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. Evidence-based

What is BADAPPLE?

- BioActivity Data Associative Promiscuity Pattern
Learning Engine

.- Bioassay data analysis algorithm Vi

. Scaffold association patterns

. Robust to noise and errors
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What Is promiscuity?

e Un-selective bioactivity
 Normally undesirable

* Evolving conceptions:
— Polypharmacology
— Systems biology
— Systems chemical biology



Promiscuity & bioassay data analysis:
Selected references

e Frequent hitters (2002, Schneider &al.)

* Aggregators (2003, Shoichet &al.)

+ ALARM NMR (2004, Hajduk &al.) c

 Promiscuous scaffolds [talk] (2007, Bologa) UQM
e Pan-Assay Interference (2010, Baell &al.) “(}O%lﬁ
+ PubChem Promiscuity (2011, Canny &al.) P,



Prerequisites for Promiscuity Data
Analysis

e Definition of unique chemical entity?

— Yes CN/C(=C\[N+](=0)[0-])/NCCSCC1=CC=C(01)CN(C)C.Cl

e Definition of unique biological entity?

1 VLSPADKTNVKAAWGKVGAHAGEYGAEALERMFLSFPTTKTYFPHFDLSHGSAQVKGHGKKVADALTNAVAH
— Challenging

VDDMPNALSALSDLHAHKLRVDPVNFKLLSHCLLVTLAAHLPAEFTPAVHASLDKFLASVSTVLTSKYR

e |.e., Rigorously calibrated bioactivity matrix



Bioactivity matrices depend on rigorous

Informatics
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Bioactivity matrices depend on rigorous
mformatlcs
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Promiscuity: related concepts

Assay-interferers

Experimental
artifacts

Frequent hitters
False positives

True positives

True non-selective
actives

Aggregators
Reactives

Cytotoxic



Badapple promiscuity score:
a practical definition for bioassay
data analysis

e Purpose: Streamline molecular discovery
project workflow.

 Hence: Score designed to detect "false trails"
(true-promiscuous OR false positives) unlikely
to be productive leads.



What I1s evidence-based?

Empirical data analysis
Mistakes can be un-learned.
Data driven

Not: Expert systems



Drawbacks of evidence-based

 Theories proven wrong. Ouch.

e Reality is messy.

* GIGO.



Benefits of evidence-based

When the Nerds Go Marching In the sfgﬂaf

DRIGAL | NOV 16 2012, 7:00

EXIS C. M 70
L
How a dream team of engineers from Facebook, Twitter, and Google built the software a n d th e n a.’s E

that drove Barack Obama’s reelection

why so many
predictions fail -
but some don’t

Three members of Obama's tech team, from left to right: Harper Reed, Dylan Richard, and Mark Trammell -
(Phato by Daniel X. O'Neil). na te s’!uer

The Obama campaign's technologists were tense and tired. It was game day and
everything was going wrong.

More wins. More knowledge. Lower costs. Progress.

(*) N.B. key role of Dick Cramer, ACS CINF 2013 Skolnik award winner.




BADAPPLE scoring function

subActive . asyActive . samActive s
score = _ . . O
subTested + median(subTested) asylested + median(asyTested) samTested + median(samTested)

e Scaffold score

e By scoring scaffolds, more relevant evidence
e Substances, assays and samples considered
* Penalize under-sampling

e Score is a statistic, not a "model"!

* Inherently "validated"



aActive

Avoiding overfitting; being skeptical
of scanty evidence

subActive asyActive samActive .
score = - * - _ * : * jroj
subTested + median(subTested) asylested + median(asyTested) samTested + median(samTested)

Badapple score dependence on assay active:tested ratio Badapple score dependence on sample active:tested ratio
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Avoiding overfitting: Moneyball style
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The Signal and the Noise: Why So Many
Predictions Fail—But Some Don't, Nate
Silver (2012).

i

Sabermetrics leads the way. (:::)
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http://books.google.com/books?id=SI-VqAT4_hYC
http://books.google.com/books?id=SI-VqAT4_hYC
http://mark.stubbornlights.org/phils/archives/2004_05.html
http://mark.stubbornlights.org/phils/archives/2004_05.html

BADAPPLE public web app

. rows refurned: 5
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Why Scaffolds?

biology - birds, bees, nature
chemistry - chemists
SAR - drugs
IP - lawyers
mol scaffolds

! 5
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Molecular scaffolds are special
and useful guides for discovery

Jeremy Yang, UNM & IU
Cristian Bologa, UNM
David Wild, IU

Tudor Oprea, UNM

ACS National Meeting - Sept. 8-12, 2013 - Indianapolis, IN



There's something about scaffolds...
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Especially the "privileged few"...

Dataset:
BARD,

MLSMR,
MLP HTS

Totals:
compounds:
373,802 ;
scaffolds:
146,024 ;
assays: 528 ;
wells/results:
30,612,714



Scaffolds & drug-scaffolds, the privileged few

inDrug: TRUE
"HIGH MODERATE LOW
p8%  11.0% 86.2% i
8 : 31 244
4 N = 283 g N
Q
L
- = |
% of | é* B
active | 0%
samples
inDrug: FALSE
"% HiGH MODERATE LOW i
0 P3% 1% : 98.6% B
375; 1661 143705
604 | N = 145741 g B
: Q
: L
04 =
20 -
0 / o
— T I
2000 4000

80

60

40

20

explaining a lot of activity...

- 100 Dataset:

BARD,
MLSMR,
MLP HTS

Totals:
compounds:
373,802 ;
scaffolds:
146,024 ; assays:
528;
wells/results:
30,612,714,
drugs: 283;
drugscafs: 1958

|
6000 i_scaf, descending pScore order



Scaffolds & drug-scaffolds, the privileged few
explaining a lot of activity...

% total # scaffolds %
activity scaffolds
All 50% 1979 X
’ % Dataset:
All 75% 11,645 8% BARD,
MLSMR,
Drugs 50% 54 2.8% MLP HTS
Drugs 90% 327 16.7% Totals: compounds:

373,802 ; scaffolds:
146,024 ; assays: 528
“total activity” = active scaffold-instances ; wells/results:
30,612,714;

drugs: 283;
drugscafs: 1958
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What i1Is BARD?

BioAssay Research Database, http://bard.nih.gov
MLP: 1000+ assays, 400k+ cpds, 200M data
Manual assay annotations + QA

BARD Assay Ontology

Assay Data Standard

Community platform for bioassay data analysis
& computation
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BioAssay Research Database



http://bard.nih.gov/

BARD + Badapple Synergy

® BARD ontology, based on BAO  E3{\

® BARD raising "semantic 1Q" of public bioassay
data.

® Evidence = information = data + metadata

.
et ™

BlaAssay Research Database
http://bard.nih.gov/



http://bard.nih.gov/

BARD Plugin Platform:
Community development

Enterprise deployment
N\ Y

Warehouse Plug-ins

® BARD Plugin spec (IPlugin interface)

® BARD PluginValidator class
® java, JAX-RS, Jersey, REST ——,
® BARD REST API »/ \
® WAR deployment, discoverable

Web Query Thick Client

4
—_ fig c/o Steve
Java Brudz, Broad



Badapple Plugin via BARD web client

Show details

Promiscuity Analysis for Scaffold 1597

O

Promiscuity Score: 747

o Warning Level: severe (= 300.0)

o Occurs in 1378 substances, of
which 12385 tested active

o Active in 425 assays out of 527

o Occurs in 514651 samples (wells).
of which 9327 samples (wells)
active

o This scaffold is <b=present in one

or more=/b= known drugs

@)
O @

Show details
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Show details

Active vs
Tested acro:
UNM Promiscuity
Analysis all Assay
Y Definitions

Discovery
scenario:
Rapidly flags
potentially
problematic
(notorious)
scaffolds. 5t

en
=il

Show details

Promiscuity Analysis for Scaffold 102

Promiscuity Score: 160

Warning Level: moderate (between
100.0 and 300.0)

Occurs in 2721 substances, of
which 1898 tested active @
Active in 408 assays out of 527
Occurs in 10343810 samples
(wells), of which 5734 samples
(wells) active

This scaffold is <b=present in one
or more=</t= known drugs
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BARD Synergy, next steps:
Raising Badapple to the next level

chemistry

Re-calibrating the
::::::::::::::::::::::::::::::::::::H bioactivity matrix
| for improved rigor,
accuracy &
sensitivity, using the
BARD ontology.

Assay Protocol

BARD Classes Assay Definition

Biology



BARD Synergy, next steps:
Raising Badapple to the next level

Re-calibrating the bioactivity matrix for improved rigor,
accuracy & sensitivity, using the BARD ontology.

Some re-calibrations of interest:

Protein

Classes




BARD Synergy, next steps:
Raising Badapple to the next level

Assays: assay format

M cell-based format

M single protein format

B biochemical format

M protein complex format

® whole-cell lysate format

m small-molecule format

M protein format

M tissue-based format

M nucleic acid format

M organism-based format

m cell membrane format

1 microsome format
cell-free format
mitochondrion format

(blank)




BARD Synergy, next steps:
Raising Badapple to the next level

Biology Types

B PROTEIN

B PROCESS

H GENE

H biology

B AASUBSTITUTION
m NCBI




BARD Synergy, next steps:
Raising Badapple to the next level

Protein Classes

M transporter

M receptor

B nucleic acid binding

B enzyme modulator

M cell adhesion molecule

M transferase

B hydrolase

M signaling molecule

m extracellular matrix protein

B oxidoreductase

B membrane traffic protein

W transfer/carrier protein

M transcription factor

M cytoskeletal protein
storage protein

W isomerase

m defense/immunity protein

33



Conclusions

Badapple exemplar as BARD plugin

Badapple exemplar as evidence-based

algorithm

New BARD semantic capabilities will

elevate Badapple to next level.

Promiscuity a complex issue.
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