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Integrative Data Analytics « Precision Medicine

Q Information Complexity — large, incongruent, time-varying data

O Precision Medicine — customized medical decisions, clinical
practice, treatments, or healthcare products to individual patients

O Individual vs. Population Studies — inductive (discriminative)
vs. deductive (generative) models for clinical decision support

U Tools — molecular diagnostics, imaging, clinical, wearables,
analytics, ...
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Harmonize/Aggregate Problems Limited process view

Sample

Characteristics of Big Biomed Data

IBM Big Data 4V'’s: Volume, Variety, Velocity & Veracity

Big Bio Data
Dimensions

Size
Complexity
Incongruency
Multi-source
Multi-scale

Incomplete

Tools

Harvesting and management of
vast amounts of data

Wranglers for dealing with
heterogeneous data

Tools for data harmonization and
aggregation

Transfer and joint modeling of
disparate elements

Macro to meso to micro scale
observations

Reliable management of missing
data

Example: analyzing observational
data of 1,000’s Parkinson’s disease
patients based on 10,000’s
signature biomarkers derived from
multi-source imaging, genetics,
clinical, physiologic, phenomics and
demographic data elements.

Software developments, student
training, service platforms and
methodological advances
associated with the Big Data
Discovery Science all present
existing opportunities for learners,
educators, researchers,
practitioners and policy makers
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Data science & predictive analytics

U Data science: an emerging extremely transdisciplinary field -
bridging between the theoretical, computational, experimental,
and biosocial areas. Deals with enormous amounts of complex,
incongruent and dynamic data from multiple sources. Aims to
develop algorithms, methods, tools and services capable of
ingesting such datasets and supplying semi-automated decision
support systems

U Predictive analytics: utilizing advanced mathematical
formulations, powerful statistical computing algorithms, efficient
software tools and web-services to represent, interrogate and
interpret complex data. Aims to forecast trends, cluster patterns in
the data, or prognosticate the process behavior either within the
range or outside the range of the observed data (e.g., in the
future, or at locations where data may not be available)

%6.6M o

__ BigData | Information | _Knowledge | __Action __|

Raw Observations Processed Data Maps, Models Actionable Decisions
Data Aggregation Data Fusion Causal Inference Treatment Regimens
Data Scrubbing Summary Stats Networks, Analytics Forecasts, Predictions

Semantic-Mapping Derived Biomarkers Linkages, Associations Healthcare Outcomes




Case-Studies — ALS

U Identify predictive classifiers to detect, track and prognosticate
the progression of ALS (in terms of clinical outcomes like
ALSFRS and muscle function)

Provide a decision tree prediction of adverse events based on
subject phenotype and 0-3 month clinical assessment changes

Data
Source

Sample Size/Data Type Summary

Over 100 variables are recorded for all
subjects including: Demographics: age, race,
medical history, sex; Clinical data:
Amyotrophic Lateral Sclerosis Functional
Rating Scale (ALSFRS), adverse events,
onset_delta, onset_site, drugs use (riluzole)
The PRO-ACT training dataset contains
clinical and lab test information of 8,635
patients. Information of 2,424 study subjects
with valid gold standard ALSFRS slopes used
for processing, modeling and analysis

The time points for all
longitudinally varying
data elements are
aggregated into signature
vectors. This facilitates
the modeling and
prediction of ALSFRS
slope changes over the
first three months
(baseline to month 3)

ProAct
Archive

Preliminary

PRO-act Training PRO-act Testing.

Case-Studies — ALS ™ @& ™

Event

“Raw” Training “Raw” Testing
Dataset e Dataset

U Detect, track and prognosticate the

derived measures

progression of ALS iy
U Predict of adverse events based on
subject phenotype and 0-3 month gy pue -ty

clinical assessment changes Median

Complete Imputation

Complete
) training data testing data
Variable Importance (BART)

with Adverse Events

Different predict
methods

Linear Regression,
BART, SuperLearner,
Random Forest

Predictors

RM
P sE

Plot
8

R* Results

leg_median
Crestinine_siope SN

|Methods | Linear Regression | Random Forest | BART | SuperLearner |
0.081 0.174 0.225 0.178
[RMSE | 0.619 0.587 0.568 0.585
0.298 0.434 0.485 0.447
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Case-Studies — Parkinson’s Disease

Predict the clinical diagnosis of patients using all available data (with and
without the UPDRS clinical assessment, which is the basis of the clinical
diagnosis by a physician)
Compute derived neuroimaging and genetics biomarkers that can be used to
model the disease progression and provide automated clinical decisions support
Generate decision trees for numeric and categorical responses (representing
clinically relevant outcome variables) that can be used to suggest an
appropriate course of treatment for specific clinical phenotypes

Data
Source

PPMI
Archive

Sample Size/Data Type

Demographics: age, medical history, sex.
Clinical data: physical, verbal learning
and language, neurological and olfactory,

UPSIT, UPDRS scores, ADL, GDS-15, ...

Imaging data: structural MRI.

Genetics data: APOE genotypes e2/e3
Cohorts: Group 1 = {PD Subjects}, N; =
263; Group 2 = {PD Subjects with Scans
without Evidence of a Dopaminergic
Deficit (SWEDD)}, N, = 40; Group 3 =
{Control Subjects}, N5 = 127.

Summary

The longitudinal PPMI
dataset including clinical,
biological and imaging data
(screening, baseline, 12,
24, and 48 month follow-
ups) may be used conduct
model-based predictions as
well as model-free

classification and
forecasting analyses

Predictive Big Data Analytics:
Applications to Parkinson’s Disease

Representation #Eﬂgt’%ﬂ Rebalancing,

Fusion i Feature
Hgér;'%régtaiggn wgpﬁégqf Selection

Model-based, Prediction,

Mode|-free, \sf;?iﬂs;ttlic:ri’

Classification [Bfereee

Varplot

+ Critical predictive
data elements (Y-
EVS))

+ Their impact
scores (X-axis)

AdaBoost classifier
for Controls vs.
Patients prediction

o positive negative log odds ratio
m pERe e

0996324 0994141 0998264  0.9980392 0.9948097 11.4882058

m 0985294  0.994140 0977431  0.9750958 0.9946996 8.902166




10/26/2017

Case-Studies — General Populations

20005 Ongoing characteristics Email access
110007 Ongoing characteristics Newsletter communications, date sent g o 3 g
25780 Brain MRI Acquisition protocol phase. D UK BIObank = dISCI’ImInate

12139 Brain MRI Believed safe to perform brain MRI scan

12188 Brain MRI Brain MRI measurement completed bEtWeen HC, Sing|e and

100 12187 Brain MRI Brain MRI measuring method

100 12663 Brain MRI Reason believed unsafe to perform brain MRI mu|t|p|e Comorbid Conditions
100 12704 Brain MRI Reason brain MRI not completed D Predlct ||ke||hoods Of Varlous

100 12652 Brain MRI Reason brain MRI not performed 4
101 12292 Carotid ultrasound Carotid ultrasound measurement completed developmental or ag|ng
101 12291 Carotid ultrasound Carotid ultrasound measuring method i
101 20235 Carotid ultrasound Carotid ultrasound results package dlSOI’deI’S
101 22672 Carotid ultrasound Maximum carotid IMT (intima-medial thickness) ﬁZO
degrees Forecast cancer
101 22675 Carotid ultrasound Maximum carotid IMT (intima-medial thickness) at 150
degrees

i i i e Data q
32;9&522678 Carotid ultrasound Maximum carotid IMT (intima Source Sample slzelData Type summary
101 22681 Carotid ultrasound Maximum carotid IMT (intima
degrees Demographics: > 500K cases The
101 22671 Carot?d ultrasound Mean caro(?d IMT(?nt?ma-me Clinical data: > 4K features Iongitudinal
101 22674 Carotid ultrasound Mean carotid IMT (intima-med . ) .
101 22677 Carotid ultrasound Mean carotid IMT (intima-med UK Imaglng data: Tlr reStlng' archive of
101 22680 Carotid ultrasound Mean carotid IMT (intima-med Biobank state fM Rl: task fMR|, the UK
101 22670 Carotid ultrasound Minimum carotid IMT (intima- .
e T2_FLAIR, dMRI, SWI population
101 22673 Carotid ultrasound Minimum carotid IMT (intima- Genetics data (NHS)
degrees
101 22676 Carotid ultrasound Minimum carotid IMT (intima-medial thickness) at 210
degrees
101 22679 Carotid ultrasound Minimum carotid IMT (intima-medial thickness) at 240

degrees
101 22682 Carotid ultrasound Quality control indicator for IMT at 120 degrees
101 22683 Carotid ultrasound Quality control indicator for IMT at 150 degrees

Case-Studies — UK Biobank - Complexities

missing values of A2

Missing Clinical & Phenotypic
data for 10K subjects with

1% SMRI, for which we computed*
| g4I, 1.5K derived neuroimaging

= biomarkers.
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Case-Studies — UK Biobank — NI Biomarkers
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Case-Studies — UK Biobank — Successes/Failures

e Hep
B8 - 1x-contred poe | [ B Moo Visee 4+
wuts Grosgmgs: [T

® Bit Converter

.} smartline_FLIRTnii.gz_BitConverter_1.sff@
R,

@ Reorient (8-bit)

t .,
- "
“
Compute ROI Vollimesy”
L 3
> . 2
L Y L
Labels . &
vt . _ ¢
Gompile Results into Tabls
e §

-, a
al PR L
List of ROl Labels

(O]

10/26/2017



10/26/2017

Case-Studies — UK Biobank — Derived NI Biomarkers

O Subjects=9,915
Q Clinical Ih_aparc.a2009s_volume__|h_S_oc.temp_med.Lingual_volume

Features=4,100 |h_aparc.a2009s_volume__|h_S_orbital_lateral_volume
O Derived NI Ih_aparc.a2009s_volume__|h_S_orbital_med.olfact_volume
Biomarkers=3,297 |h_aparc.a2009s_volume__lh_S_orbital.H_Shaped_volume
Ih_aparc.a2009s_volume__|h_S_parieto_occipital_volume
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Ih_aparc.DKTatlas_area__|h_inferiorparietal_area
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Case-Studies — UK Biobank — Unstructured Data

Initial
O n=11K cases with clinical diagnosis (notes) <<DocumentTermMatrix (documents: 11134, terms: 2566)
. . . >> ## Non-/sparse entries: 607,58/28,509,086
U Computed Corpus Fingerprint — signature .. i 1000
tensor ## Maximal term length: 25
QO LASSO regularize modeling (outcome g = oo term reaRRpe (i)
death in 12 months) Post-processing
0 max AUC = 0.5657 (poor) <<DocumentTermMatrix (documents: 384, terms: 64)
O External Validation using 8 patients from > g?;;;'t‘y'/?gj{;je entries: 142128888
. . . . ()
the SOCR Hospital Admissions Data ## Maximal term length: 16
predTestPatients <- predict(fit_test, s = fit_test$lambda.1se, ~ ## Weighting : term frequency (tf)
newx = dtm_testPatients, type="response"); de
predTestPatients # Probabilities of Death
## 1 0.9698585 L. W :
48200608585  Jraining + Cross-Validation Testing
010698585 on Hospital Admissions Data
## 4 0.9698585 ]
44500608585 table(TestY, predTestPatients )

# 609608585 7t 1estY 0] i
##70960101 T 0 | 9127 | 45
##809608585 Tt 1 16
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End-to-end Pipeline Workflow Solutions

e G )R Big Data Dashboard
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SOCR Dashboard (Exploratory Big Data Analytics): Data Fusion
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SOCR Dashboard (Exploratory Big Data Analytics): Associations
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Compressive Big Data Analytics (CBDA)

o Foundations for Compressive Big Data Analytics (CBDA)

o lteratively generate random (sub)samples from the Big Data
collection
Then, using classical techniques to obtain model-based or non-
parametric inference based on the sample

Next, compute likelihood estimates (e.g., probability values
guantifying effects, relations, sizes)

Repeat — the process continues iteratively until a criterion is met
— the (re)sampling and inference steps many times (with or
without using the results of previous iterations as priors for
subsequent steps)

DATA WRANGLING

STEP 1
STEP 2
§

DATA C'LI'EANING DATA HARMONIZATION DATAAG;PE:SATION
- Rewsqng missing data - 2 & SELECTION OF
- Recasting data types conectly PREDICTION DATASET
- Eliminating dependencies
- Eliminating perfect correlates

of outcomes for feature mining

CBDA ALGORITHM

COMPRESSIVE BIG DATA ANALYTICS -
g

STEP 6
P4 STEPS5 Knockoff filter &
STE Data Imputation. SuperLeamer

ling from ling and

andom Samp! Scaling

= ted di‘?ﬁ;) galancing (if needed)
d eac

algorithms
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FAIR Data & Open-Science Principles
O Share resources

QO Collaborate

O Permissive licenses (e.g., LGPL/CC-BY)
O Project management (e.g., GitHub/Jira)
O Open-access pubs

Q Public-private partnerships

U Co-mentoring of trainees

U Effective transdisciplinary methods

U Resource Interoperability

U Result Reproducibility

Bleq uedp
@ainog usdo
$8800y uadg

ABojopoyapy uadg
MBINSY Jsay uadg

Clinical Decision Support

U Hospital Admissions
O Survival Inference and Clinical outcome forecasting using hospital
admissions data (N~60K and k=9):
O Admission_Length: Duration of hospital stay (in days)
Death: Indicator of Death (1) or survival (0)

a
a
a

Demographics & (Human-labeled) Diagnoses

VarlmpPlot: | RF Survival Prediction

AdmissionLengthDays Q

hosAdmissions_RFmodel_pred 0 1
09937 963

Admission_Type 1722 15@
Accuracy : 0.8568759
95% Cl : (0.85, 0.86)
Sensitivity : 0.9322638
OSpecificity :0.1355476
Pos Pred Value : 0.9116514
Neg Pred Value : 0.1729668 N . o ;
T T - Test/Validation Cases
-0 0 10 20 30 40 50 &0
MeanDecreaseAccuracy

Probability

NeuralNet Deep Learning: Survival Probability (N=11,773)

awn
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Top 1  Population characteristics

1 2 Ongoing characteristics 111 1o

o oozl Clinical Decision Support

100006 101 Carotid ultrasound

100003 102 Heart MRI

100003 103 DXA assessment ; ’

100006 mem, . U Population-wide Study
of Health and Disease
National Health Service (NHS)
Longitudinal Data (N>1M, k>4,300)

manhattan

GWAS

& 4w Chr3 == Chr4 wem Chr5 wem Ch6 wem Chr7 wes Chrg mss Chr9 wem Chr10 ssss Chri1 wem Chri2
&% _an4 wmm Chri5 === Chri§ wem Chri7 mem Chr1§ e Chri9 wem Chr20 mem Chr21 wem Chr22 s ChrX

gl s“ "~ Genomics,
‘«“ ‘.al Enwronmental
[=]

103 125 Bone size. mineral and densitv bv DXA

Clinical Decision Support

U Personalized medicine — Traumatic Brain Injury (TBI)

basiih, R ]

&
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