptoms of illness
such as dehydration

Fact

Approximately 440,000 children around
theworld have diabeteswith 70,000 new
cases diagnosed each year

8. Toilet

The smart toilet monitors the liver and
kidney by measuring the frequency
and amount of urine passed, analysing
for glucose levels, dehydration,
infection and kidney problems. It also
alerts for high blood pressure,
asymptom of heart disease

Fact

Coronary Heart Disease is the UK's biggest
killer with 82.000 deaths annually. Globally,
more people die from cardiovascular
disease than any other cause

9. Monitoring

Ce uous data collection and i

reporting of fitn

of diseas e incentivised with

rewarc itive behaviour - the
gamification” of healthcare, driving

positive behaviour change

IHS £9.7 billion

1 2012, Diabetes UK. 2: Study Med

4: NHS Online. 5: Global




Big Data

Big data is data sets that are so voluminous and
complex that traditional data processing

application software are inadequate to deal with
them. The Free Encyclopedia

The term “big data” refers not only to large data
sets, but also to the frameworks, techniques, and
tools used to analyze it. It can be collected
through any data-generating process such as
social media, public utility infrastructure, and
search engines. Big data may be either semi-




Big Data growing fast

S
IBM Investor Briefing

Big Data: This Is just the beginning
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It's estimated that

2005 2.5 QUINTILLION BYTES

TRILLION GIGABYTES

of data are created each day

40 ZETTABYTES

43 TRILLION GIGABYTES

of data will be created by
2020, an increase of 300
times from 2005

6 BILLION
PEOPLE

have cell
phones

From traffic patterns and music downloads to web
history and medical records, data is recorded,
stored, and analyzed to enable the technology
and services that the world relies on every day.
But what exactly is big data, and how can these
massive amounts of data be used?

Most companies in the
U.S. have at least

100 TERABYTES
100,000 GIGABYTES

of data stored

A
P

As a leader in the sector, IBM data scientists
break big data into four dimensions: Volume,
Velocity, Variety and Veracity

WORLD POPULATION: 7 BILLION

A new style of IT emerging n i
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% 217 new mobile web users

The Five V's of Big Data: 4 + value

As of 2011, the global size of
data in healthcare was
estimated to be

By 2014, it's anticipated
there will be

190 AL ‘F.H

A\
3\

are watched on
| YouTube each month

i You
I Tube
. J You
/

DATA

3 . You
[ ng CrANTENT e
o | 4;\)C:'b[.ul‘_‘.,

are shared on Facebook
every month

/
5
7

400 MILLION TWEETS
are sent per day by about 200
million monthly active users




- : * '
v V& = \q >
i » ‘ .
‘:-o - -
.i-x?? o

e 7‘;0

LYTICS |-

W e 78
© ~@ R
= ®
o D > A
Oe®
©)
0 S . b
v X
¥
5

Source: blog.ness-ses.com; http://www.enterrasolutions.com



Validity of Machine Learning

eeee0 \erizon LTE 3:02 PM 42% [

Chihuahua or Muffin?
< Albums

sheepdog or mop Select

https://www.reddit.com; https://twitter.com/teenybiscuit/status/707727863571582978/photo/1



Big Data

Pros

Q Insights (e.g., phenotyping,
precision medicine)

o Safety (long-term, real time;
Interactions)

O Trends, trajectories
Q Monitoring

cons

O Inherent biases in how all
data are collected and
interpreted.

Q Objections to the idea that
data mining can replace
hypothesis driven theory by
content experts.

O The observation that the
larger the data set the more
likely that spurious
correlations that are not
useful will be identified

Bottles et al; PEJ JULYeAUGUST/2014



Big data — data ownership?

Who Owns the Data? Open Data
for Healthcare & frontiers

In Public Health
Patty Kostkova'*, Helen Brewer?, Simon de Lusignan®, Edward Fottrell*, Ben Goldacre?,
Graham Hart?, Phil Koczan®, Peter Knight’, Corinne Marsolier?, Rachel A. McKendry?®, February 2016 | Volume 4 | Article 7
Emma Ross™, Angela Sasse’, Ralph Sullivan'', Sarah Chaytor'?, Olivia Stevenson'?,
Raquel Velho® and John Tooke'™

By way of contrast, through
iINncreasing popularity of social media, GPS-enabled mobile apps and tracking/wearable
devices, the IT industry and MedTech giants are pursuing new projects without clear
public and policy discussion about ownership and responsibility for user-generated data.

In lights of the risk-adverse pro-business policy making
attitudes in this domain, it is the golden opportunity and pro-
fessional responsibility of the research community to challenge
policymakers and regulatory bodies authorities and actively lead
on the complex multi-stakeholder processes of establishing this
new agenda.



The NEW ENGLAND JOURNAL of MEDICINE

ELQ OCCASIONAL NOTES

Chocolate Consumption, Traffic Accidents
and Serial Killers

James R. Winters and Sedn G. Roberts
School of Philosophy, Psvchology & Language Sciences,
University of Edinburgh,
Dugald Stewart Building,
3 Charles Street,

Edinburgh,
EHS 9AD

J.R. Winters@sms.ed.ac.uk
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Figure 1. Correlation between Countries’ Annual Per Capita Chocolate Consumption and the Number of Nobel
Laureates per 10 Million Population.




Big data — spurious correlations
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Age of Miss America
correlates with

Murders by steam, hot vapours and hot objects

Correlation: 87.01% (r=0.870127)
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Machine Learning in Medicine
s e
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Figure 3 | Skin cancer classification performance of the CNN and such that the prediction y for any image is y =P > t, and the blue curve is
dermatologists. a, The deep learning CNN outperforms the average of drawn by sweeping t in the interval 0-1. The AUC is the CNN’s measure
the dermatologists at skin cancer classification using photographic and of performance, with a maximum value of 1. The CNN achieves superior
dermoscopic images. Our CNN is tested against at least 21 dermatologists performance to a dermatologist if the sensitivity—specificity point of
at keratinocyte carcinoma and melanoma recognition. For each test, the dermatologist lies below the blue curve, which most do. Epidermal
previously unseen, biopsy-proven images of lesions are displayed, and test: 65 keratinocyte carcinomas and 70 benign seborrheic keratoses.
dermatologists are asked if they would: biopsy/treat the lesion or reassure Melanocytic test: 33 malignant melanomas and 97 benign nevi. A second
the patient. Sensitivity, the true positive rate, and specificity, the true melanocytic test using dermoscopic images is displayed for comparison:
negative rate, measure performance. A dermatologist outputs a single 71 malignant and 40 benign. The slight performance decrease reflects
prediction per image and is thus represented by a single red point. The differences in the difficulty of the images tested rather than the diagnostic
green points are the average of the dermatologists for each task, with accuracies of visual versus dermoscopic examination. b, The deep learning
error bars denoting one standard deviation (calculated from n =25, 22 CNN exhibits reliable cancer classification when tested on a larger dataset.
and 21 tested dermatologists for keratinocyte carcinoma, melanoma We tested the CNN on more images to demonstrate robust and reliable
and melanoma under dermoscopy, respectively). The CNN outputs a cancer classification. The CNN'’s curves are smoother owing to the larger

malignancy probability P per image. We fix a threshold probability ¢ test set.



Big Data and Medicine

TECH TWITTER

How Twitter Knows When You're
Depressed

Sam Frizell @Sam_Frizell  Jan, 27, 2014

A team of researchers have developed a
way to scan your tweets and determine
whether or not you're depressed with a
claimed accuracy rate of 70%, though the
scientists admit their model is a long way
from perfect

With its 230 million regular users,
Twitter has become such a broad stream
of personal expression that researchers
are 'begmmng to use it as a tool to d_ig into David Paul Morris—Bloomberg/ Getty Images
public health problems. Believe it or not,

a scientist out there might actually care about the sandwich you ate for lunch—even if
most of your followers don't.

“Our attitude is that Twitter is the largest observatio;

ever known, and we're working very hard to take adv

McCormick of the Center for Statistics and the Social Sciences at the University of
Washington.

What if, for example, an artificial intelligence model could scan your Twitter feed and tell
you if yow're at risk for depression? And what if you could receive notices from third
parties, for instance, that warned vou that you may want to seek help, just based on an
automated scan of your tweets? Eric Horvitz, co-director of Microsoft Research
Redmond has helped pioneer research on Twitter and depression. He says that could one
day be a possibility.

“We wondered if we could actally build measures that might be able to detect if
someone is severely depressed, just in publicly posted media, What are people telling the
world in public spaces?” asks Horvitz. “You might imagine fools that could make people
aware of a swing in mood, even before they can feel it themselves.”

Horvitz and a team of researchers helped develop a moedel that can scan tweets and
predict depression in Twitter users, with an accuracy they claim to be 70%. Researchers
say the system is still far from perfect. When the model scans your tweets, it misses some
signals and doesn't diagnose many people—about 30%—who really will get depression.
And the system has a “false positive” issue, Horvitz said, causing it to incorrectly predict
that healthy Twitter users will get depression in about 10% of cases.

The Microsoft team found 476 Twitter users, 171 of whom were seriously depressed. They
went back into users’ Twitter histories as far as a vear in advance of their depression

STLRT MY FREE TRIAL ¥

Hidt




Twitter Topics Positively Correlated With County-Level AHD Mortality
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Fig. 3. Map of counties in the northeastern United States showing age-adjusted mortality from atherosclerotic
heart disease (AHD) as reported by the Centers for Disease Control and Prevention (CDC; left) and as estimated
through the Twitter-language-only prediction model (right). The out-of-sample predictions shown were obtained
from the cross-validation process described in the text. Counties for which reliable CDC or Twitter language data
were unavailable are shown in white.

topics with negative correlations (bottom) have each been grouped into sets, which are labeled at the left. The size
of the word represents its prevalence relative to all words within a given topic (larger = more frequent; for details,
see the Supplemental Method).



Telehealth In sleep apnea management
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Academic industrial collaboration on big data



CPAP-Therapy

VORTEX BLOWER and SOFT
MASK

(Sullivan) 1981 - 87

Nasenmaske
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NCPAP-Therapie

Abb. 3




Emerging central sleep apnea during CPAP
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Case study — CSA persistent
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Case study — CSA transient
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Patient selection — US sample, IRB walver

30% sample of US patients starting between
January 1, 2015 and October 2, 2015, and using only
AirSense/AirCurve 10 devices with AHI/CAI reporting;

N = 189,946

L J

=1 day with usage =1 hour
n = 188,368

Y

All days with usage <1 hour
n=1,578

Y

Valid data entry
n = 187,825

Invalid data entry®
n=>543

L J

First device mode: CPAP
n=175,326

First device mode: bilevel or ASVY
n=12,499

¥

Continue CPAP for =290 days
n=137,924

v

Terminate CPAP within 90 days
n = 37,402

L J

=1 day with usage =1 hour in Week 1
n=136,725

Y

=1 day with usage =1 hour in both Weeks 1 and 13
n = 133,006

Y

Usage <1 hour all days in Week 1
n=1,199

Usage <1 hour any day in Week 13
n=3,719

[ Original Research Sleep Disorders :|

Trajectories of Emergent Central Sleep
Apnea During CPAP Therapy

Peter A. Cistulli, MD, PhD, Jean-Louis Pepin, MD, PhD, and Holger Woehrle, MD

Zz CHEST

® CrossMark

Dongquan Liu, PhD; Jeff Armitstead, PhD,; Adam Benjafield, PhD,; Shiyun Shao, PhD,; Atul Malhotra, MD;



Trajectories of CSA

[ Original Research Sleep Disorders ] §§ CH EST

Trajectories of Emergent Central Sleep
Apnea During CPAP Therapy
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Peter A. Cistulli, MD, PhD, Jean-Louis Pepin, MD, PhD,; and Holger Woehrie, MD
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"CSA Trajectories’

Emergent CSA

(CAI <5/h week 1, 25/h week 12)

n=133,006

90 days therapy data

CSA
Prevalence

3.5%

Persistent CSA

(CAl 2 5/h week 1, 25/h week 12)

Transient CSA

(CAl 25/h week 1, <5/h week 12)

Liu et al., Chest 2017



"CSA Trajectories’
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AirView — ASV Big Data: Switchers

pil: jc-17-00284 http://dx.doi.org/10.5664/jcsm.6880
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Journal of Clinical
Sleep Medicine

SCIENTIFIC INVESTIGATIONS

Adherence to Positive Airway Therapy After Switching From CPAP to ASV:
A Big Data Analysis

Jean-Louis D. Pépin, MD": Holger Woehrle, MD**; Dongquan Liu, PhD*; Shiyun Shao, PhD* Jeff P. Armitstead, PhD?: Peter A. Cistulli, MD?®;
Adam V. Benjafield, PhD®; Atul Malhotra, MD’
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Ventilation Center Blaubeuren, Respiratory Center Ulm, Ulm, Germany; *ResMed Science Center, Sydney, Australia; *ResMed Asia Ltd, Singapore; *Charles Perkins Centre,
University of Sydney, and Royal North Shore Hospital, Sydney, Australia; °ResMed Science Center, ResMed Corp., San Diego, California; “University of California San Diego.
La Jolla, California
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A Big Data Analysis
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SCIENTIFIC INVESTIGATIONS
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Sleep Medicine

A Big Data Analysis
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Figure 3—Average AHI before Versus after
CPAP to ASV.
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AHI = apnea-hypopnea index, ASV =
CPAP = continuous positive airway pressure.

Adherence to Positive Airway Therapy After Switching From CPAP to ASV:

adaptive servoventilation,

Figure 2—Trajectories of average PAP usage before
versus after the switch from CPAP to ASV.
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ASV = adaptive servoventilation, CPAP = continuous positive airway
pressure.




Digital Spirometry
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Three Major Lung-Function Pathways That Lead to
Stage 2 Chronic Obstructive Pulmonary Disease

Normal lung function
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Martinez FD. N Engl J Med 2016;375:871-878




Smarthaler/E-haler
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The INCA technology uses digital signals from inhalers to identify both inhaler

technique as well as adherence to obtain a complete understanding of in-

haler use over time.
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Big data: a new era in sleep medicine?
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