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Big Data

Historically, mathematical modeling has enabled us to represent the essential
information from (small) data in a way that quantified relations

Then big data (data sets that are too complex for traditional data-processing) came along
and promised to provide “empirically derived associations that can generate novel and

useful hypotheses”.

In “pharma”, big data is usually related to genetic and HT information (and others)

But numerous issues have come up:

1) Technical inconsistencies across platforms

2) Intrinsic variability at many levels

3) Heterogeneity of complex, multifactorial diseases
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Personalised medicine: not just in our genes

Despite the identification of numerous gene-drug associations, few have been incorporated into
clinical practice or guidelines. Georgios D Kitsios and David M Kent argue that if personalised
medicine is to become a reality we have to look beyond our genes

Georgios D Kitsios researcher'®, David M Kent director®’

“the notion that genetic information is uniquely important in determining the risks and
benefits of treatments is clearly unwarranted and counterproductive to the broadly

shared goal of tailoring care to individuals”




“Big data” problem vs. Big “data problem”

. Diego Basch
& Do -
Many companies think they have a "big data"

problem when they really have a big "data
problem."

10:22 AM - 17 Nov 2012




Smart Data

Smart data = {data analytics}
+ {domain knowledge}
+ {systems modeling} Alzheimer & Dementia, 12(9):1014, 2016

Main ideas | wish to discuss:

1. {domain knowledge} + {systems modeling} may provide an actionable
way for bringing big(er) data together in a meaningful way

2. Model structure and model dynamics is a better way of looking at data,
as opposed to the data



The big picture

Trying to figure out

1. If there is a problem

2. What caused the problem
3. How to fix the problem
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If ... by and large we are driven by the concept of “the” biomarker, i.e., [an] objective
indication of [the] medical state observed from outside the patient (Curr Opin HIV
AIDS, 5(6):463, 2010)

What ... we then establish a functional relation between the biomarker and a likely
deregulation of a mechanism

How ... and finally, we attempt to manipulate the mechanism using a substance i.e.,
drug, the can induce the desired change on the mechanism.



The big picture

Trying to figure out
1. If there is a problem

r\- Ribosomes * G CoN
T reductase
2. What caused the problem o
Endoplasm HMG-CoA
kreticulurn _) https// | hinfo/en/d
H ttp://www.animalresearch.info/en/dru
3. How to fix the prOblem @ SR . @ bcrspecirundon i ccanin g-development/drug-

cholesteral within the cell prescriptions/simvastatin/

Low intracellular cholesterol stimulates Low intracellular cholesterol decreases
the synthesis of LDL receptors the secretion of VLDL ummmnn-:q

If ... by and large we are driven by the concept of “the” biomarker, i.e., [an] objective
indication of [the] medical state observed from outside the patient (Curr Opin HIV
AIDS, 5(6):463, 2010)

What ... we then establish a functional relation between the biomarker and a likely
deregulation of a mechanism

How ... and finally, we attempt to manipulate the mechanism using a substance i.e.,
drug, the can induce the desired change on the mechanism.



On genes, drugs and models

Models are the glue that brings together the biomarker, the mechanism and the drug
The structure of the model rationalizes data and infers system properties
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Model < Data ... Is a two-way street

If a mechanism can be hypothesized, we use the data to infer the model parameters
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Otherwise, we use the data to infer model structures suggestive of a mechanism
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The latter is very important or else data remain data and observations lead, at best, to
correlations



Promise of big data

Big data is not (much) more of the same: types; dimensions within a scale;
scales; conditions; subjects; everything

Big data makes the problem (much more) multidimensional, in more ways than
one

But ... big data are “too complex” to analyze, so the question is how to “upgrade
the information content of big data”

Hypothesis: can [computational] models act as the integrators and interpreters
of the information captured by big data?



One gene - one protein

Tyrosine aminotransferase (TAT) enzyme is
one of the most well-studied and well-
characterized enzymes which reflects a
prototype response in terms of gene-
mediated steroid induction
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Hight throughout transcriptomics

CORTICOSTEROID PHARMACOGENOMICS
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This may not be technically
“big”, but it is definitely
getting “bigger”
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HT transcriptomics can be looked at In a
many different ways S
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Diversity across responses
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Model-based grouping of
ranscriptional profiles

The mechanism is the element

connecting the data
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Model-based grouping of
transcriptional profiles

The mechanism is the element S — ki ORQY) - BS,
connecting the data
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Simultaneous transcriptomic and proteomic
analyses
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Individual transcription/translation models based

on omlcs data
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Individual transcription/translation models based

on —omics data
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Towards network models
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Modeling network dynamics
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From elements to groups

Everything discussed up to this point,
whether small or big(ger) data, always
comes down to considering individual
elements

One of the advantages of big(er) data is that
they allow us to look at “the big(er) picture”

Question: what if we were to look at a
functional grouping of related elements as
opposed to individual elements?
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Many genes in many tissues in many species
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Heterogeneity pointing to common functional
activity
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From multi-dimensional data to functional group
dynamics

Does a functionally related grouping of components (metabolic, signaling or disease
pathway) exhibit a coherent emergent dynamic response irrespective of individual
contributions? If so how can this be captured and quantified?
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Pathway dynamics as an emergent property -
The population dynamic network

Network dynamics is an emergent property, resulting from component interactions
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Looking forward...

Can we tease out the individual from the bulk?

1) Using the function and not the component
2) Using the response dynamics



Personalized perturbation of pathways -
The personalized static network

Human studies (asthma, Parkinson and Huntington's disease) indicated extremely few if
any genes to be consistently upregulated across all patients!

The technical and biological variability, the genetic diversity and the heterogeneity of
complex disease indicate that molecular mechanisms act differently in patients with
the same phenotype

Despite high level of individual component variability, complex diseases arise from
common disruptions at the pathway/function level complex

The fraction of perturbed components was a personalized predictor of disease, rather
than a specific component

Menche et al., NPJ Syst Biol Appl, 3(10) 2017



Personalized perturbation of pathways -
The personalized static network

The heterogeneity of complex diseases leads to the possibility that partially overlapping
molecular mechanisms act on patients with the same phenotype

=» Different genes could correspond to regulation checkpoints within the pathway
=>»Searching for similarities across patients may be futile

Disease and/or drug treatment result in consistent disease/drug-specific pathway activation
despite “inconsistent” component changes
Individual case subjects
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Menche et al., NPJ Syst Biol Appl, 3(10) 2017
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Response dynamics of personalized networks -

The personalized dynamic network
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Response dynamics of personalized networks -

The personalized dynamic network

ZAK
MKK4
MKK7

JNK

AKT
Stage

Measured mRNA expression levels in tumor samples (log, scale)

ZAK = ZAK**

ellll
l 1

I}l | |
LRI

1 [ 2 [

Patient

Network output descriptors
A, Ks, H

pJNK response

K50

Stress stimulus

A
*k k%

1% g

SEE L
L)

iilgt

0
12 3 44S
Stage

300

200

100

| R LI MAIRTOWIT W TIWW R
| Tl Ll Hz

Patients are stratified based on their dose- 2 PMKK7**
| o tice
3 [ dependent (model) activation characteristics

=>» Dynamics of the model built on HT data
becomes the biomarker

Stress

MAP3K

J

‘I
|~

MAPZK

0
1 2 3 44S

Stage

0
1 2 3 44S

Stage
Sci Signaling, 8(408):1, 2015



Average response of
an in silico population
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Individualized response of an in silico population
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From genotypic plasticity to phenotypic similarity to
response diversity

600 -
400 -

200 -

Corticosterone (ng/ml)

K2 k 0 (Adrenal Sensitivity)

=]

Sam $pm. Baimn

Response to acute stress i

Adaptation to stress g@
Genotypic, Phenotypi Response
epigenetic 'JV";‘imi rity diversity
plasticity

Endocrinology, 158(11):4017, 2017




Some final thoughts

1) HT big(er) data enable us to look not at more things but move us towards a more
“functional” view of the system: gene = pathway

We can begin to tease out not just more individual components, but rather how
multiple components come together in the form a “function”

1) Explore the idea of higher-level modeling . This does not imply simply writing
models with more variables and equations, but rather, i.e., modeling at the level of
some higher level “function” (what is that the components do)

2) Meta-analysis of the model becomes the “biomarker”: structure, response to
perturbations, others?
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