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A Fragments as the building blocks of chemistry
A Fragments and SAR
A Fragments and activity profiles




- Big Data for Some Problel

A Halevy et al discuss the effectiveness of
extremely large datasets

A Their application focuses on machine
translationg see the Googla-gram corpus

A They suggest that such extremely large datas
are useful because they effectively encompas:
all n-grams (phrases) commonly used

A Domain is relatively constrained

Halevy et allEEE Intelligent Systen209, 24, 812
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- Google Scale in Chemist

A What would be the equivalent of amgram
corpus in chemistry?

I Fragments
I A more direct analogy can be made by uging b D h Q

A It is possible to generate arbitrarily large (virtual)
compound and fragment collections

A But would such a collection span all of
aO02YY2yfé& dzaSR¢ OKSYAa
I Depending on the initial compound set, yes
i.dzi 6SQONB | faz2 AYyuSNBAaUS

a02YY2yfe dzaSRe asSi

Fink TReymondJL JCheminf Model, 2007, 47, 342



http://dx.doi.org/10.1021/ci600423u
http://dx.doi.org/10.1021/ci600423u
http://dx.doi.org/10.1021/ci600423u
http://dx.doi.org/10.1021/ci600423u
http://dx.doi.org/10.1021/ci600423u
http://dx.doi.org/10.1021/ci600423u
http://dx.doi.org/10.1021/ci600423u
http://dx.doi.org/10.1021/ci600423u
http://dx.doi.org/10.1021/ci600423u
http://dx.doi.org/10.1021/ci600423u
http://dx.doi.org/10.1021/ci600423u
http://dx.doi.org/10.1021/ci600423u
http://dx.doi.org/10.1021/ci600423u
http://dx.doi.org/10.1021/ci600423u
http://dx.doi.org/10.1021/ci600423u

- Do We Do with Fragment

A Assuming we obtain fragments from a large
enough collection what do we do?

I Learning from fragments QSARsgenerative
models pu—

I Use fragments as—
filters, alternative
to clustering -] e

i Explorechemotypes O\
and activity gD &3

I Scaffold level promiscuity [ ]| e

White, D and Wilson, RC, J Chem Inf Mad2i@1 0, 50, 12571274



http://pubs.acs.org/doi/full/10.1021/ci9004089
http://pubs.acs.org/doi/full/10.1021/ci9004089
http://pubs.acs.org/doi/full/10.1021/ci9004089
http://pubs.acs.org/doi/full/10.1021/ci9004089
http://pubs.acs.org/doi/full/10.1021/ci9004089
http://pubs.acs.org/doi/full/10.1021/ci9004089
http://pubs.acs.org/doi/full/10.1021/ci9004089

-Scaffold Activity Diagran

A Network oriented view of fragment (scaffold)
collections

I Similar in idea to
Scaffold Hunter etc
i Not purely hierarchical
A Color by arbitrary
properties
A Quickly assess utility
of a scaffold

A Try itonline



http://tripod.nih.gov/ws/sad/sad.jnlp

t Makes a Good Scaffol

A What makes a good g
scaffold?

~ o o ~ \\
) - o Q H‘CJJCI e o M,c/_ﬂ HyC 1|

I Do the members
represent an SAR or not?

I Intuition and experience
also play a role
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- Scaffold QSARDrawback:

A Many scaffolds have few (5 to 10) members
A Invariably, more features than observations

A If the number of Ryroups is large, the feature
matrix can be very sparse
I Less of a problem for combinatorial libraries

A A linear fit may not be the best approach to
correlating Rgroups to the activities
I Difficult to choose a model type priori




- Fragment Activity Profile

A Using scaffolds in HTS triage usually leads to
two guestions

I What is known about the chemical series with
respect to the intended target?

I What compound classes are known to modulate
the intended target & how similar are they to
series In question

A2 SONBE AYUSNBAUSR Ay S
activity, grouped by scaffolds and targets



- Fragment Activity Profile

A We useChEMBI(08) as the source of
bioactivity across multiple targets

A Preprocess the database

I Generate scaffolds (exhaustive enumeration of
O2YOoOAYIFGA2ya 2F {{{wQa&a

I Normalize activity data so that we compare the
activity of a molecule across different assays



- Database Setu

A Preprocessing steps available as a Java servls
I http:// tripod.nih.govfiles/chemblserviets.zip

A NeedChEMBIinstalled in Oracle; we add
some extra tables
I Fragment structures and computed properties

I Aggregated assay activity summary
Ahyté O2yairRSNI InMand wnéensorddil K
data, more than 5 observations and a MAD >0

I (Robust) scored activities
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- Some Fragment Statisti

A Considered Zscore range of40 to 15
A There were 12,887 molecules lying outside

this range
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- Some Fragment Statisti

A Next, identify fragments with 8 to 20 atoms
and occurring in 100 to 900 molecules

A Gives us 1,746 fragments

ntage of Fragments

Num Molecules



- Some Fragment Statisti

A We can query the fragment tables to get
activity summaries
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A For these examplec ER S R N N
we consider the ¢ | o
full range of Z
scores
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Xploring Activity Profile

Activity distributions
of parent molecules

across all targets Z-scores for individua

molecules against a
specific target

Fragments fronChEMBL

Fragment Activity Profilgf — http://tripod.nih.gov/chembl8/ [ChEMBL release 08]
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Exploring Activity Profile

User can draw a molecule and fragment on
the fly

Fragments rTargels \
Source

Fragment Activity Profiler — http://tripod.nih.gov/chembl8/ [ChEMBL release 08]
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Target Selectio
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-ragments with Similar Profile

A Considet658 fragments with > 10 atoms and
occurring in 500 to 1200 molecules

A Overall, the fragments [~
tend to be dissimilar

i 95" percentile isjust | 1|
0.50

A 1,873 pairs do exhlb
Tc> 0.8 | T
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Comparing Activity Profile

A Compare activity profiles with the-& statistic
A Color corresponds to

p-value of the KS test | ]
ANo obvious correlation| - =~ "
between fragment 3" MR R
similarity & activity 27| “fmhen e T
profile similarity 'l
A Probably not rigorous | © et
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- Profiles for Fragment P«

A Compare activity
distributions across=-" ™
all targets in a |
pairwise fashion

A Can also generate .
comparison for a
single target, but B
requires data for all§ -
the fragments =
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-king for Selective Fragme

A Interesting to visually explore fragment pairs

A Can become tedious, especially in a database
as big aChEMBL

A Can we automate this type of analysis?
I ldentify fragment pairs with very different activity
distributions?
I ldentify fragments with a preference for a certain
target (class)?



-argetwiseActivity Profile:

A Evaluate mean activity of parent molecules within a target
class

A Count number of parent molecules tested against the
target

A Selectivity of phenylimidazole for CYP450 has beeted

Wilkinson et alBiochemPharmacaol1983 32, 9971003




