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Adverse Drug Reactions Are a Serious
National Public Health Issue

= Adverse drug reactions (ADRs) are rare and complex perturbations of biological pathways by
pharmacologically-active small molecules

= ADRs cause 100,000 fatalities and an associated public health cost of $136 billion dollars

» Comparable to care of cardiovascular disorders and diabetics

= Billions of R&D dollars wasted by pharma companies as drugs present with unexpected ADRs post

market or in late stage development (e.g. Avandia and Vioxx) 1 — et
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'Accurate ADR Prediction using in Silico
models would have tremendous upside

= |deally applied before expensive in vitro testing or clinical trials to identify severe ADRs
based mainly on what we know about the drug (e.g. protein binding, small molecule)
properties,etc.)

= Challenge is to create models to a sufficient accuracy level such that predictions can be
trusted; but there are many issues

» Public data on drugs is small and number of predictors easily exceeds number of training examples
» ADRs are typically in <10% of the drugs so the classes are highly skewed

» Publicly available data is small and highly biased towards drugs that made it completely through pipeline
w/out severe ADRs

» Failures may be highly informative, but most likely reside in proprietary databases in pharma companies

» Useful, if based only on mainly small molecule properties, but these might not be the most predictive
variables

* May need to go up to systems level to get most important predictors
—  Protein:protein interactions
—  Pathways involving interacting protein constituents
—  Phenotypes? Problem is that we would like to make predictions in the absence of trials

» Should outcomes be aggregated to increase signal strength and mitigate skewed classes issue? How
should we do this?
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Drug-protein associations

— Targets (if available)
Enzymes
TransporterlCarrlers

Open Data Drug & Drug Target Database
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Rifaximin

DB01220 (APRDO1218)
small molecule
approved
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1. DNA-directed RNA erase beta chain

Pharmacological action: yes
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DNA.

QOrganism class: bacterial
UniProt ID: POABVZ
Gene: rpoB

Protein Sequence: FASTA
Gene Sequence: FASTA
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RNA the
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"Publicly Available Data To Build Statistical Models
(Predictors)

= PubChem

e NCBI database of small molecules and their activities associated
with biological assays

* We use chemical substructure fingerprint data

— 881-bit feature vector that characterizes the small molecule by indicating
the presence (‘1’) or absence (‘0’) of particular atoms or chemical structural

motlfs PubChem Substructure Fingerprint Description (cont.)

. , s , Section 6: Simple SMARTS patterns (cont.)
PubChem Substructure Fingerprint Description

Posa
Section 1: Hierarchic Element Counts - These bits test for the 3
presence or count of individual chemical atoms represented =
by their atomic symbol. 15
Bit Position Bit Substructure ::*
»= 4 H 20
>= 8 H 21
2 >= 16 H P
3 >= 32 H 24
4 >= 1 Li z
5 >= 2 Li 27
6 >= 1B ;:
7 »>= 2 B 30
8 >= 4 B »
9 >=2C bt
10 >= 4 C 3
T om 8 O 5
8 C ¢
2 >= 16 C
>= 32 C
4 > 1N
.
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‘Publicly Available Data To Build Statistical Models
(Predictors)

= Reactome
» Open-source on-line database of SME-curated biological pathways; organized by species

» Prime unit is the reaction and entities (nucleic acids, proteins, molecules, complexes, etc.) are
hand-mapped to the reaction

» Reactions are then grouped into biological networks and pathways

» We make use of UniProt ID (unique protein identifier) mappings to pathway terms for our models

-
- -
Home About Content Documentation Tools Download Contact Us Outreach
o Foaturod pathway: Intogrin col surface ntaractions
» Search examples... REACTOME is an open-source, open access,
manually curated and peer-reviewed pathway o = B
Browse Pathways \ database. Pathway annotations are authored by =1 ‘7
expert biologists, in collaboration with Reactome B W~ J
Map IDs to Pathways \ editorial staff and cross-referenced to many @ * T~ - - !
bicinformatics databases. These include NCEI ® - s ~ T el
Compare Species ‘ Entrez Gene, Ensembl and UniProt databases, y—
the UCSC and HapMap Genome Browsers, the -
Analyze Expression Data ‘ KEGG Compound and ChEBI small molecule
databases, PubMed, and Gene Ontology. ... ——— ——— T
If you wo.;ld(p'efeAr 1o use our old [more] Click image to see pathway
website, click here.
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Constructing ADR Health Outcome Groupings

= Used the following data sources

« SIDER (Currently 996 drugs, 4192 side effects, 99423 interaction pairs)
— Data on marketed drugs and their reported ADRs
— Taken from package inserts and publicly available documents

« MedDRA terms

— Clinically validated and internationally-used medical terminology

« Started with ADR Groupings used by Huang et al. (2013) in their ADR prediction
work; they used MedDRA system organ classes and ICD-10 diagnosis codes to
construct groupings of ADRs with similar mechanisms.

— We started with the following ten groups defined in the paper:
— Neoplasms benign, malignant, and unspecified
— Blood and lymphatic systems disorders
— Immune system disorders
— Endocrine disorders
— Psychiatric disorders
— Cardiac disorders
— Vascular disorders
— Gastrointestinal disorders
— Hepatobiliary disorders
— Renal and urinary disorders
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ADR Prediction with 1 vs. all L1-Regularized Logistic Regression

= Constructed three distinct (m x p) design matrices over a set of m = 732 drugs that combine
chemical and biological information (both at the pathway and molecular levels)

» AP -—All protein associations for a given drug in DrugBank (p=838)
* FP—Pubchem Substructure Fingerprints (p=616)

» Pathways — Used Reactome UniProt IDs protein-to-pathway mappings to transform AP to a pathway
representation (p=841), i.e.

—  Fjfif
= Constructed (m x k) response matrix over the k=10 ADR groups

» ADRs were down-selected to include only serious (e.g. high case fatality or hospitalization rates)

= |n addition, considered 4 additional combinations for a total of seven design matrices:
« 1-AP(p=838)
e 2-—FP(p=616)
» 3-—Pathways (p=841)
*  4—AP+FP (p=1454)
* 5-AP+Pathways (p=1679)
* 6—FP+Pathwways (p=1471)
» 7-AP+FP+Pathways (p=2295)

=  We want proteins, substructures, and pathways to compete on equal footing in the variable
selection process
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ADR Prediction with 1 vs. all L1-Regularized Logistic Regression

= We are working in a regime where m<p or m<<p

= Logistic regression using L1 reqularization has been shown to work well for this
regime and has become a standard workhorse for this problem, especially in
biological/genomic applications where number of possible predictors are huge

7 xF p

SXpH/ X ml /
<[ = — ' L=y mnp,+Q0y)In(10p,)+4 ]| argmax L (L))
%) 1+expH/ x4 ) Eyl i GR) ) —JDJ ]’ <L (

p(y=1

= During parameter estimation, L1 reqularization drives the beta coefficient of
variables that contribute little predictive value to a model to zero, more effectively
than L2 regularization

* Behaves similarly to step-wise selection and L2, but without the discontinuities of the step-
wise method

= We perform one vs. all Logistic regression on all ten classes in turn using the R
package ‘glmnet’ of Hastie and co-workers

= Given the sparsity of data, we did ten-fold cross-validation, finding optimal
lambda (L1) parameters. The cost function is maximization of the area under the
receiver-operator characteristic curve (AUC)

» We repeat this ten times and report the median value for each ADR group
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Median AUC

Prediction with L1-regularized logi
ssion (Results)
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ing drug-protein docking scores calculated using VinalLC, co

method, as predictors of ADRs

Qur current workflow of in-house docking & rescoring protocol
saves time

Why do we need high performance computing in drug design?

* 1 ligand docking into 1 target takes ~1 min. Rescore 1 pose takes >10 min.
* Drug-like compounds ~10% possibilities.
* Druggable targets ~10% human genome/ off-target prediction.
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Side effect profile prediction with neural networks

Use single-hidden layer of 50 nodes that allow for non-linear mixing of predictors

L2-regularization insufficient in the presence of large number of irrelevant variables, i.e. number of
samples to train the model well scales linearly with irrelevant variables (Ng 2004)

Used Principal Component Analysis to scale down to a “reasonable” number of predictors ~70 (chosen
so we have an order of magnitude more samples than predictors)

Estimated NN weights using a quasi-Newton optimizer with BFGS updating of the Hessian as
implemented in R-package ‘ucminf’

Gradients calculated using the backpropagation method

Hidden
Input
Output
Drug-protein
binding (AP) Ten ADR outcomes
Samples
projected onto
first 70 PCs
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Side Effect Profile Results On Training Set for Al

fect profiles predicted for 3 drugs
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