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Abstract 
The process of drug discovery is very slow and expensive. There is a need for reliable 
in silico methods; however the performance of these methods differs. 

This work presents a targeted study on how the drug discovery methods used in 
OpenEye’s tools ROCS, EON and FRED perform on targets with small ligands. It 
was examined if 12 compounds (markers) somewhat similar to AMP could be 
detected by ROCS in a random data set comprised of 1000 compounds. It was also 
examined if EON could find any electrostatic similarities between the queries and the 
markers. The performance of FRED with respect to re-generation of bound ligand 
modes was examined on ten different protein/ligand complexes from the Brookhaven 
Protein Data Bank. It was also examined if FRED is suitable as a screening tool since 
several other docking methods are used in such a way. Finally it was also examined if 
it was possible to reduce the time requirements of ROCS when running 
multiconformer queries by using a combination of single conformer queries coupled 
with multiconformer queries.  

The conclusions that could be drawn from this project were that FRED is not a good 
screening tool, but ROCS performs well as such. It was also found that the scoring 
functions are the weak spots of FRED. EON is probably very sensitive to the 
conformers used but can in some cases strengthen the results from ROCS. A novel 
and simple way to reduce the time complexity with multiconformer queries to ROCS 
was discovered and was shown to work well. 

Keywords: Drug discovery, ROCS, EON, FRED, docking, virtual ligand screen, 
evaluation of, small ligands. 
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1. Introduction 
The industrialized part of the world faces a great challenge in fighting the diseases 
related to the modern lifestyle. We are living fast paced lives with too little or no 
exercise coupled with high-energy diets. This has resulted in an increased number of 
problems with diseases like obesity and type II diabetes. Besides the suffering of the 
people having these diseases, there is also a high cost involved. The cost for diabetes 
in the U.S. in year 2000 was estimated to 123 billion dollars (Hogan et al., 2003). In a 
study by Boyle et al. (2001) it was projected that the number of people diagnosed 
with diabetes will increase by 165% from the year 2000 to 2050. One way to avoid 
being in high risk for development of type II diabetes is to have an active lifestyle and 
maintain an ideal weight. This might however sound easier than it is since a certain 
lifestyle usually has been going on for several decades. Therefore it is not likely that 
information campaigns and similar efforts will have any long term effect. Given the 
scenario described above it is clear that pharmaceutical companies have an interest in 
finding good therapies for treatment of type II diabetes. A good therapy for type II 
diabetes would reduce disease costs for the society, make the life easier for the people 
suffering from the disease and provide a steady income for the pharmaceutical 
company that developed the therapy. 

1.1 Drug discovery 

In the pharmaceutical industry, the modern way to make drug discoveries is through a 
process starting with biological target identification. The next step in the process 
involves target assay development, followed by high throughput screening (HTS), 
which potentially leads to assay hit identification. After HTS another phase 
commonly termed “hits-to-lead” takes place. The goal of this process is to refine the 
hits prior to medicinal chemistry optimization. This procedure of chemical 
optimization is usually referred to as “lead optimization”. Once chemically optimized, 
the identification of potential clinical candidates is possible. The optimization is 
followed by studies on humans, clinical development and finally market launch. The 
development of a new drug takes approximately 10 years and is very expensive, often 
in the range of 350-500 million $US (Goodnow, 2001). Since a drug discovery is 
extremely difficult to achieve successfully, the current rate of drug registrations in the 
pharmaceutical industry is roughly 0.5 per year and company (Arlington, 2000). 
According to a study discussed in Goodnow (2001), the current growth rate of these 
companies cannot be maintained if the rate of drug discoveries does not increase. 

One aid in the lead discovery phase is docking of substances onto a protein structure 
model. This is generally done in a large scale “virtual ligand screening” procedure 
(VLS), which involves high-throughput flexible docking (Abagyan & Totrov, 2001). 
The method can, if successful, help to select small subsets of likely lead candidates 
from a large substance library (Abagyan & Totrov, 2001). It is not hard to understand 
that it is far less expensive, both financially and with respect to time requirements, to 
make virtual screenings compared to experimental approaches. The computer aided 
methods also add another dimension of information, which can be used together with 
experimental data during evaluation of potential drug substances. According to 
Abagyan & Totrov (2001), more and more candidates are being found solely through 
VLS, but it is however rare that a screen results in quality leads according to 
Goodnow (2001). The approach of finding leads using dockings on a protein structure 
can however suffer from errors in the structure and relies on the quality of the 3D-
structure available. If no structure exists, one can instead use a known ligand as query 
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against a chemical database. This procedure can also give hits regardless of quality of 
available structure. However, if the search for leads is performed based solely on 
comparisons between molecules it reduces the chances of novel discoveries since the 
hits usually are very similar to the query. Screens using the docking approaches can in 
some cases cover for this and thus these methods are complementary. 

The size of the substance libraries used in VLS is in the range of 200,000-1,000,000 
substances (Abagyan & Totrov, 2001). It is common to use libraries that are biased 
towards for example a certain type of receptor or enzyme. This serves to make the 
library more specific for the domain. The substance libraries are likely to grow in size 
over time due to the initiatives in structural genomics. More targets to search among 
and an ever increasing number of possible substances (more potential leads) is the 
cause for the growth. Estimations of organic chemistry space have mentioned figures 
around 1018 possible substances (Clark & Picket, 2000). 

1.2 AMPK - A possible drug target for type II diabetes 

One possible target for new therapies against type II diabetes is a protein complex 
called AMP-activated 5’ protein kinase (AMPK). This complex is a key component 
when it comes to monitoring the cellular energy status (Hardie and Carling, 1997). A 
defect in the AMPK signalling cascade is considered to be a possible cause for insulin 
resistance, dyslipidemia and ketosis resistance (Winder and Hardie, 1999). The 
AMPK complex is comprised of three different subunits and these subunits in turn 
exist in different variants encoded by different genes (Hardie et al., 1998). The 
expression levels of the different subunits and their isoforms vary among the tissues. 
Given this, it might be possible to manufacture a drug therapy that is specific for 
certain muscle types and thus is more selective than other therapies.  

1.3 Problem 

When performing VLS without a high resolution target structure and very little 
information about how a substance binds within a binding site it is difficult to reject 
or accept substances in a hit list. However, somewhere along the course of the 
screening a reduction is necessary since resources like economy and manpower limit 
the number of substances to be tested experimentally. Given that docking methods 
quite frequently fail to reproduce the correct binding geometry but still can rank a 
substance highly, or in some cases, suggest poses that are reasonable but still score 
poorly with respect to RMSD (Cummings et al., 2005), it is hard to define the 
necessary reductions of hit lists.  

In this work there will be several procedures which are all ultimately aimed at coming 
closer to a  treatment for diabetes type II. Several different drug discovery tools from 
OpenEye1 (OMEGA, ROCS, EON and FRED) will be tested with respect to ‘AMPK-
applicability’. How well do they perform on these kinds of targets, i.e. proteins which 
bind small (adenosine derivatives) ligands? Which method from OpenEye performes 
better than the other? The methods from OpenEye are effective with respect to time 
requirements and it is thus of interest to evaluate the quality of these methods. 
Furthermore, a previously generated data set with substances will be examined and 
reduced to a testable number of substances (~50).  

                                                
1 http://www.eyesopen.com 
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2. Background 
This chapter will begin with a background on the biological aspects of this project. 
Following this is a brief description of how drug discovery of today usually is done. 
The final sections address molecular docking, data set analysis and VLS. Technical 
descriptions of the methods used in OpenEye’s tools will not be covered in depth and 
the user/reader is instead encouraged to read the manuals available at OpenEye’s 
website. 

2.1 Biological background 

This part will cover the biological background of this project. The chapter is divided 
into two sections where the first will cover the AMP-activated 5’-adenosine kinase 
(AMPK) in general. The second section will cover the specific subunit of the kinase 
on which the work here is focused. 

AMPK has been found to act as a cellular fuel-gauge of the mammalian cell activated 
by changes in the AMP-ATP ratio (Hardie and Carling, 1997). These changes in ratio 
can occur through depletion of ATP (resulting in raised levels of AMP) caused by 
cellular stress such as hypoxia or muscle contraction and cause ATP generating 
systems to be activated (Hardie and Carling, 1997). Studies have shown four different 
ways by which AMP activates this signalling cascade: 

 
• Phosphorylation of AMPK by the upstream AMPK kinase (AMPKK) LKB1 

(Hawley et al., 2003). 
• By binding to AMPK and thereby making it a better substrate for AMPKK 

(Weekes et al., 1994; Hawley et al., 1995). 
• Through allosteric activation of AMPK (Hawley et al., 1995; Hawley et al., 

1996). 
• By binding to AMPK and making it a worse substrate for Protein Phosphatase-

2C (PP2C) which acts as inhibitor on AMPK in vitro (Moore et al., 1991). 
 

It has also been shown that AMPK can be activated by the drug metformin, widely 
used to treat diabetes type 2, in a mechanism independent of the AMP/ATP ratio 
(Hawley et al., 2002). 

AMPK is a heterotrimeric complex consisting of three subunits: α, β and γ and 
belongs to an ancient family of metabolite sensing protein kinases. The three subunits 
have homologues in all eukaryotes examined to date and the different isoforms exist 
in all mammals (Carling, 2004). Each subunit exists in different isoforms and is each 
encoded by a unique gene (Hardie et al., 1998). The α- and β-subunits have two 
known isoforms each in mammals, whereas three different isoforms of the γ-subunit 
have been found. It has also been shown by Yu et al. (2004) that AMPK γ3 exists in 
one short and one long form in mouse (AMPK γ3S and AMPK γ3L). These two forms 
are encoded by the same gene but it was found that the gene has two transcription 
start sites. 

AMPK α is the catalytic subunit while the β- and γ-subunits appear to be directing the 
complex to different locations within the cell and are also essential for full enzyme 
activity (Warden et al., 2001). Among the best characterized AMPK homologues so 
far is the S. cerevisiae (bakers yeast) complex with its subunits Snf1 which 
corresponds to the α-subunit, Gal83, sip1 and sip2 being homologues to the β-subunit 
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and Snf4 to the AMPK γ-subunit (Mitchelhill et al. 1994; Carling et al., 1994; 
Stapleton et al., 1996).  

All the different subunit isoforms are located in skeletal muscle and of the two α 
isoforms it appears that α2 is the most abundant and studies report that exercise 
increases only the activity of the α2 isoform (Fujii et al. 2000). Depending on the type 
of muscle the α2 isoform seems to be associated with either β-isoforms (Chen et al., 
1999). Studies have shown that the γ3 isoform is the predominant AMPK γ isoform in 
glycolytic muscle (muscles that generate ATP mostly from glycolytic reactions). The 
γ3 isoform is only expressed at very low levels in oxidative muscle (Barnes et al., 
2004). It was also shown by Barnes et al. (2004) that AMPK γ3 prefers to form a 
heterotrimeric complex with α2 and β2 in glycolytic skeletal muscle. 

The only known motifs in the AMPK γ-subunits are four Cystathionine Beta Synthase 
(CBS) domains forming two CBS pairs in the subunit (see figure 2.1). It has been 
shown that these CBS pairs provide an allosteric binding site for adenosine 
derivatives, i.e. AMP and ATP resulting in their role as cellular energy status sensors 
(Scott et al., 2004). The binding of AMP/ATP in AMPK CBS pairs has been shown to 
be mutually exclusive (Scott et al., 2004). 

Abnormalities in glycogen storage caused by mutations in the AMPK CBS domains 
can result in diseases (Milan et al. 2000). One disease termed Wolff-Parkinson-White 
Syndrome is caused by a mutation (R302Q, see figure 2.1) in the gene (PRKAG2) 
encoding the γ2 subunit (Gollob et al., 2001). Other mutations in the AMPK γ2-
subunit resulting in lowered AMPK activity include H383R and R531G, shown in 
figure 2.1. A mutation in the PRKAG1 gene encoding the γ1-subunit (R70Q, shown in 
figure 2.1) resulted in increased AMPK activity (Hamilton et al., 2001). This mutation 
is contradicted by another study by Daniel and Carling (2002), but the cause for the 
differing results is not yet clear. There is also evidence for mutations in the PRKAG3 
gene which encodes the AMPK γ3-subunit. A mutation (R225Q, see figure 2.1) found 
in the PRKAG3 gene in Hampshire pigs causes a phenotype called dominant 
Rendement Napole (RN) and results in increased glycogen content in white skeletal 
muscle together with lowered pH (Milan et al., 2000). A second mutation in the 
PRKAG3 gene (V224I, shown in figure 2.1) surprisingly results in the opposite effect 
to that of the R225Q mutation, i.e. decreased glycogen levels in the muscle and high 
pH (Barnes et al., 2004). All known mutations in the γ- subunits are located in the 
AMP binding region or in parts of the peptide that affects the AMP binding region 
and thus also affects the increased glycogen storage. As mentioned earlier though, one 
exception is the V224I mutation which resulted in decreased glycogen storage 
although it is located in the CBS1/2 AMP binding site of AMPK γ3. Taken together, 
this makes the AMPK γ-subunits suitable as potential drug targets for obesity and 
diabetes type 2 due to their apparent role in glycogen storage (Scott et al., 2004). The 
locations of the CBS domains in the different AMPK γ isoforms together with a 
model of the AMPK γ3 CBS 1/2 domain are shown in figure 2.1. A model of the 
CBS1/2 domain in AMPK γ1 has been published previously but only without the 
connecting loop between CBS1 and CBS2 (Adams et al., 2004). The structure model 
in figure 2.1 is from the unpublished work of Lantz (2004). 
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2.2 Molecular features and substance libraries 

When building a library of substances it is common to try to make them biased 
towards a certain enzyme or property. This is for example achived by deriving 
measurements of similarity between substances. One way to describe a substance is 
through the use of molecular descriptors. 

2.2.1 Molecular descriptors 

A molecular descriptor is a representation of features in a substance. It can for 
example be calculated from atom and bond types, H-bond donor/acceptor atoms etc. 
These descriptors can be used when comparing substances during database scanning 
procedures. They can also be used when for example measuring similarity during 
clustering of substances. It is common to build fingerprints or feature vectors (bit 
vectors) describing the different features and then compare the fingerprints or vectors. 
An example of this is given in figure 2.2.1. 

 

2.2.2 Grouping of substances in libraries 

When building libraries with chemical substances, it is common to group the data, 
both manually and through the use of various computer algorithms. This is done in 
order to generate libraries that are diverse and give resulting hits on classes of 
substances instead of individual molecules. Non-grouped libraries result in a large 
redundant hit list, filled with similar high-ranking hits, thus hiding potential hits 
outside the list (Su et al., 2001). By grouping the substances into classes the 

 
Figure 2.2.1: An example of how a 
feature vector or fingerprint can be 
constructed and compared cell by cell. 
The features are sometimes encoded by 
bits, thus ‘bit vector’ in the image. 

Figure 2.1: Overview of the AMPK γ-subunits to the left in the figure and a structure model 
of γ3, CBS1/2 to the right. The known mutations in γ3 are represented with ‘ball and sticks’ 
in the structure model. 
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redundancy decreases, but it should optimally be done without reduction of coverage 
with respect to biological activity. One tool for grouping of substances is the 
“Daylight Chemical Information software” and it uses Jarvis-Patrick clustering (Jarvis 
& Patrick, 1973) which has been considered among the best algorithms for this kind 
of problem (Willet, 1987). 

Another feature that substances can be grouped after is “drug-likeness”, i.e. how 
similar a substance is with respect to other substances known to function as drugs. 
Among the computational methods used for this grouping are clustering, methods 
based on genetic algorithms and neural network-based approaches, see Clark & 
Pickett (2000) for a brief review. The review also discusses some limitations in these 
grouping methods, such as a lack of validated datasets and substances that do not 
belong to either class. Another issue is one of innovation, since the methods above are 
trained on what was known at the time. This makes them less suitable for finding 
novel drug substances (Polinsky, 1999). 

It is important that a substance can be absorbed by the intestinal system in the body. 
This is because the most preferred way of delivering a drug is through oral ingestion 
(Clark & Pickett, 2000). The degree of uptake in the body is generally termed 
“bioavailability”.  Features important for prediction of good bioavailability are for 
example the number of rotatable bonds (molecular flexibility), low count of total 
hydrogen bonds and polar surface (Veber et al., 2002).  

2.3 Molecular conformations 

When performing a docking it is necessary to try different conformations of the ligand 
(see figure 2.3.1 for an example). In this project it is done using the tool OMEGA 
from OpenEye. OMEGA generates different conformations of the ligand and has been 
found successful in creating bioactive conformations (Bostrom et al., 2003). This 
method is deterministic which means that the results from one run are easily 
reproducible. The general principle by which OMEGA works is through the 
generation of one 3D conformation from a starting connection table. This first 
conformer is then used for the creation of many different 3D conformations for that 
specific molecule. During this procedure the molecule is broken down to fragments 
and re-assembled using pre-defined angles for the bonds. Conformers below defined 
cut-off with respect to energy are kept and conformations that are too similar to any 
other conformer with respect to RMSD are removed. The third and final (optional 
step) is refinement using a Merck Molecular Force Field (MMFF). This force-field is 
described in Halgren (1996a-e). 

 

 

 

 

 

 

 
 

Figure 2.3.1: 25 different conformations of AMP 
generated by OMEGA. 
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2.4 Shape comparisons 

In this work different molecules are compared using the tool ROCS (Rapid Overlay of 
Chemical Structures) from OpenEye. ROCS compares molecules by measuring the 
degree of volume overlap between the two (query and current database molecule). 
The volume overlap is maximized using a solid-body optimization process. The most 
common measurements used in the various OpenEye comparison methods are 
variants of the Tanimoto coefficient. The standard Tanimoto equation is: 

T= Nc / (Nq+Nt-Nc)  

where Nc are points common to both the query and target, Nq are points in the query 
structure and Nt are the number of points in the target structure. The Tanimoto 
coefficient is a value between 0 and 1. This measure is very common when comparing 
chemical fingerprints made up from descriptors. Different measures used in chemical 
comparisons, including the Tanimoto, are covered in Willet (1987). The reader is 
encouraged to see OpenEye’s website for an in-depth description of the mathematics 
involved and how the different measures of similarity are derived. 

There are several different output scores from ROCS, these are: 

• ShapeTanimoto – overlap measure, value between 0-1 

• Tversky(d) – an alternative overlap measure 

• Tversky(q) – an alternative overlap measure 

• ComboScore – ShapeTanimoto + ColorScore 

• Overlap – absolute value of overlap 

• (ColorScore) – not used in this work 

• (ScaledColor) – not used in this work 

• (SubTan) – not used in this work 

In the work performed here, the hits are ranked according to their ShapeTanimoto 
score. This is the default for rankings in ROCS. The difference between Tversky (d) 
and Tversky (q) comes from the use of two constants, α and β (described in equation 
1.7 in the ROCS manual). The sum of these constants is equal to 1 and if for example 
we have two sets of features, A and B and α is set to 1, we compare the unique 
features in A with those features shared by A and B. In Tversky (d) α is set to 0.05 
and β is set to 0.95 and in Tversky (q), these constants are set to α=0.95 and β=0.05. 
The reason for this depends on whether or not the query molecule is compared to the 
database molecule or the other way around. Figure 2.4.1 shows a comparison between 
two nearly identical molecules and two molecules which are similar but with lower 
score. 
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Figure 2.5.1: Example of electrostatic potentials for 
acetsalicylic acid. A measure of similarity can be 
calculated by comparing the electrostatic potential 
between two molecules. The potentials are relative 
to the size of the ‘balls’ shown in the figure. Red 
‘balls’ represent positive charges and blue 
represents negative charges. 

 

2.5 Comparison of electrostatics 

Given that two compounds are similar in shape it is also of importance to know 
whether or not they are similar with respect to electrostatic potential. This additional 
information was found to be of importance when separating active compounds from 
inactive ones (Nicholls et al., 2004). In this project this is done by using the tool EON 
from OpenEye. EON takes a set of aligned compounds as input and calculates the 
electric Tanimoto value between the query and the compounds in the chosen database. 
The output from ROCS (section 2.4) is an ideal input for EON since it is comprised of 
aligned compounds similar to the query with respect to shape. Figure 2.5.1 shows how 
electric potentials can be visualized for a certain compound, in this case acetsalicylic 
acid. The figure is however just an example of how these potentials might look; it is 
not the exact fields with respect to their size etc. 

 

 

 

 

 

 

 

 

 

 
Figure 2.4.1: Example of the different scores from ROCS when comparing AMP to 6Cl 
PuMP (neraly identical in shape) and AMP to AICAR (similar but not near identical). This 
image should give an idea of how to interpret the scores presented later in this work. 
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The different scores given as output from EON are: 

• ET_pb – electrostatic tanimoto, calculated using full Poisson-Boltzmann (PB) 
electrostatics 

• ET_coul – electrostatic tanimoto calculated using only the coulombic part of 
PB electrostatics 

• EON_shape_tani – this is the same score as ROCS’s ShapeTani when not 
using the optional ‘-spin’ parameter in EON 

2.6 Molecular docking 

The main goal of molecular docking is to fit two structures, usually a receptor and 
ligand, together in an energetically favourable conformation which ideally also should 
have biological activity (if the purpose is drug discovery). There are usually four 
different cases for which docking might be suitable. The first case is when both the 
location of the binding site and what ligand that binds to it are unknown. The second 
case is where the ligand is unknown but the binding site has been identified. Third, 
one can have a binding site with its ligand being known but want to answer the 
question “how does it bind?”. The fourth and last case is when we have all the 
information about the receptor/ligand complex but want to find other binders that are 
also able to interact with the receptor. The latter case is usually the most interesting 
one for drug discovery when trying to find novel binders in substance databases.  

In order to understand the difficulties of successful docking one needs to break down 
the problem into pieces that are more manageable. Given that a structure of the target 
exists, the first problem encountered is the one of finding the ligand binding site in the 
receptor. Following this there is the issue of space and time complexity when 
sampling the geometrical space for poses for the different ligands inside the binding 
site. Next we have the problem with how to evaluate the ligand poses during the 
docking. What is important and what is not with respect to ligand flexibility, receptor 
flexibility, chemical interactions and energy landscapes? When scanning databases for 
substances similar to a known ligand there is the issue of similar structures but 
different biological activity leading to a large amount of false positives in the hit list. 
Clearly it is important to reduce complexity but retain quality both with respect to 
geometry and biological activity since this would lead to more meaningful results 
within a reasonable amount of time.  

2.6.1 The target structure 

The best structure to use when performing docking studies are structures determined 
with experimental methods such as X-ray crystallography or Nuclear Magnetic 
Resonance (NMR). However, these structures are not always available and in this 
case model structures derived from proteins related to the target, so called homology 
models, can sometimes be used. These models come with varying quality depending 
on the amino acid sequence identity between the templates used when building the 
model and the target protein upon which the docking is to be performed. Several 
studies have used homology models together with docking methods (Schapira et al., 
2001; Enyedy et al., 2001 and others) and important results have been found. 
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2.6.2 Finding the binding site 

By knowing the location of the binding site in advance the search space for docking 
can be reduced. This can be done either by experimental methods such as 
photoaffinity labelling used in the work of Chen et al. (1999b) or by scanning the 
surface of the target structure using computational methods. These can for example be 
based on energy calculations aimed at locating regions with high energy potential or 
methods using hole filling strategies in order to locate cavities in the protein.  

2.6.3 Sampling the search space and simplifying the problem 

Several methods have been applied to the sampling of the search space. Among the 
most common are methods such as simulated annealing, tabu-search, molecular 
dynamics and evolutionary algorithms. However, given the large search space these 
methods usually use simplifications such as grids, descriptors and fragment-based 
methods.  

In the case of grid representations, the protein is kept rigid while moving the ligand in 
discrete steps. The grid holds approximate potentials for atoms between grid points 
and thus, through this simplification, saves a lot of time. 

The descriptor based method starts by identifying ‘hot-spots’ on the target. These 
‘hot-spots’ are locations on the target where a ligand atom can bind well. A large 
number of these ‘hot-spots’/’ligand atom bindings’ are examined and this generates 
orientations for the whole ligand. 

Fragment based methods match functional groups in the ligand against 
complementary groups independently and by this the complexity is reduced. The 
fragments are rebuilt into the full ligand structure later in the process. 

2.6.4 Scoring functions 

Scoring functions are roughly divided into three categories: force-field based, 
empirical regression and knowledge-based methods (Shoichet et al., 2002). A scoring 
function should ideally be able to recognize a correctly docked ligand within 
reasonable time. 

2.7 Fast Rigid Exhaustive Docking (FRED) 

This software is for docking of protein-ligands and is available from OpenEye. FRED 
is fast and easy to use, especially when docking several different ligands sequentially. 
The ease of use is due to its command-line interface and support for one single 
parameterfile. It is also competent in the handling of different file formats, such as 
Brookhaven Protein Databank (.pdb), tripos (MOL2) and others. The simplest input to 
FRED is a protein coordinate file, a database/file with one or several ligands in 
multiple conformations and a docking-box which defines the binding site. FRED's 
approach to solving the complex issues of sampling the search space is to keep both 
the protein and the ligand rigid during most of the docking process and exhaustively 
test all poses of the ligand inside the defined binding site. Since the different ligand 
poses are pre-generated it is only a matter of moving the whole ligand inside the site 
instead of moving single atoms. All ligand poses that clash with the negative image of 
the binding site are rejected and the remaining poses are evaluated using one or more 
of the five available scoring functions in FRED (Screenscore, Chemgauss, 
Shapegauss, Chemscore and PLP). There are also several optional steps such as 
refinement of top ranked poses using a molecular forcefield, which increases the time 
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requirements however. The performance of FRED v.1.1 was assessed in a study by 
Kellenberger et al. (2004). In their work, they concluded that FRED had problems 
with small, polar, buried ligands. The strengths of FRED were the high speed and 
docking performance on flexible ligands, large binding sites and small hydrophobic 
ligands. 

2.7.1 The Shapegauss scoring function 

This scoring function tries to maximise the surface contact and minimize the overlap 
between atoms. It is an altered version of the function described by Grant and Pickup 
(1995). The method is stated to significantly improve the time requirements for a 
docking but suffers from not being able to find the most likely pose of a ligand 
(McGann et al., 2003). This is due to its simplicity since the function only accounts 
for shape. It is however stated that this function performs well in the sampling of 
different poses and that it can work as a suitable pre-filter when docking large 
numbers of ligands. According to McGann et al. (2003), the Shapegauss scoring 
function works remarkably well when the active site has a specific shape. It is also 
somewhat tolerant to deviations in the structure, possibly making it suitable for 
homology models or clusters of related structures (McGann et al., 2003). A 
mathematical description of the function will not be given here and readers are instead 
referred to McGann et al. (2003), where each of the calculation steps is given. 

2.7.2 The Chemgauss scoring function 

This function has not been peer reviewed yet. It is stated in the FRED manual that it 
uses shape and chemical complementarity: 

 “The Chemgauss scoring function combines the Shapegaussian scoring 
function with additional potentials between chemically complementary 
groups, which are also based on smooth Gaussian functions.“  

The most significant potentials in this function are hydrogen bonding interactions. An 
attraction and repulsion is calculated between polar hydrogen atoms/acceptor lone 
pairs and between acceptor/donor heavy atoms, respectively.  

2.7.3 The Screenscore scoring function 

This scoring function is based upon interactions between polar and non-polar atoms, 
hydrogen bond donors and acceptors, hydrogen bond acceptors and metals, phenyl 
groups with amides, methyls and aryl CH groups (Stahl and Rarey, 2001). It is a 
combination of the Piecewise Linear Potential (Verkivker et al., 2000) and FlexX 
(Rarey et al., 1996) scoring functions. 

2.7.4 The Chemscore scoring function 

The idea behind this scoring function is to include interactions between different 
atoms. It estimates the binding contributions from lipophilic, metal-ligand interactions 
and hydrogen bonds together with a term which penalizes flexibility (Eldridge et al., 
1997). The function also estimates a contribution based upon the number of frozen 
rotatable bonds for the ligand. 

2.7.5 The Piecewise Linear Potential scoring function 

The idea behind this function is to sum up the hydrogen bond interactions and ligand-
protein steric calculated from a piecewise linear potential (Verkivker et al., 2000). 
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There are several atom types upon which the parameters in the pairwise potential 
depend; hydrogen-bond donor/acceptor, both donor/acceptor, carbon sized non-polar, 
fluorine sized non-polar and sulphur sized non-polar atoms (Verkivker et al., 2000). 
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3. Problem description 
Docking methods often fail to place the ligands in correct poses but this does not 
necessarily mean that the docking result is useless as shown by Cummings et al. 
(2005). In their test they found that all tested methods ranked one or more known 
active substances high but not on the basis of reproduction of the known binding 
mode. They also found that a large RMSD not necessarily indicates a completely 
unreasonable docking. This comes from the fact that a docked ligand can be wrong 
according to the crystallized mode but still placed in such a way that the ligand could 
make reasonable bonds in the site. Given this difficult situation, how is a good 
docking result distinguished from a bad one without using experimental methods 
when the natural binding mode is not known? How can we, if the information is 
insufficient, exclude a substance from the screening process based solely on that it 
does not ‘resemble the best theoretical pose’ which is based upon a subjective idea of 
how the natural ligand binds?  

The number of experimentally determined structures increases and thus also the 
number of new possible drug targets. Following this, the number of homology models 
will increase as a result of the structural genomics projects. There is clearly a need for 
methods which can discover new potential lead compounds based on information 
from these new targets and also help to explain how these new leads might interact 
with the target. 

 Given the problems stated above, can docking methods alone give any useful 
information to a pharmaceutical company searching for new leads? Especially when 
the only known structure of the target is a homology model derived from poor 
sequence identity, when knowledge about exact binding mode is scarce and when 
experimental measurements of activity can not be obtained for all substances. If not, 
are there any methods that can be used in conjunction with docking methods and 
facilitate the reduction of candidate substances in a data set? This issue will be 
addressed in this project by both analyzing an existing data set from a virtual screen 
and a data set comprised of 1000 drug-like substances with 12 potential hits inserted. 
Three different approaches will be used for both data sets, comparison of shape 
(ROCS), electrostatics (EON) and binding (FRED). The potential capacity of these 
tools will be examined on selected protein/ligand complexes and the data set 
mentioned above in order to assess how well the tools fit the problem area (AMPK). 

3.1 Aim and objectives 

The aim of this dissertation is to investigate the suitability of OpenEye’s methods for 
drug discovery on the AMPK problem and also to use these methods to evaluate a 
dataset from previous virtual ligand screens. By using experimental information and 
crystallized protein/ligand complexes it should be possible to give a statement 
regarding the suitability of these methods for the AMPK-project. Ideally, this project 
would result in a good idea of what to expect from OpenEye’s software on this type of 
non ideal problem, i.e. a small ligand and unknown binding mode together with a 
homology model. An additional bonus would of course be the detection of new leads 
to treat diabetes type II. In order to achieve this aim a number of objectives have been 
identified: 

 
1. Identify a suitable test set, both compounds and protein/ligand complexes. 
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2. Use OMEGA, ROCS, EON and FRED on the test set and previously derived 
set from earlier virtual ligand screens. 

3. Analyze results from both the test set and the previously derived set from 
earlier virtual ligand screens. 

 
The reason for examining the set from earlier virtual ligand screens is that this might 
indicate if the methods from OpenEye give similar results or provide totally new 
candidate compounds.  
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4. Method 
This chapter is divided into several parts; each describing the work performed and the 
tools that have been used. All results from the docking procedures on AMPK γ were 
stored in a relational (PostgreSQL2) database. The database solution was chosen since 
it allows for easy comparisons between results from different docking attempts and 
dockings in different binding sites (CBS 1/2 and CBS 3/4). A set of data parsing tools 
were also implemented for easy transfer of docking results to the database. All docked 
structures were also inserted into the database and an extraction tool which builds 
load scripts for the molecular visualization tool PyMOL3  was implemented.  

4.1 The test set with drug-like molecules and the previously derived set 

A test set (hereafter referred to as the 1012-set) of 1000 randomly selected drug-like 
molecules was chosen for this project. This test set was constructed by Dr. Rognan at 
CNRS4 and is used with permission. The compounds in the 1012-set have been taken 
from a set of over 20 commercially-available screening collections  covering 3 million 
molecules (e.g. Asinex, Chembridge, Chemdiv, Maybridge) and filtered by drug-
likeness (over 100 1-D, 2-D and 3-D filters) to keep only approximately 1 100 000 
drug-like compounds. A random selection was then applied to this pool to select 1000 
molecules. The data set was also used by Zavodszky and Kuhn (submitted). Twelve 
molecules with features similar to AMP were appended to the test set, making it a 
total of 1012 molecules in the test set. These additional molecules are presented in 
table 4.1.1. 

                                                
2 http://www.postgresql.org/ 
3 http://pymol.sourceforge.net/ 
4 http://bioinfo-pharma.u-strasbg.fr/ 
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The previously derived set of compounds was generated by an external consultant 
using tools from Tripos5. A number of subjective decisions regarding binding mode 
and binding site was taken by the consultant and used in a screening process which 
resulted in a set comprising 4658 compounds (hereafter referred to as the 4658-set). 
This set was reduced by applying a surface to the modelled binding site and removing 
the compounds clashing with the surface. After the reduction, only 181 compounds 
were left. However, in this work the 4658 compound set was used. 

4.2 Conformer generation using OMEGA 

The tool OMEGA v1.8.1, by OpenEye, was used to derive different translational and 
rotational conformers on all molecules in the 1012-set. The same procedure was 
applied on the 4658 data set. The default parameters were used, with the exception of 

                                                
5 http://www.tripos.com/sciTech/inSilicoDisc/index.html 

Name Image Name Image 

2MeS AMP (2-
Methyl-sulfate AMP) 

 

ZMP (zinc 
monophosphate) 

 

6Cl PuMP 
(Chloropurine 
riboside- 3', 5'- 
monophosphate) 

 

2Cl AMP (2-
chloride 
adenosine 
monophosphate) 

 

6Me AMP (6-
methylaminopurine 
ribonucleoside 
monophosphate) 

 

Ara-ATP 
(Arabinose 
Adenosine 
triphosphate) 

 

ADP (Adenosine 
diphosphate) 

 

cAMP (Cyclic 
AMP) 

 

AMPS (Adenosine 
phosphosulfate)  

 

GTP (Guanine 
triphosphate) 

 

ATP (Adenosine 
triphosphate) 

 

AICAR (5-
aminoimidazole-
4-carboxamide 
riboside) 

 

Table 4.1.1: The compounds similar to AMP which were inserted into a database of 1000 
randomly selected drug-like molecules. The compounds are available from PubChem 
(http://pubchem.ncbi.nlm.nih.gov/). 
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adding the input conformation as one additional conformer, when running OMEGA 
and the chosen output format was oeb.gz since this format is less IO-intense according 
to OpenEye. 

4.3 Lead discovery using ROCS 

Shape comparison screens were performed using both the bound ligands from the test 
complexes and a multi-conformer version of AMP as query against the 1012-set.  The 
4658-set was screened using the same multi-conformer version of AMP as in the 
previous test. Additional screens were performed on the latter set using two 
hypothetical conformations of AMP, one for each binding site. The screen of the 
4658-set was however not intended to be an evaluation of ROCS, but rather a second 
opinion of the internal ranking (as done by Unity) in the set. The comparison between 
Unity’s ranking and that of ROCS was examined by taking the intersection of all 
compounds in the ROCS result and those in the Unity ranking. Since the output from 
ROCS is 500 compounds by default, the intersection will only be applied to ranking 
positions 1-500. The default parameters were used when running ROCS on these two 
sets and version 2.1.1 of ROCS was used. 

It was also examined if it was possible to reduce the time complexity when screening 
with multiple-conformer queries. This was examined using a small test described in 
figure 4.3.1. The idea was to use a single conformer of the query and use this 
conformer as an initial reducer of compounds. By setting the number of reported hits 
to a fraction of the initial dataset (in this case 200 of the 1012-set), run OMEGA on 
the 200 hits and then re-screen these 200 compounds with ROCS using a multiple 
conformer query, it should be possible to reach equally good results as when running 
ROCS one time on the 1012-set with a multi-conformer query. If successful, this 
method would reduce the number of comparisons to 25% compared to one screen on 
the full data set using a multi-conformer query. The ShapeTanimoto score will be 
used when comparing the two approaches. 
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4.4 Evaluation of ROCS-hits using EON 

The ROCS results from the all single conformer queries (1012-set and 4658-set) were 
used as input to EON v1.1. As with OMEGA and ROCS, EON was used with default 
parameter settings. When performing an electrostatics comparison with EON it is only 
possible to have one conformer as input query. Due to this, it was decided not to use 
the ROCS output from the multi-conformer version of AMP.  

4.5 Using FRED when searching a molecule database for leads 

The 1012-set was docked against ten different proteins all with bound ligands similar 
to AMP. This was done in order to assess if FRED was able to generate similar hits as 
ROCS, i.e. rank the twelve inserted compounds fairly high. The complexes used are 
shown in table 4.5.1. A similar procedure was used when using FRED on the 4658-
set, twelve substances some of which have been tested for AMPK activity at Arexis 
were inserted in the 4658-set with the purpose to serve as performance ‘markers’. 
However, unlike the test on the crystallized protein/ligand complexes, a homology 
model of the binding sites in AMPK γ was used for the screen on the 4658-
set.

 
Figure 4.3.1: A proposed schema for the reduction of the 
number of comparisons needed when using a multi-conformer 
query on a multi-conformer data base with ROCS. The darker 
steps (A) are the standard procdure, i.e. one multi-conformer 
query and the lighter steps (B) are the alternative schema. 
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 The default parameters were used when running FRED with the exception of the 
scoring functions where chemgauss, shapegauss, plp and chemscore were used. FRED 
v2.0.1 was used. The Screenscore scoring function was omitted due to problems with 
the detection of OH-acceptors. Two different sizes of docking boxes were tested, one 
large and one smaller. 

It was also tested if the compounds surrounding the ‘markers’ in the ranking list could 
be considered as hits. A schema for this method is presented in figure 4.5.1.  

The hypotheses for this approach were: 

• If FRED does not rank the ‘markers’ high, it might still be possible that 
potential hits can be found around the inserted ‘markers’.  

• The best scoring functions for this problem would be the ones who generate 
the smallest or tightest segment for the ‘markers’, i.e. the ranking of the first 
‘marker’ is close to the ranking of the last ‘marker’ in the ranking list. 

• The intersection of compounds in the ‘marker’ ranking segments between the 
most promising scoring functions might include these potential hits. 

• By using ROCS on the potential hits found in the intersection it should be 
possible to get a measurement of the success of this approach. 

PDB id Title Resolution (Å) Ligand 

1A82 Dethiobiotin Synthetase From Escherichia Coli, 
Complex With Substrates ATP and 
Diaminopelargonic Acid 

1.80 ATP 

1AD5 Src Family Kinase Hck-Amp-Pnp Complex 2.60 ANP 

1AMU Phenylalanine Activating Domain Of Gramicidin 
Synthetase 1 In A Complex With Amp and 
Phenylalanine 

1.90 AMP 

1B0U ATP-Binding Subunit Of The Histidine Permease 
From Salmonella Typhimurium 

1.50 ATP 

1B62 Mutl Complexed With ADP 2.10 ADP 

12AS Asparagine Synthetase Mutant C51A, C315A 
Complexed With L-Asparagine and Amp 

2.20 AMP 

1DEL Deoxynucleoside Monophosphate Kinase 
Complexed With Deoxy-Gmp and Amp 

2.20 AMP 

1BYQ Hsp90 N-Terminal Domain Bound To ADP-Mg 1.50 ADP 

1DAD Dethiobiotin Synthetase Complexed With ADP 1.60 ADP 

1FA9 Human Liver Glycogen Phosphorylase A 
Complexed With Amp 

2.40 AMP 

Table 4.5.1: The ten complexes used when investigating FRED’s ability to find hit 
molecules in a database using docking. Water and hetatoms were stripped from the 
structures. 
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The results from this test were compared to the ROCS scores for randomly selected 
sets of compounds from the 1012-set. This randomisation test was done according to 
the following schema: 

For each protein complex under study Begin 

 Repeat ten times Begin 

  Randomly select n compounds from the 1012-set 

  Run OMEGA on the n selected compounds 

  Run ROCS on the n selected compounds 

  Sum top ten ShapeTanimoto from ROCS 

 End 

 Calculate average ShapeTanimoto for the n top ranked compounds 

End 

The original ligands were used for each of the protein complexes used in the 
randomisation test and n was set to 100. 

4.6 FRED’s ability to re-generate ligand binding modes 

To assess how well FRED can re-generate the bound mode of the ligand a test was 
conducted on the ten complexes presented in table 4.5.1. These complexes all bind 
AMP or similar ligands such as ATP, ADP or ANP. The FREDA2 program was used 
with default parameter settings during this task with the exception of the scoring 
functions where chemgauss, shapegauss, plp and chemscore were used. The 
Screenscore scoring function was omitted due to problems with the detection of OH-
acceptors. 

 
Figure 4.5.1: The schema for how potential hits might be found in the segment 
surrounding the inserted ’markers’. The idea of marker segment and scoring function 
quality is shown in A) while B) shows how the intersection method is applied 
conceptually. 
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5. Results 
This section covers the results from all the procedures performed in this work. Each 
of section 5.1-5.3 covers both the 1012-set and the 4658-set. Thus, results from both a 
test screen and ‘live’ screen are presented under each section. 

5.1 ROCS screen 

The ‘markers’ in the results from the ROCS-screen on the 1012-set using the multi-
conformer AMP as input are presented in table 5.1.1. The table shows how eight of 
the twelve compounds used as ‘markers’ are ranked in the top eight positions. The 
remaining four compounds are found lower in the list, GTP was ranked below 500 
and thus not in the hitlist from ROCS since the default number of reported hits is 500. 
The results are very promising since the best eight ranked compounds are very similar 
to AMP and this is also reflected in the ShapeTanimoto score. 

 

The results from the ROCS-screen on the 1012-set using the 1A82 bound conformation 
of ATP as query is presented in table 5.1.2. Cyclic AMP (cAMP) is excluded from the 
list since it ranked lower than 500 which is the default report size of ROCS. The top 
two compounds, ADP and ATP, are slightly better than the other ‘markers’ with respect 
to ShapeTanimoto score. It is however somewhat odd that ADP is ranked higher than 
ATP which was the query. This might be due to the use of the single conformer query 
and that this conformer matches one of the conformations of ADP better rather than a 
flaw in ROCS. 

 

Name Rank ShapeTanimoto Tversky(q) Tversky(d) Overlap 
6Cl_PuMP 1 0.997  0.996  1.002  1042.001 
AMPS 2 0.996  0.993  1.003  1037.875 
2Cl_AMP 3 0.982  1.007  0.975  1055.119 
6Me_AMP 4 0.982  1.008  0.974  1056.596 
ZMP 5 0.960  0.950  1.011  990.490 
2MeS_AMP 6 0.955  1.005  0.951  1059.920 
AICAR 7 0.902  0.917  0.982  959.199 
ADP 8 0.893  1.007  0.887  1059.281 

cAMP 51 0.822  0.891  0.913 934.404 

Ara-TP 225 0.792  0.999  0.792  1061.581 

ATP 237 0.789  1.000  0.789  1061.660 

Table 5.1.1:  The ‘markers’ in the results from the ROCS-screen on the 1012-set using 
the multi-conformer AMP as input.  
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Presented in table 5.1.3 are the results from a ROCS screen on the 1012-set using the 
1AD5 bound ANP as query. Two compounds (cAMP and AICAR) are not present in 
the list due to too poor ranking (>500). ATP is ranked number one and this is a good 
result since ANP and ATP are very similar. There is a fairly large drop in 
ShapeTanimoto to Ara-ATP (ranked second) and this is also intuitive since there is a 
difference in the sugar between ATP/ANP and Ara-ATP. 

 

Table 5.1.4 shows the results from the ROCS-screen on the 1012-set with AMP 
bound to 1AMU as query. GTP is not in the list due to poor ranking (>500). Again, 
ROCS performs well in picking out the compounds most similar to AMP. 

Name Rank ShapeTanimoto Tversky(q) Tversky(d) Overlap 
ADP 1 0.821  0.854  0.956  1160.849 
ATP 2 0.811  0.893  0.898  1221.481 
Ara-ATP 3 0.787  0.876  0.885  1198.086 
6Cl_PuMP 14 0.742  0.760  0.969  1027.302 
AMPS 17 0.742  0.758  0.972  1024.824 
GTP 19 0.741  0.861  0.842  1178.713 
6Me_AMP 27 0.734  0.769  0.942  1041.167 
2MeS_AMP 55 0.724  0.770  0.924  1043.026 
2Cl_AMP 78 0.718  0.757  0.934  1024.625 
ZMP 129 0.705  0.720  0.972  970.646 
AICAR 219 0.691  0.710  0.964  956.826 

Table 5.1.2: The ROCS scores and rankings of the ‘markers’ inserted into the 1012-
set. The input query was ATP bound to 1A82. 

 

Name Rank ShapeTanimoto Tversky(q) Tversky(d) Overlap 
ATP 1 0.919  0.951  0.965  1313.462 
Ara-ATP 2 0.839  0.904  0.921  1247.569 
ADP 3 0.803  0.839  0.950  1151.669 
AMPS_ 5 0.772  0.772  1.001  1052.669 
GTP 9 0.759  0.869  0.857  1201.351 
6Me_AMP 10 0.759  0.779  0.966  1065.105 
ZMP 28 0.740  0.737  1.006  1002.664 
2Cl_AMP 29 0.740  0.767  0.953  1048.877 
2MeS_AMP 58 0.728  0.768  0.933  1051.367 
6Cl_PuMP 178 0.701  0.733  0.942  999.793 

Table 5.1.3: The resulting ‘marker’ hits from ROCS-screen using ANP bound to 1AD5 
as query against the 1012-set.  
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The same type of ROCS-screen as presented in the previous tables, this time with ATP 
bound to 1B0U as query is presented in table 5.1.5. Two (cAMP and AICAR) of the 
twelve ‘markers’ are missing due to a lower ranking than the top 500 reported by 
default from ROCS. The ranking is very good while the ShapeTanimoto is a bit lower 
than in the previous tests. This is most likely due to the fact that only one conformer is 
used as input and that this particular conformer matches less well to the conformers 
created by OMEGA on the 1012-set. 

 

The next table, table 5.1.6, shows the results from using the ADP conformer from 1B62 
as input query to ROCS. Only the results for the ‘markers’ inserted into the 1012-set 
are shown. GTP is not presented in the list since it ranked lower than the default 500 
reported from ROCS. ROCS performs well, ranking ADP as number one and then 
showing a significantly lower ShapeTanimoto for ATP, which is ranked as the second 
best hit. 

 

Name Rank ShapeTanimoto Tversky(q) Tversky(d) Overlap 
AMPS 1 0.927  0.952  0.972  1006.091 
6Me_AMP 2 0.894  0.955  0.933  1012.116 
6Cl_PuMP 3 0.889  0.936  0.947  989.393 
2Cl_AMP 4 0.883  0.948  0.928  1004.822 
ZMP 5 0.876  0.901  0.969  950.173 
2MeS_AMP 6 0.871  0.953  0.911  1010.740 
ADP 7 0.846  0.975  0.865  1039.575 
AICAR 10 0.825  0.869  0.942  916.091 
cAMP 59 0.788  0.868  0.896  916.671 
Ara-ATP 85 0.777  0.983  0.788  1054.718 
ATP 153 0.761  0.974  0.777  1045.943 

Table 5.1.4: Eleven of the twelve ‘markers’ as compared and ranked by ROCS are 
presented. The input to ROCS was AMP bound to 1AMU. 

 

Name Rank ShapeTanimoto Tversky(q) Tversky(d) Overlap 
ATP 1 0.824  0.893  0.914  1248.391 
Ara-ATP 2 0.818  0.887  0.914  1238.658 
ADP 3 0.802  0.834  0.954  1159.407 
GTP 7 0.760  0.864  0.862  1209.453 
AMPS 19 0.740  0.750  0.984  1035.288 
6Me_AMP 38 0.731  0.759  0.952  1050.387 
2Cl_AMP 63 0.722  0.753  0.947  1041.544 
2MeS_AMP 133 0.707  0.751  0.923  1040.735 
ZMP 140 0.706  0.713  0.985  983.101 
6Cl_PuMP 145 0.705  0.732  0.951  1010.614 

Table 5.1.5: The scores and rankings of inserted ‘markers’ when running ROCS with 
ATP as query. The ATP conformer was taken from the 1B0U complex.  
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Table 5.1.7 shows the results from the ROCS-screen on the 1012-set using AMP from 
the 12AS-complex. GTP is not in the list due to too poor ranking (>500). The table 
shows ROCS ability to detect similar compounds and rank them well. 

 

 

The following table (table 5.1.8) shows the ranking of the ‘markers’ after a ROCS-
screen on the 1012-set using the AMP conformer from 1DEL as input query. GTP is 
not in the list due to too poor ranking (>500). The ranking is intuitive and shows that 
ROCS can pick up compounds similar to AMP. 

Name Rank ShapeTanimoto Tversky(q) Tversky(d) Overlap 
ADP 1 0.923  0.959  0.961  1164.169 
ATP 2 0.825  0.955  0.858  1166.531 
2Cl_AMP 3 0.819  0.857  0.949  1035.382 
6Me_AMP 4 0.814  0.855  0.944  1032.940 
AMPS 5 0.814  0.838  0.966  1009.548 
2MeS_AMP 6 0.805  0.859  0.928  1038.086 
6Cl_PuMP 7 0.805  0.835  0.957  1006.697 
ZMP 13 0.787  0.802  0.976  964.488 
Ara-ATP 33 0.766  0.913  0.827  1114.389 
cAMP 227 0.716  0.775  0.904  933.610 
AICAR 232 0.716  0.758  0.927  911.026 

Table 5.1.6: Rankings and scores from a ROCS-screen using the 1012-set as 
database and ADP bound to 1B62 as query. 

 

Name Rank ShapeTanimoto Tversky(q) Tversky(d) Overlap 
AMPS 1 0.944  0.966  0.977  1013.502 
2Cl_AMP 2 0.929  0.978  0.949  1029.381 
6Me_AMP 3 0.927  0.979  0.946  1029.788 
ZMP 4 0.912  0.924  0.985  967.490 
2MeS_AMP 5 0.907  0.978  0.926  1029.811 
6Cl_PuMP 6 0.897  0.942  0.949  988.608 
ADP 7 0.864  0.988  0.873  1045.405 
AICAR 9 0.838  0.882  0.944  922.381 
ATP 88 0.766  0.982  0.777  1047.138 
Ara-ATP 89 0.766  0.979  0.779  1043.258 
cAMP 482 0.689  0.806  0.825  845.423 

Table 5.1.7: Eleven of the twelve ‘markers’ as ranked by ROCS when running a screen 
using AMP from 12AS as input query.  
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Table 5.1.9 shows the results from using ROCS with ADP as bound to 1BYQ as query 
on the 1012-set. GTP did not come high enough in the ranking to be included in the top 
500 reported by ROCS. The ranking by ROCS is good, placing ADP as number one 
with a large gap in ShapeTanimoto to the compound ranked second. 

 

The next result to be presented comes from a ROCS-screen on the 1012-set using ADP 
bound to 1DAD as input query. The results are presented in table 5.1.10. cAMP is 
excluded in the list due to low ranking. Just as in previous tests, ROCS performs well 
and ranks ADP as number one, but this time with a slightly lower ShapeTanimoto 
score. 

Name Rank ShapeTanimoto Tversky(q) Tversky(d) Overlap 
2Cl_AMP 1 0.936  0.980  0.954  1032.610 
6Me_AMP 2 0.903  0.964  0.935  1015.419 
AMPS 3 0.901  0.940  0.956  988.539 
6Cl_PuMP 4 0.900  0.942  0.953  990.374 
ZMP 5 0.884  0.907  0.972  951.122 
ADP 6 0.856  0.983  0.869  1041.683 
2MeS 7 0.855  0.946  0.900  997.753 
AICAR 8 0.850  0.887  0.953  929.075 
cAMP 116 0.760  0.853  0.875  896.394 
Ara-ATP 149 0.754  0.969  0.773  1033.842 
ATP 155 0.753  0.972  0.770  1037.746 

Table 5.1.8: Eleven of the twelve ‘markers’ as ranked by ROCS when running a screen 
using AMP from 1DEL as input query.  

 

Name Rank ShapeTanimoto Tversky(q) Tversky(d) Overlap 
ADP 1 0.910  0.953  0.953  1155.159 
2Cl_AMP 2 0.840  0.870  0.961  1049.268 
AMPS 3 0.824  0.844  0.973  1016.064 
6Me_AMP 4 0.817  0.858  0.945  1034.818 
ATP 5 0.815  0.949  0.852  1158.222 
ZMP 7 0.798  0.809  0.983  971.847 
2MeS_AMP 8 0.796  0.854  0.922  1031.223 
6Cl_PuMP 21 0.777  0.819  0.938  986.294 
Ara-ATP 33 0.767  0.913  0.827  1114.226 
AICAR 199 0.720  0.761  0.930  913.457 
cAMP 365 0.691  0.759  0.885  913.534 

Table 5.1.9: The rank of the inserted ‘markers’ when using ROCS with the 
conformation of ADP bound to 1BYQ as query.  
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The results from ROCS-screen on the 1012-set using the bound AMP conformation 
from 1FA9 as input are presented in table 5.1.11. GTP is not in the list due to too poor 
ranking (>500). All ‘markers’ most similar to AMP are picked up and ranked high by 
ROCS. 

 

The results from the multi-conformer version of AMP against the 4658-set are not 
shown here. However, the top eight rankings are identical to the ones presented in 
table 5.1.1. Results from the ROCS-screen, using the two hypothetical conformers of 
AMP on the 4658-set are presented in table 5.1.12 and 5.1.13. The tables show, just as 
in the other tests above, that ROCS is very capable of detecting compounds similar to 
the query. 

Name Rank ShapeTanimoto Tversky(q) Tversky(d) Overlap 
ADP 1 0.867  0.924  0.934  1127.100 
AMPS 2 0.831  0.844  0.981  1023.294 
6Me_AMP 3 0.829  0.862  0.956  1046.369 
6Cl_PuMP 4 0.820  0.842  0.969  1020.342 
2Cl_AMP 5 0.818  0.855  0.950  1038.027 
2MeS_AMP 6 0.812  0.860  0.935  1046.076 
ZMP 7 0.806  0.811  0.992  980.318 
ATP 11 0.796  0.932  0.845  1144.903 
Ara-ATP 14 0.792  0.927  0.845  1138.019 
AICAR 20 0.783  0.797  0.978  963.454 
GTP 308 0.707  0.883  0.780  1086.249 

Table 5.1.10: Rankings of the ‘markers’ in the 1012-set when using ROCS with ADP as 
query. The conformation of ADP used comes from the 1DAD complex.  

 

Name Rank ShapeTanimoto Tversky(q) Tversky(d) Overlap 
AMPS 1 0.898  0.940  0.952  988.220 
2Cl_AMP 2 0.890  0.956  0.928  1007.532 
6Me_AMP 3 0.889  0.955  0.928  1007.219 
6Cl_PuMP 4 0.886  0.936  0.943  985.074 
ZMP 5 0.886  0.909  0.971  953.628 
2MeS_AMP 6 0.863  0.951  0.903  1003.974 
AICAR 9 0.831  0.877  0.941  919.417 
ADP 10 0.829  0.967  0.853  1025.906 
ATP 208 0.738  0.961  0.761  1026.678 
Ara-ATP 231 0.733  0.955  0.760  1019.139 
cAMP 334 0.716  0.824  0.845  865.687 

Table 5.1.11: Eleven of the twelve ‘markers’ as ranked by ROCS when running a 
screen using AMP from 1FA9 as input query.  
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The comparison between Unity’s ranking and that of ROCS showed that 119 
compounds where ranked in the top 500 postions regardless of method (Unity or 
ROCS). The number of compounds in the intersection between the rankings of Unity 
and ROCS are shown in figure 5.1.1. The rankings of these methods differ but rank 
some of the compounds high. This implies that the methods are complementary but 
does not mean that compounds ranked well by one method but not the other should be 
excluded from further studies. In this special case, it should however be mentioned 
that the 4658-set is derived using model-dependent parameters and thus, the results 
from ROCS are more likely to be of higher value since these do not contain any errors 
from a homology model. This is important since no model is 100% correct. 

Name Rank ShapeTanimoto Tversky(q) Tversky(d) Overlap 
6Cl_PuMP 1 0.997  0.995  1.002  1042.178 
AMPS 2 0.996  0.992  1.004  1039.027 
2Cl_AMP 3 0.982  1.006  0.976  1056.135 
6Me_AMP 4 0.981  1.007  0.974  1057.400 
ZMP 5 0.955  0.947  1.009  988.721 
2MeS_AMP 6 0.952  1.003  0.950  1053.795 
ADP 7 0.891  1.005  0.887  1061.162 
Ara-ATP 59 0.790  0.998  0.792  1060.734 
ATP 67 0.788  0.999  0.788  1062.325 
AICAR 167 0.765  0.839  0.897  875.527 

Table 5.1.12: Results from ROCS-screen on the 4658-set using a hypothetical 
conformation of AMP. 

Name Rank ShapeTanimoto Tversky(q) Tversky(d) Overlap 
2Cl_AMP 1 0.978  1.004  0.974  1058.060 
ZMP 2 0.960  0.949  1.011  995.186 
6Me_AMP 3 0.952  0.992  0.960  1045.147 
AMPS 4 0.937  0.961  0.974  1010.166 
6Cl_PuMP 5 0.912  0.951  0.957  999.342 
2MeS_AMP 6 0.901  0.974  0.923  1027.319 
ADP 8 0.854  0.982  0.867  1040.815 
AICAR 57 0.798  0.855  0.923  896.047 
Ara-ATP 327 0.757  0.971  0.774  1036.243 
ATP 393 0.750  0.970  0.768  1034.823 
cAMP 411 0.747  0.844  0.867  886.809 

Table 5.1.13: Results from ROCS-screen on the 4658-set using a hypothetical 
conformation of AMP. 
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The general conclusion from the tests with ROCS is that it appears to be very 
competent in finding similar compounds. It also appears as the input conformer is of 
less importance when performing an initial screen. ROCS is able to find the similar 
compounds but with lower ShapeTanimoto score. This is also shown in the 
comparisons reduction test. By applying the schema suggested in figure 4.3.1 it was 
possible to reach similar or better results but with the number of needed comparisons 
reduced to ~25% compared to the standard multi-conformer query. The results from 
this test are presented in table 5.1.14. 

 

 
Figure 5.1.1: The intersection of ranking lists from Unity and ROCS. The blue bar 
shows the number of compounds that appears in the ranking list from both methods. 
The purple bar shows the ranking limit used for Unity. The limit is necessary since Unity 
has ranked all 4658 compounds while the ranking from ROCS only covers 500. 
compounds in this test. 

Name Rank A Rank B ShapeTanimoto A ShapeTanimoto B 
6Cl_PuMP 1 1 0.997  0.998  
AMPS 2 2 0.996  0.995  
6Me_AMP 4 3 0.982  0.983  
2Cl_AMP 3 4 0.982  0.982  
2MeS_AMP 6 5 0.960  0.956  
ZMP 5 6 0.955  0.954  
AICAR 7 7 0.902  0.911  
ADP 8 8 0.893  0.895  
cAMP 51 57 0.822  0.819  
Ara-ATP 225 149 0.792  0.794  
ATP 237 159 0.789  0.790  

Table 5.1.14: The results from the comparison between a standard multi-conformer 
query and the schema suggested in figure 4.3.1. A corresponds to a standard query 
and B to the alternative schema. 
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5.2 EON screen 

Results from the EON-screen are presented in this section. The ranking of the twelve 
inserted ‘markers’ will be presented in separate tables, divided dependent upon which 
protein/ligand complex the query originated from. No EON-screen was performed 
using a multi-conformer input since EON only takes one 3D-structure as input query. 
Results from the first EON-screen on the 1012-set is shown in table 5.2.1. The 
conformation of ATP bound to 1A82 was used as input query. The table shows that 
the ranking order of the inserted ‘markers’ have been altered and the two top-ranked 
compounds (ADP and ATP) have dropped to 14th and 16th place. cAMP is excluded 
from the result list due to poor score (>500). The new ranking order is not as good as 
the one given by ROCS. This might be caused by differences in the conformers 
leading to a less good result with respect to electrostatics. 

 

 

Table 5.2.2 shows the result from the EON-screen using the ROCS (1012-set) output 
from the screen on ANP bound to 1AD5 as input. Just as with the 1A82 result, the 
ranking order is altered. One would expect the electrostatics of ANP to be more 
similar to those of ATP than AMP. The differences in electric tanimoto are not that 
large and they are probably due to conformer issues, but still, they cause ATP to drop 
from 1st place (ROCS) to 18th (EON). cAMP is excluded from the result list due to 
poor score (>500). 

 

Name EONQuery Rank ET_pb ET_coul 
2MeS_AMP ATP 4 0.300  0.303  
AMPS ATP 5 0.299  0.301  
6Cl_PuMP ATP 6 0.299  0.303  
6Me_AMP ATP 7 0.298  0.301  
ZMP ATP 11 0.294  0.299  
2Cl_AMP ATP 12 0.292  0.300  
ADP ATP 14 0.290  0.299  
ATP ATP 16 0.285  0.295  
GTP ATP 154 0.003  -0.000 
Ara-ATP ATP 352 -0.002 -0.001 
AICAR ATP 447 -0.015 -0.009 

Table 5.2.1: The results from using EON with ATP bound to 
1A82 as input query. 

Name EONQuery Rank ET_pb ET_coul 
6Me_AMP ANP 2 0.308 0.309 
ZMP ANP 3 0.307 0.308 
2Cl_AMP ANP 7 0.301 0.303 
6Cl_PuMP ANP 8 0.300 0.304 
AMPS ANP 10 0.300 0.303 
2MeS_AMP ANP 11 0.300 0.303 
ADP ANP 12 0.298 0.302 
ATP ANP 18 0.289 0.296 
GTP ANP 170 0.002 0.001 
AICAR ANP 192 0.002 0.002 
Ara-ATP ANP 248 0.001 0.002 

Table 5.2.2: The ranking of the ’markers’ when using EON on 
the output from the ROCS-screen on ANP from 1AD5. 
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The result from using AMP from 1AMU and ROCS (1012-set) output as input to 
EON is presented in table 5.2.3. In this case, most of the mono-phosphates are kept in 
top but the ranking order is somewhat altered. . GTP is excluded from the result list 
due to poor score (>500).The electric-tanimoto is also significantly higher suggesting 
that a better conformer has been used as input query to EON. 

 

Table 5.2.4 shows the results from using EON with ATP bound to 1B0U as query 
against the 1012-set aligned by ROCS. Again, EON favours the mono-phosphates 
even though ATP is used as query. AICAR and cAMP are excluded from the result 
list due to poor score (>500).But just as in previous tests where this was the case, the 
electric tanimoto is low. Note the large drop in rankings for ATP, from 1st (ROCS) to 
15th (EON). 

 

The EON-screen results on the 1012-set using bound ADP from 1B62 are presented 
in table 5.2.5. The mono-phosphates are favoured and the electric tanimoto are better 
than in for example the 1B0U test. However, ADP has dropped from 1st place to 10th. 

Name EONQuery Rank ET_pb ET_coul 
ZMP ATP 2 0.304  0.307  
6Cl_PuMP ATP 3 0.303  0.305  
6Me_AMP ATP 4 0.299  0.304  
AMPS ATP 6 0.298  0.302  
2Cl_AMP ATP 8 0.297  0.302  
ATP ATP 15 0.289  0.297  
ADP ATP 16 0.287  0.297  
2MeS_AMP ATP 17 0.287  0.297  
GTP ATP 75 0.007  0.003  
Ara-ATP ATP 391 -0.005 -0.001 

Table 5.2.4: The results from EON using ATP bound to 1B0U 
as query. 

Name EONQuery Rank ET_pb ET_coul 
ZMP AMP 2 0.655  0.660  
2Cl_AMP AMP 4 0.654  0.656  
6Me_AMP AMP 6 0.648  0.653  
6Cl_PuMP AMP 7 0.645  0.649  
2MeS_AMP AMP 10 0.633  0.641  
AMPS AMP 12 0.627  0.636  
ADP AMP 15 0.610  0.618  
ATP AMP 19 0.551  0.573  
Ara-ATP AMP 353 -0.005 -0.001 
cAMP AMP 399 -0.009 -0.006 
AICAR AMP 443 -0.018 -0.013 

Table 5.2.3: The ranking of the ’markers’ when using EON on 
the output from the ROCS-screen on AMP from 1AMU. 
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Table 5.2.6 shows the results from using EON on the ROCS-screen (1012-set) with 
AMP bound to 12AS as query. As in the other tests using AMP as query, this test 
ranks the mon-phosphates high and with a good electric tanimoto. 

 

Table 5.2.7 shows the EON-results when using the output from the ROCS-screen 
(1012-set) for AMP bound to 1DEL as input to EON. This result is very good; most 
of the monophosphates are ranked high with good electric tanimotos. GTP is excluded 
from the result list due to poor score (>500). 

 

Name EONQuery Rank ET_pb ET_coul 
ZMP ADP 3 0.426  0.426  
2Cl_AMP ADP 5 0.422  0.424  
6Me_AMP ADP 8 0.417  0.421  
6Cl_PuMP ADP 9 0.416  0.418  
ADP ADP 10 0.415  0.417  
AMPS ADP 11 0.414  0.417  
2MeS_AMP ADP 14 0.411  0.417  
ATP ADP 23 0.378  0.388  
GTP ADP 180 0.002  -0.001 
Ara-ATP ADP 388 -0.004 -0.001 
cAMP ADP 407 -0.005 -0.003 
AICAR ADP 409 -0.005 -0.003 

Table 5.2.5: Results from the EON-screen using the 
conformation of ADP bound to 1B62 as input. 

Name EONQuery Rank ET_pb ET_coul 
ZMP AMP 2 0.655  0.656  
6Me_AMP AMP 3 0.654  0.655  
2Cl_AMP AMP 4 0.652  0.655  
6Cl_PuMP AMP 5 0.647  0.653  
2MeS_AMP AMP 7 0.647  0.650  
AMPS AMP 8 0.641  0.646  
ADP AMP 15 0.595  0.609  
ATP AMP 22 0.536  0.560  
Ara-ATP AMP 130 0.006  0.000  
cAMP AMP 306 -0.005 -0.004 
AICAR AMP 454 -0.024 -0.015 

Table 5.2.6: Results from EON when using results from the 
ROCS-screen on AMP bound to 12AS as query. 
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Next table, table 5.2.8, shows the results when using EON on the ROCS-screen 
(1012-set) with ADP bound to 1BYQ. A similar problem of rearrangement in the 
ranking list was observed in this test aswell, but this time a conformer of the query is 
ranked seventh here. ADP has dropped from 1st to 7th in the rankings of EON versus 
ROCS. 

 

 

The following results, presented in table 5.2.9, comes from using EON on the 
resulting ROCS-screen (1012-set) when using ADP bound to 1DAD as input to 
ROCS. The results for this query are very similar to that of 1BYQ, i.e. a slight 
rearrangement of the ranking order and acceptable electric tanimotos. Note that ADP 
was ranked number one by ROCS and now, it is ranked 14th. cAMP is excluded from 
the result list due to poor score (>500). 

Name EONQuery Rank ET_pb ET_coul 
6Me_AMP ADP 6 0.417  0.423  
ADP ADP 7 0.414  0.418  
AMPS ADP 10 0.410  0.415  
6Cl_PuMP ADP 11 0.409  0.415  
ZMP ADP 14 0.404  0.415  
2Cl_AMP ADP 16 0.403  0.415  
2MeS_AMP ADP 17 0.403  0.410  
ATP ADP 20 0.390  0.399  
GTP ADP 124 0.005  -0.001 
AICAR ADP 173 0.003  -0.001 
Ara-ATP ADP 233 0.001  0.002  
cAMP ADP 366 -0.005 -0.003 

Table 5.2.8: The table shows the results when running EON 
on the results from the ROCS-screen using ADP bound to 
1BYQ as query. 

Name EONQuery Rank ET_pb ET_coul 
6Me_AMP AMP 2 0.644  0.650  
2Cl_AMP AMP 5 0.636  0.647  
ZMP AMP 8 0.626  0.643  
6Cl_PuMP AMP 10 0.625  0.643  
2MeS_AMP AMP 11 0.624  0.637  
AMPS AMP 14 0.617  0.634  
ADP AMP 17 0.592  0.612  
ATP AMP 23 0.553  0.577  
Ara-ATP AMP 343 -0.007 -0.002 
cAMP AMP 357 -0.008 -0.006 
AICAR AMP 384 -0.011 -0.006 

Table 5.2.7: The table shows the results from EON when using 
the ROCS-result from AMP bound to 1DEL as input. 
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The following result (table 5.2.10) comes from using EON on the output from ROCS 
(1012-set) with AMP bound to 1FA9. The mono-phosphates are ranked high with 
good electric tanimotos. GTP is excluded from the result list due to poor score (>500). 

 

 

 

Table 5.2.11 and 5.2.12 shows the results from the EON-screen using the ROCS 
output from the hypothetical AMP screens on the 4658-set. The mono-phosphates are 
ranked high and with very good electric tanimotos. This is really interesting since 
these are the two hypothetical conformations of AMP bound to AMPK γ. The top 2-8 
ranked compounds for both conformers have shown activity on AMPK γ. GTP are 
excluded from both result lists due to poor score (>500). 

Name EONQuery Rank ET_pb ET_coul 
6Me_AMP ADP 3 0.418  0.423  
AMPS ADP 5 0.413  0.419  
6Cl_PuMP ADP 7 0.412  0.418  
2Cl_AMP ADP 8 0.411  0.420  
2MeS_AMP ADP 11 0.408  0.415  
ZMP ADP 12 0.408  0.418  
ADP ADP 14 0.401  0.412  
ATP ADP 19 0.379  0.392  
GTP ADP 276 -0.001 -0.001 
Ara-ATP ADP 411 -0.008 -0.003 
AICAR ADP 443 -0.019 -0.012 

Table 5.2.9: The results when using EON on the output from 
the ROCS-screen with ADP bound to 1DAD as query to ROCS. 

Name EONQuery Rank ET_pb ET_coul 
ZMP AMP 2 0.654  0.657  
2Cl_AMP AMP 3 0.654  0.654  
6Cl_PuMP AMP 4 0.648  0.652  
6Me_AMP AMP 6 0.646  0.651  
2MeS_AMP AMP 8 0.639  0.646  
AMPS AMP 10 0.634  0.644  
ADP AMP 16 0.605  0.617  
ATP AMP 21 0.565  0.588  
cAMP AMP 307 -0.005 -0.004 
Ara-ATP AMP 341 -0.007 -0.004 
AICAR AMP 446 -0.019 -0.012 

Table 5.2.10: The table shows the results from EON when 
using the ROCS-screen results from AMP bound to 1FA9 as 
input. 
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The general conclusion of the results from all the EON-screen is that it appears as if 
EON is really sensitive to the conformation of the query with respect to the 
conformations of the compounds in the database. This is not surprising, but it is 
important to be aware of it when using EON. 

5.3 FRED as a screening tool 

The performance of FRED with respect to ranking any of the markers high in the list 
was poor. The highest ranking for all the ten complexes was found in the results from 
1DAD where FRED (Chemgauss) ranked ATP on 28th place. The results when using 
a larger and a smaller docking box are shown in table 5.3.1 and table 5.3.2 
respectively. When studying the segments between all the markers from the test with 
a larger docking box it was clear that two scoring functions produced a tighter 
segment (shown in bold and italics in the table) for several of the targets. However, 
this could not be seen when using a smaller docking box. Two complexes were 
excluded from further tests with the larger docking box since they only had a tighter 
segment for one scoring function. 

Name EONQuery Rank ET_pb ET_coul 
2Cl_AMP AMP 1 0.982  0.992  
6Me_AMP AMP 2 0.973  0.988  
6Cl_PuMP AMP 3 0.965  0.987  
ZMP AMP 4 0.959  0.980  
AMPS AMP 5 0.953  0.978  
2MeS_AMP AMP 6 0.946  0.974  
ADP AMP 7 0.907  0.931  
ATP AMP 8 0.807  0.868  
Ara-ATP AMP 34 0.042  0.019  
AICAR AMP 55 0.031  0.007  

Table 5.2.11: Results from the EON-screen on the output from 
ROCS on the 4658-set using one of the two hypothetical AMP 
conformers. 

Name EONQuery Rank ET_pb ET_coul 
2Cl_AMP AMP 1 0.970  0.985  
6Me_AMP AMP 2 0.961  0.975  
6Cl_PuMP AMP 3 0.957  0.973  
ZMP AMP 4 0.955  0.977  
AMPS AMP 5 0.931  0.961  
2MeS_AMP AMP 6 0.930  0.961  
ADP AMP 7 0.895  0.928  
ATP AMP 8 0.747  0.828  
Ara-ATP AMP 277 0.005  -0.005 
cAMP AMP 402 -0.014 -0.010 
AICAR AMP 419 -0.016 -0.012 

Table 5.2.12: Results from the EON-screen on the output from 
ROCS on the 4658-set using the second of the two hypothetical 
AMP conformers. 
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Only one scoring function produced fairly tight segments when using the smaller 
docking box and due to this it was decided to only use compounds from this segment 
and omit the intersection step in the schema. 

 

The structures from these tighter segments were treated with the schema shown in 
figure 4.3.1, i.e. the structures in the segment were extracted, treated with OMEGA 
and used as database for ROCS. The ligands corresponding to the targets in table 
5.3.1 and 5.3.2 were then used as query to ROCS. The results from this comparison 
are shown in table 5.3.3. 

Target Chemscore Chemgauss Shapegauss PLP 

1A82 566-1012 173-919 312-948 172-949 

1AD5 948-1012 271-964 264-973 969-1012 

1AMU 919-1012 137-922 285-953 563-1011 

1B0U 641-1012 52-840 67-905 734-1012 

1B62 284-1006 306-931 319-956 135-1006 

1BYQ 929-1006 314-958 341-980 975-1005 

1DAD 868-1006 28-861 137-923 700-1006 

1DEL 736-1007 88-872 137-929 920-1006 

1FA9 901-992 49-900 62-908 970-992 

12AS 461-1011 97-885 196-948 423-1002 

Table 5.3.1: The ranking segment of the inserted ’markers’. The shorter 
segments are shown in bold and italics. A larger docking box was used. 

Target Chemscore Chemgauss Shapegauss PLP 

1A82 802-979 7-724 246-927 32-715 

1AD5 745-1010 116-941 392-960 353-988 

1AMU 719-954 66-679 371-883 26-788 

1B0U 389-1012 96-808 445-976 396-980 

1B62 902-978 72-880 230-928 195-912 

1BYQ 919-1007 89-902 339-990 135-981 

1DAD 835-1007 38-786 301-953 148-976 

1DEL 648-937 68-726 185-841 250-873 

1FA9 924-961 203-874 190-891 652-923 

12AS 900-976 40-859 192-920 87-682 

Table 5.3.2: The ranking segment of the inserted ’markers’. The shorter 
spans are shown in bold and italics. A smaller docking box was used. 
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The large difference in minimum scores for some of the queries is due to a low 
number of compounds found in the intersection of the scoring function segment. The 
table shows that the schema suggested in figure 4.3.1 is no better than a random 
selection and thus rejects the hypotheses that the segment/intersection method would 
be advantageous, at least for these complexes.  

5.4 FRED re-generation of binding modes 

The ability of FRED to re-generate the mode of the bound ligand in the crystallized 
complexes was tested. Two different sizes of docking boxes were used and the results 
when using the smaller of the two boxes are shown in figure 5.4.1.  

Query 
complex 

Top 10 
average 

Segment 
average* 

Top 10 
max/min 

Segment 
max/min* 

Random top 10 
average 

Large docking box 

1AD5 0.792 0.612 0.919/0.759 0.705/0.524 0.736 

1BYQ 0.821 0.636 0.910/0.791 0.675/0.596 0.764 

1DAD 0.818 0.752 0.867/0.797 0.780/0.724 0.768 

1DEL 0.874 0.749 0.936/0.826 0.807/0.717 0.795 

1FA9 0.865 0.635 0.898/0.829 0.704/0.561 0.789 

 

Small docking box 

1A82 0.775 0.729 0.821/0.755 0.734/0.714 0.730 

1AD5 0.792 0.744 0.919/0.759 0.772/0.729 0.736 

1AMU 0.868 0.812 0.927/0.825 0.829/0.802 0.800 

1B62 0.819 0.734 0.923/0.793 0.753/0.723 0.776 

1BYQ 0.821 0.744 0.910/0.791 0.786/0.725 0.764 

1DAD 0.818 0.771 0.867/0.797 0.790/0.756 0.768 

1FA9 0.865 0.757 0.898/0.829 0.808/0.726 0.789 

12AS 0.888 0.792 0.944/0.826 0.808/0.779 0.792 

* excluding ‘markers’ 

Table 5.3.3: The segment column shows the results when using ROCS on the compounds 
found using the proposed schema from figure 4.3.1. The top ten columns are from when 
running ROCS only. All numbers are ShapeTanimoto scores. The data shows that the top ten 
average score using the segment approach is no better than a random averge score and that 
it is best to use ROCS for compound screens. 
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As shown in figure 5.4.1, none of the scoring functions manage to generate perfect 
result, i.e. RMSD of ranking i always ≤ RMSD of ranking i+1. Only in a few cases 
are the best dockings also ranked best, i.e. ranked first with lowest RMSD (data not 
shown). The ideal result would be that all good dockings (RMSD < 2) were ranked in 
top and then with increasing ranking corresponding to increasing RMSD. It is clear 
that the scoring functions are the weak spots in the docking process since the results 
presented in figure 5.4.2 shows that FRED’s docking algorithm can achive good 
results when it comes to finding conformers with low RMSD. If the RMSD of the 
conformer was ~0Å, then FRED successfully docked 50% of the test cases at ~2Å or 
better. A docking with RMSD <2Å is usually considered a high quality docking. The 
average RMSD of the conformers chosen by FRED was 1.48Å and the average 
docked RMSD was 4.84Å. The poor results presented in figure 5.4.1 are most likely 
caused by the scoring functions failure to rank the dockings generated by FRED in an 
ideal way. 
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Figure 5.4.1: A plot of the average RMSD over all 10 complexes as generated by the 
FREDA2 analysis program. The average RMSD are shown for each position in the 
ranking list. A perfect docking would be on first place with RMSD=0Å. 
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The ranking and RMSD results from FRED’s ability to re-generate bound ligands 
using a larger docking box are shown in figure 5.4.3. It can be seen in the plot by 
comparing with figure 5.4.1 that the larger box results in worse RMSD’s than when 
using a smaller docking box.  
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Figure 5.4.2: A plot of the docking results from FRED prior to ranking with scoring 
functions. 
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Figure 5.4.3: A plot of the average RMSD over all 10 complexes as generated by the 
FREDA2 analysis program. The average RMSD are shown for each position in the 
ranking list. A perfect docking would be on first place with RMSD=0Å. 
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Figure 5.4.4 shows the docking results before applying scoring functions and using a 
larger docking box. As seen in the plot when comparing to figure 5.4.2, the 
performance degrades with a larger box. The average RMSD of the conformers was 
1.73Å and 6.23Å for the dockings. Among the conformers with a RMSD of ~0Å, 
FRED was able to dock ~20% at ~2Å or better. The size of the docking box is most 
likely system dependent and it is wise to use the FREDA2 program to investigate the 
correct parameter settings for that specific system. By using such an approach it 
should be possible to find an optimal box size, scoring function etc. for the system 
under investigation. 

 

The support personel at OpenEye suggested that the coordinates of the bound ligand 
could be used as a docking ‘box’ together with an optional parameter in FRED which 
controls the allowed deviation distance from the docking box. This was not tested on 
a larger scale but the results for the few tests performed were worse than with the 
traditional docking box. 
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Figure 5.4.4: A plot of the docking results from FRED prior to ranking with scoring 
functions and using a larger docking box. 
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6. Discussion 
This work has shown that it is possible to detect and compounds with similar shape 
and electrostatics to a query using ROCS and EON. The work has also shown that 
ROCS is capable to distinguish between very similar compounds such as ADP and 
ATP. It is however important to remember that this does not mean that compounds 
with for example large shape similarity show biological activity in the system in 
question. Even though there are small differences in shape it might be that these 
differences affect the binding properties to large extent. It might for example be the 
case that a hydrogen donor or charged group in one compound is a hydrogen acceptor 
or neutral group in another compound. Thus, for a screen to be as successful as 
possible it is important to consider these issues. This also means that it is possible that 
interesting compounds are to be found lower in the ranking lists from screening 
methods, i.e. being false negatives. These issues are difficult to handle and the best 
approach is probably to use several different methods together with expert knowledge 
about the system being studied and the features that are important with respect to 
function of that system. Several factors are important for good results, such as: high 
quality target structures; known binding mode; factors influencing the binding 
(specific important molecules or atoms such as a water or metal) and ideas of any 
conformational changes caused by binding or releasing of the ligand. Since time is a 
factor it is also important with high quality datasets, preferably pre-filtered and 
diverse with respect to chemical space. It is also important to use good starting 
conformations of the query when generating multiple conformations for later use with 
ROCS. This would maximize the chances of finding relevant compounds with respect 
to shape since two different hits with similar scores might be different at the most 
important places in the compounds. In this work, the bound conformations of the 
ligands were used as starting conformations and this is likely to have influenced the 
ROCS results in a positive way. Another factor when dealing with these methods is 
the one of parameter settings. This issue has not been investigated here but is 
probably very important for obtaining maximum performance. It is however unlikely 
that one type of settings is equally successful for any given system and thus, expert 
knowledge of both the method and the biological system is needed. The results from 
EON are a bit surprising. It was expected that EON should resort and improve the 
output from ROCS. The electric tanimoto obtained for most of the ‘markers’ were 
however fairly low, with the exception of the test using hypothetical conformations of 
AMP. One explanation for this could be that the conformation of the ‘markers’ are 
close to the hypothetical AMP conformer. All of these conformers, including AMP, 
originate from different docking tests on homology models and thus, have more 
similar 3D representation. This indicates that EON is very sensitive to small 
differences in conformations and the best, but not always feasible, solution would be a 
larger, preferably exhaustive, conformation sample. 

It was interesting to see that the time requirements for multiconformer queries with 
ROCS could be lowered by using a combination of single conformers and multi- 
conformers. The savings are substantial with equal or improved results and it would 
be really useful to see if this holds true in a larger test. This approach should be 
esspecially useful in a large screening situation where there is no knowledge about the 
binding mode and a full multiconformer search is too expensive with respect to time. 
It might be feasible to do full multiconformer screens with a small compound such as 
AMP, but the numbers of conformers increase quickly with more rotatable bonds. As 
an example, AMP has ~30 conformers while ATP has ~400 conformers in the tests 
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performed here so it is not hard to realise the benefits when working with larger 
ligands. This observation has to the best of my knowledge not published anywhere. 

The docking studies clearly showed that the scoring functions are the Akilles heal of 
this (and other) docking method(s). FRED was fairly successful at the docking phase 
but its scoring functions failed to pick out the best docked structures. As the plots 
show (figure 5.4.1-5.4.2), the RMSD of the ranked dockings are scattered with respect 
to the rankings. Ideally, there should be an increased RMSD for each increased 
ranking. The best way to deal with this is probably to test several of the scoring 
functions with FREDA2 and choose one that performs well on the current system. 
Later on, when performing the real docking, a low (~10-15) number of alternate 
docking results output should be chosen and studied carefully. With expert knowledge 
of the current system, it should be possible to pick out the best docked structures 
irrespective of the internal ranking among alternate poses. The results from this study 
support the findings by Kellenberger et al. (2004), FRED still has problems with 
small polar ligands. 

The hypothesis that it might be useful to examine the segment intersection from 
different scoring functions did not appear to be true, at least not in the case of small 
ligands. It is possible that the approach could be more successful for a larger ligand 
since the binding site most likely is very specific. As far as the docking method 
knows, the small ‘markers’ used here could potentially bind in many different ways to 
the target while a larger ligand probably would have fewer possible poses. This 
remains to be examined however. There is still a possibility that the method is 
successful in capturing important features other than shape but that remains to be 
examined. 
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7. Conclusions and future work 
This work shows that ROCS and EON can make contributions to drug discovery 
projects and that FRED can aid in the explanation of how different hits from virtual 
ligand screens might affect the target. It is however shown, especially for FRED, that 
in order to be successful with docking, good quality structures are needed together 
with expert knowledge regarding binding modes etc. It has also been shown that 
alternate binding poses need to be examined since the scoring functions in FRED 
often fail to pick up the best poses. It has also been shown that it is possible to reduce 
the time requirements for multiconformer queries with ROCS. The hypothesis 
regarding intersection of segments in the output from FRED could be rejected, at least 
for the system used here. 

There are several subjects that need to be examined further. The issue of parameter 
settings is likely to have a large impact on the results and on top of this; the settings 
are probably dependent upon the type of biological system. A study of the effect of 
parameter settings on different types of biological systems would be useful since it is 
not likely that one ideal set of settings are optimal for all possible biological systems. 
The complexity reduction schema for ROCS needs a more thorough test, preferably 
on different kinds of compounds, i.e. large/small ligands etc. The performance of 
EON could also be tested with respect to conformer sensitivity since this appears to 
have a large effect on the result. It would be interesting to see if the 
intersection/segment approach performs better on other types of compounds and 
binding sites. It is also possible that this approach captures other features than shape 
and this could be examined by for example binding and activity experiments. 
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