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Overview

• Understanding the HTS process
• Objectives of HTS analysis
• Screening the right compounds
• Where are the hits?
• Automated analysis methods
• SIV - a chemist’s tool for analysing HTS data
• Case histories



The HTS process - Welcome to the Machine?
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Issues affecting HTS success

• Compound issues
– Screening the right compounds
– Is the compound what it says on the label?
– Interfering compounds
– Promiscuous inhibitors

• Screening issues
– Hit identification
– Robustness to compounds
– Consistency through run
– Automation errors



Promiscuous Inhibitors

Scatter Plot
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These compounds (large blobs) are lipophilic, 
high Mw and negatively charged (blue). Many 
lack a conserved ATP-site H-bond acceptor.
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Systematic Errors



Objectives of HTS analysis

• Identify multiple series of compounds that make 
attractive start points for med. chem.

– Improving quality of compounds to be screened

• Match numbers progressed to downstream capacity
– Remove undesirable hits from progression

• Discover low potency series where application of a 
normal cut-off value would give none

– Define “active” as significantly different from inactive samples

• Identify tractable hits for every screen
– Project chemists look at compounds individually using expert 

knowledge
– Process needs to be straightforward and intuitive



Assay Data Analysis

• Improve quality of compounds to be screened
• Define “active” in a meaningful way
• Can we use statistics / pattern recognition to find hits 

automatically?
• Can project chemists look at compounds individually 

using their expert knowledge?



Improving quality of compounds to be screened

For a sample to form part of the collection
• It has to be of a minimum purity

– to be determined by the QA project 

• It has to pass a set of agreed in silico filters
– good starting points 
– developability

• Multiple lead series per screen
– Multiple chemotypes => 2D representation
– Collection model provides rationale and design guidelines

• Leads for all targets
– 3D Pharmacophore coverage

• The Biophore Concept. S.D. Pickett in Protein-Ligand Interactions: From Molecular Recognition to Drug 
Design, Volume 19 (Series: Methods and Principles in Medicinal Chemistry. Series Editors: R. Mannhold, 
H. Kubinyi, G. Folkers). Eds. H.-J. Böhm and G. Schneider (2003). John Wiley & Sons. 



QA Project

• Merging fSB and fGW collections provided opportunity 
to analyse all historic samples for purity and identity.

• The new GSK sample collection populates 3 ALS 
systems to support µHTS globally.

– > 1 million compounds.
– “Pure” and “Sure”

• The QA project required 3,775 microtitre plates, each 
containing approx. 324 samples.



Blanks

After: new GSK screening collection



Screening Collection Model: Basic Ideas

• Relate biological similarity to chemical similarity
• Use a realistic objective

– maximise number of lead series found in HTS

• Build a mathematical model on minimal assumptions
• How does our collection perform now in HTS?

– relate this to our model

• Learn what we need to make/purchase for HTS to find 
more leads

Harper et al. Combinatorial Chemistry & HTS, 7(1) pp.63-70, 2004
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Assay Data Analysis

• Improve quality of compounds to be screened
• Define “active” as significantly different from inactive 

samples
• Can we use statistics / pattern recognition to find hits 

automatically?
• Can project chemists look at compounds individually 

using their expert knowledge?



HTS data analysis: schematic
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• Selecting hits based on a simple primary cutoff to fit 
downstream processes does not work.
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Assay Data Analysis

• Improve quality of compounds to be screened
• Define “active” as significantly different from inactive 

samples
• Can we use statistics / pattern recognition to find hits 

automatically?
– tests with various algorithms suggest that we may still miss a lot of 

hits
– progress many unsuitable compounds

• Can project chemists look at compounds individually 
using their expert knowledge?



Fully automatic methods miss things but can be 
complementary

Kernel
Discrimination SCAM

387 / 6786 250 / 6786435 / 3214

1050 / 79651
(1.3%)

(5.7%) (3.7%)(13.5%)

# Actives / # Compounds

2.1K actives / 96K inactives

Harper et al. JCICS 41(5) pp.1295-1300 (2001)Chen et al. JCICS 38(6) pp.1054-1062 (1998)



Assay Data Analysis

• Improve quality of compounds to be screened
• Require a measure from the screeners of what is 

“active”
• Can we use statistics / pattern recognition to find hits 

automatically?
• Can project chemists look at compounds individually 

using their expert knowledge?
– If we can make it easy and intuitive.



SIV - a tool for interactive analysis

• A combination of computational methods, with the 
combined results visualised to aid sample selection

• Visualisation is usually through Spotfire
– GSK structure visualiser for integrated viewing of structures from 

SMILES in datasheet.

• Our experience is that no single method works all of the 
time, therefore it is normal to select several

– e.g. clustering (various flavours), physical properties, reactivity 
filters, 3D pharmacophores , Data-Driven analysis etc.

– Most techniques just look at the “actives” (though there may be 
many thousands of these!), but others use all of the data

• “Actives” cut-off is defined statistically from the data -
not implicitly via a capacity constraint
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Data-Driven Clustering

• Suppose we have 400 000 points to cluster
– Similarity-based - 80 billion similarities to use

• Instead, use list of “motifs” which are whole molecule 
descriptions.

• Use the data to drive which motifs are chosen for 
clustering

– let the biology decide how to cluster rather than our pre-
conceptions.

– Clusters in < 10 min for 400 000 points.

• Gives idea of when a cluster is “significant”
• Many easily interpretable motifs: 

– framework, reduced graph, “kinase inhibitor”, “general FLIPR hit”? 



FRAMEWORK
CONSTRUCTION MOLECULE

SIDECHAINS FRAMEWORK

i.e.  RINGS   +    LINKERS
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Outline of Data-Driven Algorithm

• Sort all motifs by scoring function
– Prioritises clusters on activity
– Rewarding large clusters

• Choose top scoring motif
– a cluster is formed from all matching molecules

• Repeat process with remaining molecules

• The user makes decisions on interesting stuff (while 
they’re still awake!)

• Add “grey data” hits to what a traditional automatic 
method would progress.

• It won’t deal with all those singletons!
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NCI Aids DataSet



SIV
• Good Interaction with Data Enables Excellent Expert 

Data-Mining
• Easy, Intuitive Interface

– “how many mouse-clicks to get where I want to be?”

• Interactive Selection
– “what gets rejected if I apply this filter?”....
– “fine, but I want to keep these 3 compounds”

• Flexible Analysis
– a.k.a. “I did it MY way”



Case histories



“Typical screens”

• “Typical” screen
– 15-30K primary hits
– 2K progressed
– hit/IC50 rate typically 0.25 +/- 0.25

• small correlation to %I (0.2, 0.25, 0.3 averages)

• False positives are more of a problem than false 
negatives

– we have some good methods for “rescuing” false negatives
• false positives blur the signal, and hence the effectiveness



One of our favourite screens

25,000 hits
(2,500 > 30%I)
1568 selected with SIV
>50% successful IC50s
2 Lead Series
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No leads identified
(Current hit to lead series identified by focussed screen)

A high hit rate screen. 

• Primary data analysis:
– initial 58,355 hits
– tighter 32,124 hits => used in analysis

• fail CIX filters: 12,307 (38%)
• remaining 19,817
• SIV 1,712 (8.6%; 5.3% of unfiltered)

• IC50s (four replicates: interference)
– Active 490 (27%; 1.5% of unfiltered) 
– Inactive 508 (27%)
– Interference 765 (44%)



Replicate 1

Replicate 2

When the data looks good but it doesn’t work out



409/617 (66%) of hits
in

4/352 (1%) of wells

499/617 (81%) of hits
in

16/352 (4%) of wells

Number of “hits” in each well



A true high hit rate screen
• >56000 hits (12.8% hit rate)

– select 5000 for retest (only 2000 in 
many campaigns)

– over 90% of hits never retested

• 83% retest rate!
– choose 1600 for IC50 from these

• 93% give a d-r curve!
– selected 289 for solid IC50 

determination
– 70 compounds still of interest after 

solid testing, all with IC50<2µM

• We will not be able to pursue 
the majority of these series



Summary?
No such thing as the average screen

- this is no machine
• The HTS process comprises many steps, all of which 

are prone to error
• Much data is lost as we go through the process, until, 

ultimately, chemists see one number per sample
• For some screens, the process does work well
• For many screens, intervention is required

– Specialist intervention can add real value

• There are many opportunities for projects to improve 
our processes. We should look at the enterprise as a 
whole, and the goals for HTS, before choosing which 
processes to target.
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27297 structures, >10% activity at least once in testing

21085 unique OIs 

13782 >10mg solid 

8839 Substructural filter 

8823 active by statistical method 

6750 after applying reactivity filters 

1600 after selection by chemists

Second look (different clustering algorithm)
with ALL FILTERS OFF except solid availability.
Looked twice at anything with high potency.

1785 

screen-specific
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Example from a GSK Screen

• Novel, potent, selective compound
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