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BV Watson Health

Explosion of Healthcare Data

Influence on outcomes

60%

Exogenous data

oooooooooo

Generated per lifetime

Genomics data

6TE ... s 30%
Per lifetime
Clinical data
0.4TB .. : S 10%
Per lifetime : :

Source: "The Relative Contribution of Multiple Determinants to Health
Outcomes", Lauren McGover et al., Health Affairs, 33, no.2 (2014)



BV Watson Health

Watson Health Offerings — Cloud, Analytics and Solutions

Data Insights as a Service Solutions
standards based, massively knowledge and actionable from IBM an ecosystem of
scalable, openrepository of data information through advanced partners, designed to improve
on alldimensions of health for analytics and cognitive capabilities the overall experience and
research increase the quality of healthcare

Cognitive Knowledge Platform

KNOWLEDGE




Watson Health

Watson Decision Advisor for Oncology

— Capability
« Helps Oncologists make more
informed, evidence-based patient
treatment decisions WATSON:
* Provides a panel of confidence- T o e
weighted suggestions with full iormaton aveleble
transparency of evidence

— Evidence Source

« 600K+ pieces of evidence from 2M+
pages of text from 42 publications
curated by Memorial Sloan Kettering
Cancer Center (MSKCC) including
NCNN guidelines, medical journals,
text books, and documented best S e
practices

Treatment Options to Consider

Treatment Plan Confidence Patient Preferences Match

Treatment plan 1 '® ] ™=~ Acceptable
. S match with patient
Systemic Chemo: Cisplatin, preferences

Pemetrexed, Bevacizumab

(I

Treatment plan 2 % Unnaceptable
match with patient

Systemic Chemo: Carboplatin,
Paclitaxel, Bevacizumab

preferences

(T

Treatment plan 3 Preferred
match with patient

Systemic Chemo: Erlotinib preferences

(I

Radiation and Surgery are unlikely to be appropriate.




Watson Health

Tumor Detection and Classification

Selected
Tumor
Semantic
Descriptors
BRAD BRAD4
C/ densiy fibroglandular tissue high
ﬂ:> homogenicty homogenous
shape iregular
mass margn indstinct

Preprocessing Candidate Feature Lesion ranking/
&

lesion extraction Classification
segmentation detection




Watson Health Clinical and Visual Data Fusion

Visual Descriptor Clinical descriptor

“A|70\year oldwoman

with a

o

[...0100011

history of previous DCIS|has a
\firm lumplin the right breast.
Ultrasonic scan acquired”

"

based on predefined vocabulary

Applying proposed Multi-Kernel Learning method improves diagnosis accuracy by 5-10%
(compared to image-based only diagnosis)



BV Watson Health

Watson Genomics Analytics (WGA) Overview

WGA Service Analysis, Reports, & Visualizations

Molecular Profile Analysis
| e |

Driver Score 089%
089
¢ (Copy Number Heterozygous Loss log2=-0 579
Evidence [TSGene_TSG], [Vogelstein TSG], [IBM2020_TSG], [TAG_DB_TSG]
Driver Score 03898
Expression Scare 08%
‘Copy Number Heterozygous Loss log2=0579
Evidence [TSGene_TSG], [Vogelstein TSG], [IBM2020_TSG], [TAG_DB_TSG]
Driver Score 0898
Case Se quence d wn B seae s
ety Gy Numbor ety gous Loss og2=0.553
- Evidence [TSGene_TSG], [Vogelstein TSG], [Zack DEL], [IBM2020_TSG],
[TAG_DB_TSG]
Driver Score 0898
Expression Score 8%
‘Copy Number Heterozygous Loss log2=-1 627
Evidence [TSGene_TSG], [Vogelstein TSG], [Zack_DEL], [IBM2020_TSG),
[TAG_DB_TSG]

Pathway Analysis

VCF/ MAF, Log2, Dge —
E n Cr yp ti On Target Reason for Identification Z?;:':;Z

PubMed: 10913131,
PKACG PIK3CG is downstream of EGFR. 4 19233060 8903320
PIK3CGis of PTEN. 1 PubMed: 12149650
PubMed: 1689310,
PRKCA PRKCA is downstream of EGFR 2 8200562 2153014
EGFR EGFR s a possible driver 0
PubMed: 17563371,
BRAF BRAF is downstream of EGFR 5 17486115, 1049957

Drug Analysis

Actionable

D/P Approved for Glioblastoma Investigational for Glioblastoma Approved for other cancers

Alteration
PTEN

heterozygous | P | Everolimus i - Olaparib (AZD-2281), Temsirolimus
loss
D e 5 3tuximab, Erlotinib, Panitumumab, Gefitinib,
EGFR o
amplification




B WatsonHealth Rjsk Prediction — Stroke-onset Risk for AF Patients
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Improve average prediction precision by 66%



BV Watson Health

Real World Evidence - Risk Prediction
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[EMWatson Health Patient Similarity — Treatment Efficacy Analysis

10

Much largerin-between group differences
regarding the outcome

PCA( [877,58,6.6%],  [457,28,6.1%],  [457,28,6.1%], [457,28,6.1%], [457,28,6.1%),
0.2) [826,101,12.2%] [420,30,7.1%],  [420,30,7.1%],  [190,13,6.8%], [190, 13, 6.8%],
[826,101,12.2%]  [401,42,10.5%], [230,17,7.4%],  [230,17,7.4%],

[425,59,13.9%]  [401,42,10.5%], [230, 22, 9.6%],

[425,59,13.9%]  [401, 42, 10.5%],

[195, 37, 19.0%],

LDA( [1255,87,6.9%), [607, 39, 6.4%], [413,23,5.6%),  [269, 8, 3.0%), 1269, 8, 3.0%],
2) [448,72,16.1%] (648, 48, 7.4%], (648,48, 7.4%],  [413,23,5.6%], [413,23,5.6%],
[448,72,16.1%]  [194,16,8.2%]  [194,16,8.2%)], [194, 16, 8.2%],

[448,72,16.1%), (379,40, 10.6%], (379, 40, 10.6%],
[448,72,16.1%]  [227,33,14.5%],
[221, 39, 17.6%]

1,703
AF patients

LDA clustering Result with silhouette score: 0.519

Group0 (269,
3%)
3 2

Cha2ds2-vasc

CHF

Hypertension

Age>=75
Stroke

Vascular
diseases

Age [65,74]

Significant risk factor

heterogeneity among groups

roup1 (413,
%)

Group2 (194, | Group3 (37
2%) 6%)
3 4

roup4
6.1%)
6

0 (0%) 14 (3%) 116 (60%) 77 (20%) 277 (62%)
269 (100%) 218 (53%) 104 (54%) 369 (97%) 426 (95%)
0 (0%) 88 (21%) 40 (21%) 297 (78%) 350 (78%)
0 (0%) 0 (%) 78 (40%) 5 (1%) 290 (65%)
55 (20%) 101 (24%) 48 (25%) 112 (30%) 169 (38%)
269 (100%) 90 (22%) 8 (4%) 82 (22%) 90 (20%)

Clustering Result with Supervised-Learning Metric (LDA)

ot et Group 269 8(3%) 3 V) % W Count of patients using CCB (Percentage of patients
PR P 0 Sty I using CCB within the group)
RO = h—
. el e e All (1386 Group0
I . P e et ".: o fmuP " (253 6%) 2 '!(V)z/(mo_l&ﬁ w77 ‘mzm 9.9%) : (269, ',3%)
o TR .t : 3000t 2867 106 - g
A o * . 40003 557 23
" e T * - * *
et et Y b Group 194 16 3 o — =
i Wt e ot 2 (8.2%) 2 2062 e Use_CCB 345 (24.5%) 66(25%) 62(28.4%)
e To00—— a7 &
N et Yo 000BSS Be E
. R A R Group 379 40 4 ﬁma/ooo ] e o CCB-Outcome (8.7%:10.3%),  (3.0%: (3.2%:
RIS 9 (10.6%) 1000 1142 157 0.393 3.0%), 5.1%),
5,000 2533 96|
* 6.0000 317 12 0.975 0.545
Group 448 72 6 e, ET] E3TT
) (16.1%) s 2933 e
e wa 7
§600=5 561 i
56805 28 s

(stroke-onset percentage when using CCB: stroke
-onset perdcentage when not-using CCB), p-value

Group2 Group3 (369, | Group4 (426,
(108, 10.3%)

10.6%)

25(24.0%)  92(24.9%)

(16.0%: (14.1%: (9.0%:

8.8%), 9.0%),0.163  18.7%), 0.022
0.312

|dentify target patient cohort whose risks might be reduced by 50% after using CCB



BV Watson Health Real World Evidence - Patient Similarity

Case Clustering Result based on Similarity Analysis HTN =1
TE=0
CHF =0
65<=age<=75 =1
HTN =1
. -
*%
' o9
o
Group 0: 413 Group 1: 194
Stroke Stroke
Age
[65, CHF Age [§3i CHF
74] 250 250
>=Ag§ Hyperten: >:S7’§ Hype¢
Diabetes \[;iascular Diabetes V{iscular
11 isease Disease

[l Case Number

[l Case Number

Group 2: 448
Stroke
b cHe
250
Age 4
>=75 Hype
Diabetes Vascular
Disease

[ Case Number



BV WatsonHealth  Cognitive Advisor for Type Il Diabetes Management

National Institute for

Clinical guidelineswith || * =====-"
medical ontologies Clinically similarto
A from the literature =
Type 2 diabetes« .
Best Treatment = Outcomes Analysis
Metformin 0.40 €= Treatment Comparison
Sulfonylureas 0.31 Disease Progression
Goal Care Pathway Drug used |Drug recommended Drug information Data evidence®
Blood sugar Blood sugar bgdly controlleq > Metformin Metformin Glucophage + Glimepiride v 529 - 67%
management |oral hypoglycemic drug combination + Sulfonylureas
Blood pressure | Blood pressure abnormally high -> . . . . 86% - 65%
management life style intervention ! . Life Sty!e Life style intervention v )
intervention
Blood lipid Blood lipid abnormal -= . — )
management Statin / Atorvastatin Lipitor v 72% : 87%

* : the first is the percentage for similar patients who used this treatment,
and the second is the percentage for similar patients who used this treatment and got good outcome



Watson Health Hypoglycemia Prediction Using Sensor Data

Can Watson predict Hypoglycemia in patients, post bolus?

Experimental
Setup:

Feature
Selection

Classification
Method

Results

Data was derived from 2000 randomly selected T1 diabetic patients on Medtronic
Pump and CGM therapy, with 3-9mos of data per patient. Patient demographic
profile varied, as did their history with the disease and Insulin therapy.

Demographic Profiles, — Long-term temporal

Short-term trends in

Patient diabetes history patterns in patient
. ) sensor glucose, and . .
and years with Insulin : insulin and usage
delivered boluses :
therapy profiles

— Combination of Predictive Feature-based Segmentation and Static
Demographic-based clustering

— Measures information-theoretic relationship between features and outcomes,
and derive statistical p-values to cluster patients

— Provides insights into statistical relationship between user behavior and
outcomes

— Allows discovery of “interesting” patient groups

Data was split into 80%-20% (train-test ratio). Historical patient data (more than 3-
9 months old) was used to train the classifier. Once trained, the classifier was
tested on the test patients over the same period.

HypoGlycemia e o
(<70mg/dl) Sensitivity Specificity
3hrs* 85%" 75.5%*
4hrs” 85%* 66.3%"

|
= 200 \
: J‘VNL/ \
; 100 } “'1

Device
Alarms

Time of Day, Day of Week Pump
Usage

Prelunch, Postlunch, Evening,
Weekday

Bolus Delivered
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B Watson Health Cognitive Coaching for Fitness IEE

Under Armour ?
3 ;|
RECOD - Biggest digitall fitness owner: ”Mj:“
« MapMyFitness P
Personalized lifestyle insights using y 'I\Eﬂrxl'dF(')trf:]iSnSdF;al CC )
outcome-driven patterns from people like me « Total 160 million registered fitness app users
* Richdata from multiple apps with matched
UAID
Population Based Predictions Similarity Analytics « Personal profile, Weight log, Workout log,
Identify behavioral features with Identify cohort with similar Food entries, Activity log, Sleep log
nighest impact on weight loss characteristics to Person A Personalized Outcome Modelling

Identify most desirable behavioral changes to meet goal

Sensitivity of behavior footprints to Weight Loss

R EEEEEN)
1

ey For Person A, the idllowing factors in a sub-cohort of 300,
L] will impact akility to achieve weight loss goal:
’ “ » Totsl cakres corsumed »  Step recording rate
’ *  Lurch rutrbion *  Ave amount of skep

* Ayve A& steps » Skep vererce
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