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Biomarkers

« the core conceptual and functional components
In understanding disease risk, pathogenesis and
making precision medicine a reality

molecular, nistologic, radiograpnic or
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NEW ClasSSes Of digital markers and complex

algorithms




spatial

 (epi)genome to organism

temporal

« embryogenesis to end-of-life

dynamic

* reconfiguration of biological (information) processes
across the health to disease continuum

 robustness, redundancy, adaptation, emergence, evolution

iInformation

 encoded/encrypted determinants of the architecture and

dynamics of molecular signaling networks and structural
assemblies

e content, compartmentalization, context, and concurrency
« pleiotropy



e solutions
- asking the right question
- Intended use
- fit for purpose

« standards
- too much sloppy science (poor reproducibility)
- publish and vanish
- processes, platforms
- data, databases, algorithms

« seduction
- embrace of each new “shiny object” technology
platform in isolation from the problem or the
prospect of clinical adoption



e specimens
- stringent QA/QC
- biobanks and pre-analytical methods

« segmentation (stratification) of profiled cohorts
- new clinical trial designs, including RWE
- deep phenotyping: integration of multi-Omics,
clinical, lifestyle and environmental exposure
datasets

« scale, scalability and sharing
- cohort sizes for statistical robustness
- big data
- cross-disciplinary integration
- multi-institutional collaboration/consortia
- Infrastructure, integration logistics, cost



the data deluge

mapping disease-
associated perturbations

in molecular networks

integration of molecular

profiling into clinical
guidelines

volume
variety.
Velocity
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. oncology

‘ diabetes/CV
metabolic

@ autoimmunity
e CNS

® cross-disease
networks

integration of molecular
clinical and lifestyle data

in EHR and clinical
decision support tools

e clinical specialty silos

e clinical culture

@© oncology

@ infectious disease

use of molecular profiling

in prediction of Ry response

» 25-70% non-responders
for different R, classes




Silos Subvert Solutions - The History of Biomarker R&D

The Imperative for Systems-Based Approaches




(Epi)Genomics Transcriptomics Proteomics

Molecular Network Network Perturbation(s)
Pathway Analysis Topology and Architecture and Disease Subtypes




Causal Relationships Between Disruption Disease Comorbidity
of Molecular Signaling Networks and Disease Patterns
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Patient-Specific Signatures of Disease

Big (Messy) Data

or Predisposition to Disease
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integration an

analysis of large
scale, diverse

data categories

“matching” individuals to ‘best match’ cohorts using data

on similarities of deep phenotyping profiles and treatment outcomes
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JAMA (2018) 319, 1981

In the Era of Precision Medicine and Big Data,

Who Is Normal?

The definition of “normal” values for common labora-
tory tests often governs the diagnosis, treatment, and
overall management of tested individuals. Some test re-
sults may depend on demographic traits of the tested
population including age, race, and sex. Ideally, labora-
tory test results should be interpreted in reference to a
population of “similar” "healthy” individuals. Inmany set-
tings, however, it is unclear exactly who these individu-
als are. How much population stratification and what cri-
teria for healthy individuals are optimal? In particular,
with the evolution of medicine into fully personalized or
“precision” medicine and the availability of large-scale
data sets, there may be interest in trying to match each
person to an increasingly granular normal reference
population. Is this precision feasible to obtain in reli-
able ways and will it improve practice?

There are limited systematic analyses of baseline
variation across demographically diverse population
strata (including race/ancestry, gender/sex, age, and
socioeconomic strata of the population) for even wide-
spread clinical laboratory tests. Even after decades of
routine use, it may be that reference standards should

However, with the proliferation of large

data sets emblematic of precision

medicine, it is becoming feasible to
study stratified variation and clinical

outcomes at scale.

strumentation? How can multiplicity across myriad popu-
lation strata be overcome as the normal population be-
comes more precise and personalized?

It is essential to answer these questions for widely
used clinical laboratory tests such as complete blood cell
count and blood chemistries before delving into more
rare tests. Such tests are a routine entry point for inva-
sive and expensive follow-up tests and procedures, yet
remain poorly characterized across strata. Data sets suf-
ficiently capacious to study stratified variation at scale
include select research cohorts, electronic health rec-
ords, and insurance claims datasets. Although somedata
sets may be queried with relative ease (eg, electronic
health records at an investigator’s institution or public
claims data), how generalizable findings are to other clini-
cal settings is unclear.*

Challenges of Precision Medicine and Big Data
Defining Normality

The first challenge to ensuring precise application of clini-
cal laboratory testing is defining a "healthy” population
to estimate the normal range of variation across popu-
lation strata. A set of criteria for normal-
ity (eg, absence of chronic disease) may
appear reasonable but substantial differ-
ences can result from 2 sets of equally
reasonable criteria. More specifically, the
Clinical and Laboratory Standards Insti-
tute (CLSI) guidelines state that 120
“reference individuals™ should be used to
establish reference intervals for labora-




Biobank Start Year Size Website
eMERGE us 2007 105,325 gwas.net

BioVU us 2007 >247,000 victr.vanderbilt.edu/pub/biovu

UK Biobank UK 2006 512,000 ukbiobank.ac.uk

Million Veteran Program Us 2011 >580,000 Goal: 1 million www.research.va.gov/MVP/default.cfm

Kaiser Permanente Biobank Us 2009 240,000 www.rpgeh.kaiser.org
China Kadoorie Biobank China 2004 510,000 ckbiobank.org

All of Us Research Program Us 2017 Goal: 1 million or more joinallofus.org
Taiwan Biobank Taiwan 2005 86,695 Goal: 200,000 www.twbiobank.org.tw
Geisinger MyCode uS 2007 >150,000

Limited to cohorts exceeding 100,000 individuals with biosamples. Sizes reported are as of 9/2017. eMERGE, Electronic Medical Records and Genomics Network.

Adapted from: J.C. Denny et al. (2018) Clin. Pharm Therap. 103, 409
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the myopic, reductionist uni-dimensional
focus on (epi)genome sequencing

necessary but not sufficient

it’s the phenotype (phenomes), stupid!




Individual
Behavior
40%

Genetics

Source: Beyond Health Care: The Role ot Social Determinants In

Promoting Health and Health Equity. Kaiser Family Foundation, 2015




Need for Continuity of Care Record: From Womb to Tomb
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Consortium for Exome
Sequencing of 500,000 UK
Biobank Samples by 2020

The NIEHS Toxicant Exposures by
Genomic and Epigenomic Regulators

(Launched Jan. 2018) ) of Transcription (TaRGET) Consortium
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a. Metabolic/endocrine disease /
b. Cardiopulmonary disease

c¢. Developmental disorders

d. Reproductive disorders

* integration with medical records,

lab test data and psychological _
assessments T. Wang et al. (2018) Nature Biotechnology 36, 226




who knows why people do what they do?
— the fact is that they do!

these actions can now be traced and
measured with unprecedented precision

with sufficient data, the numbers reveal
Increasingly predictable behavior, individual
risk patterns and health events

the confessional of social media
the blurring of private and public spaces

complex ethical and legal issues
— consent, privacy, security, surveillance
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“We envision empowering individuals

with digital therapeutic solutions

that address underlying motivational and technical deficits
by deciphering neural pathways

that support motivation, decision-making and reinforcement
to prompt health.”

Dr. Ben Wiegand
Global Head, Janssen R&D
World Without Disease Accelerator
PharmaVoice 2017



N. D. Price et al. (2017) Nature Biotechnology 35, 747
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WGS

daily
physical and
sleep
activities

3 month
blood,
saliva, urine
and stool
analysis

643
metabolites

262 proteins

cost
scalability

data
Interpretation

clinical utility




patterns of
information and information flow
expression as cell- within signaling
specific signaling networks

stable dysregulated
networks and networks and

information fidelity altered information
networks (network topology) (health) patterns (disease)



http://www.google.com/url?sa=i&rct=j&q=&esrc=s&frm=1&source=images&cd=&cad=rja&uact=8&docid=5_ICGoXjNGpVYM&tbnid=aQxJ3G2lKcNltM:&ved=0CAUQjRw&url=http://www.astrobio.net/pressrelease/3935/how-water-shapes-dna&ei=LVI8U6SMA4nmyQHn44HoDg&bvm=bv.63934634,d.aWc&psig=AFQjCNHLbPPqYCCcO2j8VpWYiMnTydm2iQ&ust=1396548311160296
http://www.google.com/url?sa=i&rct=j&q=&esrc=s&frm=1&source=images&cd=&cad=rja&uact=8&docid=Q1rvflomcnSFdM&tbnid=4X4LY-qeGSkYqM:&ved=0CAUQjRw&url=http://flylib.com/books/en/2.953.1.30/1/&ei=G3I8U5ngLe_lygH934H4CA&bvm=bv.63934634,d.aWc&psig=AFQjCNEYhC9hqwU_JEhw_rVLCQjNRjoSaw&ust=1396556686171213
http://www.google.com/url?sa=i&rct=j&q=&esrc=s&frm=1&source=images&cd=&cad=rja&uact=8&docid=PwDGRLV5grjPhM&tbnid=yyIZ-zpUbXGE_M:&ved=0CAUQjRw&url=http://www.medpath.info/MainContent/Neoplasia/Neoplasia_02.html&ei=iXI8U4SuB8akyAGuzoCIBQ&bvm=bv.63934634,d.aWc&psig=AFQjCNHoeKxCc7xdZxrhzTXZQgSPb4lTgg&ust=1396556741081365

‘ground truth’ source data for the deconvolution of biological
“system states” in the health to disease continuum

major knowledge gap and impediment to
making precision medicine a reality

new conceptual models, analytical platforms and
computational tools to map non-deterministic,
non-linear networks




Understanding System State Shifts (Phenomes) and
Emergent Perturbations in Molecular Signaling
Networks in the Health to Disease Continuum
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rs7727544
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rs2522056

rs2896526 ==

Courtesy of Dr. J. Quackenbush, Dana Farber Cancer Center




loss-of-function markers and essentiality
mapping/synthetic lethals

predicted shared biological functions via
‘guilt-by—association’ pulldown of protein complexes

large scale pair-pair knockouts in cell lines
- RNAI

- CRISPR/Cas 9 screens (in vitro and in vivo)



Chromosomal Neighborhoods: ChromEMT Mapping of Chromatin
Understanding the 3-D and 4-D Genome Ultrastructure and DNA Packing

»o? -
From: International School of Advanced Studies (SISSA) [October 26, 2016] From: H. D. Ou emaence eaaag.0025

« spatial and temporal regulation of topological association domains (TADS)
* intra and inter-chromosomal cis- and trans- juxtaposition of TFs, promoters
and enhancers




cCcDCo2

Diseases

Alzheimer's (296)
BMI (576)
Blood Lipids (325)
- Blood Pressure (229)
- CAD (366)
Crohn’s (104)
Diabetes & Glucose (151)
RA (568)
SLE (352)
UC (301)

ARHGAP1
MS4AGA

FAM117B

NOTCH4 RPS26

Diseases Tissues
Alzheimer's /

s BM| AOR
Blood Lipids Blood
Blood Pressure 1 ¢ LIV

mm CAD Q D
Crohn's
Diabetes & Glucose
RA
SLE

mm UC

From: O. Franzén et al. (2016) Science 353, 827




® comprise diverse components/agents

® non-linear interactions between lower level
components/agents define the systems global
properties

- ‘more than the sum of its parts’

® interaction of lower-level components themselves
may exhibit CAS properties (sub-architectures)

® subarchitectures are more than hierarchical
- entangled spatio-temporal patterns

® overall system state(s) defined by complex high-
dimensional attractors
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Multi—Attractor Landscapes
and State Space Occupancies in CAS

environmental inputs (exposome)
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 gene-regulatory networks
« functional pathways, modules
and network subarchitectures




® self-organized criticality

— generation of ordered system states with defined
‘excursional’ boundaries

— operate at far-from-equilibrium states

® system states/boundaries are highly robust (resilient;
anti-fragile) to commonly encountered perturbations
(selection pressures)

® novel and rarely encountered perturbations can elicit
major shifts in system states and new properties
(emergence)

— fragility triggers and mechanisms often only
recognized retrospectively



* (apparent) phenotypic robustness may still
Involve perturbations in internal physical states
that predispose to fragility to other perturbations

e potential disease-causing variants may be
masked (cryptic) in robust networks

* mapping of ‘protective’ genomic features
- human gene knockouts

- presence of mutations for serious Mendelian
conditions that no disease manifestation



® data (descriptions of input/output
relationships)

® entropy (potential information)

® information (confers predictive decision
trajectories that generate outcomes greater
than by chance)



PROBABLY

APPROXIMATELY

CORRECT

LESLIE VALIANT
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Nassim Nicholas Taleb
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https://www.scribd.com/document/55960480/Nature-Taming-Complexity

® what parts of the system are the
most/least sensitive to perturbation ?

® what parts of the network are most/least
Influential on the rest of the network
when perturbed ?

® identification of R, targets and R,
resistance



multi-node/multi-module/
multi-subnetwork
dysregulation

“too disrupted to restore”?
(homeostatic reset)

low feasibility of multi-R,
Intervention against multiple
dysregulated targets

even lower feasibility of design
of promiscuous multi-target
single R,


http://ccmi.org/research

“I don’t think any physician today
should be practicing without
artificial intelligence assisting in
their practice.

It’s just impossible otherwise to pick
up on patterns, to pick up on trends
to really monitor care.”

Bernard J. Tyson
CEO, Kaiser Permanente
Cited in Forbes: The Future of Work
1 March 2017

“By far the greatest danger of
Artificial Intelligence is that
people conclude too early that
they understand it.”

Eliezer Yudkowsky

O’Reilly Artificial Intelligence
May 2017
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Deep Phenotyping and Dynamic Phenotyping

Longitudinal Phenotype Progression
in the Health to Disease Continuum (Phenomes)




Nature (2018) 556, 463 Nature (2018) 556, 457
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Identification of the tumour transition Intra-tumour diversification in
states occurring during EMT | ¢glorectal cancer at the single-cell level
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Cell (2018) 173, 595

Deterministic Evolutionary Trajectories
Influence Primary Tumor Growth: TRACERx Renal
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Prototypic algorithm

Generative adversarial networks

Convolutional neural networks

cision- Making Effort

Random forests

Regression analysis

an-to-Machine De

Human decision making
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Integration of Complex Network-Based Biomarker Profiling
with Other Diverse Data Categories Relevant to
Disease Risk and Optimum Clinical Care Decisions

The Problem with Real World Data is the Real World




HELL IS THE PLACE WHERE NOTHING CONNECTS B0




® need for generalizable computational infrastructure
for diverse deep phenotyping data classes

— HL7 Fast Healthcare Interoperability Resources
(FHIR)

— Integration of cTAKES, SMART, SHARP, TIES,
OBO

® ONC requirements for EHR interoperability
® payer requirements for RWE

— new trial protocols and registries



Isolated Complex Complex
Data Networked Data Computational Data
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Precision Medicine and Digital Medicine:
Obligate Inter-Dependencies

Integration of
data poor, robust, diverse
opinion rich data classes and
clinical decisions computational decision
support tools
(“intelligence at ingestion”)

fragmented, poorly longitudinal capture
standardized data and integration of
inadequate data heterogeneous

transfer and dbase data classes
Interoperabilities across the health

to disease continuum
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data
mining

hypothesis-
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large scale data
mining

clinical decision
support systems




ophthalmology

pathology radiology dermatology

® |arge scale training sets and classification parameters
® standardized, reproducible and scalable
® 260 million images/day for $1000 GPU
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and
Classification

Context
Analysis

Persistent
Context

Relevance
Detection
Learning
Systems

Situational
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Rapid,
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Decisions




® changing the nature of discovery

— hypothesis-driven versus unbiased analytics of
large datasets (patterns, rules)

® changing the cultural process of knowledge
acquisition
— large scale collaboration networks, open systems
versus individual investigators and siloed data
® changing knowledge application

— Increased quantification and decision-support
systems

® changing the cognitive and intellectual competencies
for data-intensive decisions

® changing education, training and research



Data is Inherently Dumb

Algorithms Define Action and Value

Algorithms with Agendas

Risk, Regulation and Responsibility




® overfitting and bias in datasets used in training

- error propagation versus automated recognition
and exclusion

® scale and layered datasets

- Impact of accretion by incorporation of legacy
systems of uncertain quality/provenance?

® “black box” effects versus “explainable Al”

- algorithm evolution neither predicted nor
understood by original coders?

- generative adversarial networks (GANS)
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COMPUTER SCIENCE

Has artificial intelligence
become alchemy?

Machine learning needs more rigor, scientists argue

M. Hutson (2018) Science 360, 478




Input-output function may accurately model an actual
system but internal structure may not

convergent phenotypes can arise from different
genotypes by complex mechanisms hidden from
black box statistical approaches

algorithm validation/transparency should best predict
the state space as optimized by adaptive evolution
not by computation

should biomarker ID/phenotype classification used In
clinical decisions require that system/subsystem
architecture modeled in silico approximate its true
state in vivo?



Data Deluge Cognitive Bandwidth Limits

Automated Analytics and Decision Support Facile Formats for Actionable Decisions




® ceding decision authority to computerized support
systems

® culturally alien to professionals in their claimed
expertise domain but they accept in all other
aspects of their lives

® who will have the responsibility for validation and
oversight of critical assumptions used in decision
tree analytics for big datasets in biomarker-centric
algorithms

- regulatory agencies and professional societies?
- humans?
- machines?



how will Al algorithms/decision analytics be
validated/regulated ?

how will Al be integrated into current work flows or
will extensive reorganization/re-training be
required ?

how will Al platforms alter payment schemes ?

what new malpractice liabilities will emerge
by failure to use/interpret Al platforms ?

legal liabilities for Al-based clinical decision
software ?



The Integrator’s Dilemma

The Imperative for Holistic End-to-End Approaches
For Biomarker-Based Profiling of the Health to Disease Continuum




conceptual
- asking the right question, selection of models and
methods
analytical
- multi-dimensional, biological network architectures
and the taxonomy of dynamic state spaces
computational
- algorithms for modeling and analysis of
non-deterministic, non-linear systems
scale
- the V7 big data challenge: volume, variety, velocity,
veracity, virtualization, visualization and value

validation and regulation
- fit for purpose



® conceptual
- asking the right question
methods
® analytical

enge: volume, variety, velocity,
ualization, visualization and value

ation and regulation
- fit for purpose



Precision Medicine = Biomarker-Centric Medicine

Precision Medicine = Deconvolution of Architecture

and Dynamics of Complex Biological Adaptive Systems

The Intellectual Grand Challenge for
Biomedical Research and Healthcare Delivery




“So, as you can see, health care is so complicated you may never get well.”
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