
ACTA
UNIVERSITATIS

UPSALIENSIS
UPPSALA

2017

Digital Comprehensive Summaries of Uppsala Dissertations
from the Faculty of Pharmacy 235

Computational Modelling in Drug
Discovery

Application of Structure-Based Drug Design,
Conformal Prediction and Evaluation of Virtual
Screening

MARTIN LINDH

ISSN 1651-6192
ISBN 978-91-513-0049-8
urn:nbn:se:uu:diva-328505



Dissertation presented at Uppsala University to be publicly examined in B/B42, Husargatan 3,
Uppsala, Friday, 13 October 2017 at 09:00 for the degree of Doctor of Philosophy (Faculty of
Pharmacy). The examination will be conducted in English. Faculty examiner: Professor Antti
Poso.

Abstract
Lindh, M. 2017. Computational Modelling in Drug Discovery. Application of Structure-
Based Drug Design, Conformal Prediction and Evaluation of Virtual Screening. Digital
Comprehensive Summaries of Uppsala Dissertations from the Faculty of Pharmacy 235.
47 pp. Uppsala: Acta Universitatis Upsaliensis. ISBN 978-91-513-0049-8.

Structure-based drug design and virtual screening are areas of computational medicinal
chemistry that use 3D models of target proteins. It is important to develop better methods in this
field with the aim of increasing the speed and quality of early stage drug discovery.

The first part of this thesis focuses on the application of structure-based drug design in the
search for inhibitors for the protein 1-deoxy-D-xylulose-5-phosphate reductoisomerase (DXR),
one of the enzymes in the DOXP/MEP synthetic pathway. This pathway is found in many
bacteria (such as Mycobacterium tuberculosis) and in the parasite Plasmodium falciparum.

In order to evaluate and improve current virtual screening methods, a benchmarking
data set was constructed using publically available high-throughput screening data. The
exercise highlighted a number of problems with current data sets as well as with the use of
publically available high-throughput screening data. We hope this work will help guide further
development of well designed benchmarking data sets for virtual screening methods.

Conformal prediction is a new method in the computer-aided drug design toolbox that gives
the prediction range at a specified level of confidence for each compound. To demonstrate the
versatility and applicability of this method we derived models of skin permeability using two
different machine learning methods; random forest and support vector machines.

Keywords: drug discovery, docking, virtual screening, tuberculosis, conformal prediction

Martin Lindh, Department of Medicinal Chemistry, Organic Pharmaceutical Chemistry, Box
574, Uppsala University, SE-75123 Uppsala, Sweden.

© Martin Lindh 2017

ISSN 1651-6192
ISBN 978-91-513-0049-8
urn:nbn:se:uu:diva-328505 (http://urn.kb.se/resolve?urn=urn:nbn:se:uu:diva-328505)



This makes the rational design of new inhibitors of DXR difficult at best1

Mercklé et al. 2005
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AA amino acid
ACP aggregated conformal prediction 
ASP  aspartic acid 
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DEKOIS demanding evaluation kits for objective in silico 
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DMAPP  dimethylallyl diphosphate 
DOXP 1-deoxy-D-xylulose-5-phosphate
DUD  directory of useful decoys
DUD-E directory of useful decoys - enhanced
DXP 1-deoxy-D-xylulose-5-phosphate
DXR  1-deoxy-D-xylulose-5-phosphate reductoisomer-

ase
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HTS high-throughput screening
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MtDXR DXR from Mtb
MD molecular dynamics
MIC minimum inhibitory concentration
MM molecular mechanics
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Introduction 

Three Projects Utilising Computational Techniques 
Within Early Drug Development  
In this thesis, there is first a brief introduction for people unfamiliar with the 
field and then a presentation of three projects related to early drug discovery 
for which computational methodology was used. Papers I-III concern an early 
drug discovery project that focused on the protein target 1-deoxy-D-xylulose-
5-phosphate reductoisomerase (DXR). Paper IV concerns an investigation 
into the use of high-throughput screening (HTS) for benchmarking virtual 
screening (VS) techniques. Paper V discusses an example of aggregated con-
formal prediction (ACP) when applied to predictions of skin permeability. In 
the description of these projects, I will focus on the aspects I find most 
noteworthy and when possible avoid duplication of details found in the arti-
cles. 
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Proteins as Targets for Medicinal Chemistry 
The lock and key model is often used in textbooks to describe drug action. In 
this analogy, a protein (receptor) is described as a lock with a particular shape. 
The small compound (ligand) acting on the target protein is seen as a key that 
binds to the complementary shape and unlocks the desired response. Follow-
ing the unlocking of the protein, a signal is transmitted leading to a biological 
response that affects the disease or the symptom that the drug was intended to 
treat (Figure 1).  

 
 

 
Figure 1. The lock and key analogy. Drug A binds to the receptor while molecule B 
cannot. 

 
Three-dimensional (3D) models of proteins can be created using X-ray crys-
tallography or nuclear magnetic resonance (NMR) spectroscopy. These 3D 
models describe the positions of the atoms that make up the protein and con-
form well to the lock and key analogy of drug action. In the protein data bank 
(PDB) there are numerous examples of proteins with and without the relevant 
ligand.2  

It has long been known that shape complementarity is only one aspect of 
drug-protein interactions. Intermolecular forces between the ligand and 
the protein contribute to the strength of the interaction. These forces can be 
described in terms of the change in enthalpy (ΔH). One example of this type 
of interaction is the hydrogen bond. A well positioned O-H…O hydrogen bond 
has been determined to bind at about 21 kJ/mol.3 However, many hydrogen 
bonds do not contribute much to the binding strength as the energy value is 
set relative to a situation where there is no bonding. Many, if not most, ligand-
protein hydrogen bonds replace hydrogen bonds that are already present 
between the protein and water. It is, therefore, important to incorporate the 
surrounding environment (usually solvent water) in models of drug-protein 
interaction. Another well-known oversight in the simplified lock and key 
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model is that atoms in both the protein and the ligand are constantly moving. 
The importance of movement is commonly quantified in terms of entropy. In 
water, small compounds (ligands) move around quickly without much re-
striction. When binding to a macromolecule such as a protein, the compound's 
movement will become more restricted, the number of possible states will de-
crease, and the entropy of the system will be lower. On the other hand, a bind-
ing event (when a ligand is bound to a protein) often releases water molecules 
that were bound to the protein, which might increase their movement and thus 
increase the entropy of the system.  

The combination of enthalpy and entropy is what drives events to occur. 
This was elegantly formulated by Willard Gibbs in the 1870s. Gibbs' free en-
ergy, a variable set up to evaluate whether a reaction or event occurs sponta-
neously, is described for constant temperatures in Equation 1. The link be-
tween Gibbs' free energy and inhibition is described by Equation 2. The inhi-
bition constant (Ki) is often used in the experimental evaluation of the strength 
of ligand protein binding. The relationship between the change in Gibbs' free 
energy (∆G) and the inhibition constant is expressed in Equation 2.   
 ΔG	 = 	ΔH	 − 	T × ΔS 
 
Equation 1. Gibbs' free energy, where ∆H is the change in enthalpy, T is the 
temperature in Kelvin, and ∆S is the change in entropy.  

 = 	 	̂( /( )) 
 

Equation 2. The relationship between the change in Gibbs' free energy and 
the inhibition constant.  
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Methods used in Structure-Based Drug Design  
Ligand-protein binding is a complex subject. The systems in question can, 
however, be quite accurately described at an atomic level. It is possible to 
describe a protein-ligand system in terms of the atoms involved and also, with 
a certain degree of precision, to determine their relative positions in space. 
With experimental techniques such as X-ray crystallography, coordinate val-
ues can be determined for the atoms in a protein and its surroundings. The 
covalent bonds between the atoms can be estimated with a high degree of cer-
tainty based on the distance between the atoms. We can also describe such a 
system using quantum mechanical equations. I believe it is reasonable to 
assume that if we had the mathematical tools and the computational power to 
solve these equations we could perform simulations using quantum dynamics 
to describe the system with such accuracy that the early stages of drug 
discovery would be a simple task. Such calculations are, however, far out of 
the reach of our current tools. QM calculations are used in modern drug 
discovery but are limited to smaller systems. 

In order to run calculations and simulations of more complex systems, at-
oms are instead described as moving in accordance with Newtonian laws. In 
molecular mechanics (MM) the energy of a molecule (or set of molecules) is 
described by a force field. In one analogy of MM, atoms are described as 
spheres connected by springs. The force constants are empirical parameters 
that are typically derived from physical measurements or QM calculations. In 
most of the calculations I have used the OPLS 2005 force field. This series of 
force fields has been gradually developed since 1988.4 Interactions mediated 
by covalent bonds are described by equations for stretching motions, angular 
bending and torsional rotation. For nonbonded interactions, van der Waals in-
teractions are often described using Lennard-Jones potentials, whereas Cou-
lomb energy describes the electrostatic component of the interaction.5  

In molecular dynamics (MD) simulations, the time evaluation in a system 
is analysed using a force field-based simulation. The force fields used in MM 
calculations are also used in MD. The movement of both the protein and the 
ligand are often important factors in a binding event.  

There are also combined methods such as QM-MM, where different parts 
of a system are described with various levels of accuracy. In general, the com-
putational cost of carrying out QM calculations is large, which can lead com-
putational chemists to set limits on the investigated system that are as strict as 
possible.  
  



 17

Virtual Screening 
Traditionally VS has been used to screen, for example, a company’s proprie-
tary compound collection with the aim of selecting which compounds to test 
for biological and/or biochemical activity.5 The focus has been to include as 
many active compounds as possible among those selected for testing.  

There are in principle three categories of VS methods. Ligand-based virtual 
screening (LBVS), which relies on the activity data of one or more known 
compounds; structure-based virtual screening (SBVS), which uses structural 
target data; and combined methods utilising data derived from both ligands 
and target structure. 

Ligand-Based Virtual Screening  
LBVS relies on the similarity principle; i.e. that structurally similar chemical 
compounds often have similar biological effects.3 An often cited approxima-
tion is that 30 % of compounds with a daylight fingerprint similarity of above 
0.85 will be active if the query molecule is active.6 LBVS is a useful tool, but 
LBVS methods have limitations regarding the novelty and diversity of the hits 
identified. 

LBVS techniques can be divided into 1D-, 2D- and 3D-based techniques. 
A 1D-based technique would be to use descriptors such as size (molecular 
weight), lipophilicity (logP) or charge. A 2D-based technique uses the con-
nection table representation of a molecule. Fingerprint-based similarities 
based on the Tanimoto Index are often used.7 3D techniques use the three-
dimensional shape of the ligand, often as it is bound to the target, with the aid, 
for example, of ROCS software which uses Gaussian functions centred on the 
atoms to describe the shape of the molecule.8 Another widely used LBVS-
technique is based on pharmacophore models. A pharmacophore model can 
be built from a set of active and if available inactive ligands.  

Structure-Based Virtual Screening  
In SBVS different types of information about the target (often a protein) are 
used. Techniques such as pharmacophores or interaction fingerprints can be 
based on target information, but the main technique is docking. Docking can 
be defined as predicting the bioactive conformation of a molecule in the bind-
ing site of a target structure.9 This could be likened to finding the minimum 
free energy of a protein-ligand system.   

Docking involves the placement of a compound or ligand within the protein 
and scoring this position or pose according to the change in energy. There are 
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many ways to construct docking algorithms. Two aspects that may not always 
be applicable but are nonetheless useful are pose generation and scoring. 

In the pose generation step, the ligand is placed in close contact with the 
protein. In the first docking program to be developed (DOCK), both the ligand 
and protein were treated as rigid entities.10 The pose generation part of the 
virtual screening process then aimed to position the ligand within the protein 
without overlapping with the protein atoms.  

The various scoring systems are used to estimate favourable interactions 
between the positioned ligand and the protein. The scoring methods often use 
a simplified view of the problem, disregarding many levels of complexity. 
Scoring is ultimately an attempt to estimate the change in free energy that 
occurs with ligand-protein binding. There are three common types of scoring: 
force field-based (i.e. based on interatomic potentials), empirical and 
knowledge-based.5 The docking calculations presented in this thesis have 
mostly been performed using Glide software.11  

The results of docking investigations are often presented as a long list of 
compounds with different scores. These are usually sorted with the best score 
(an approximation of the largest negative change in free energy) at the top. 
When docking is used as a VS technique, both active and inactive compounds 
are scored. In most cases, compounds from both categories will be given 
favourable scores. An example of the distribution of scores among active and 
inactive compounds can be seen in Figure 2. Active compounds, in general, 
are more favourably scored (green curve), but there is significant overlap 
between the two groups.  
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Figure 2. An example of docking results using Glide software. Low scores are  
favourable. Blue represents inactive compounds. Green represents active  
compounds. 90 000 compounds were screened against soluble epoxide hydrolase. 
Both active and inactive results have been normalised against the total number of 
compounds in each category. 

The Virtual Screening Funnel 
In a VS funnel, computationally inexpensive methods, often ligand based ap-
proaches such as similarity search and pharmacophore screening, are used 
during the initial steps. Methods demanding comparatively high computa-
tional resources such as molecular docking and molecular dynamics (MD) 
simulation are used once the number of compounds to be screened decreases 
to a reasonable number. The final step in many campaigns includes the visual 
selection of compounds for testing.12  

Virtual screening campaigns can be performed utilizing information about 
both the target and known actives. This can be done either by methods 
incorporating both kinds of data or by sequentially using different methods. 
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Computer-Aided Drug Design and Discovery 
(Papers I, II, III)  

Rational Approaches to Pathogen Inhibitor Design 
(RAPID)  
RAPID was a collaboration project between various departments at Uppsala 
University. The project involved scientists from research groups working with 
medicinal chemistry, computational chemistry, biochemistry and structural bi-
ology. The goal was to contribute to the early development of new drugs 
against some of the most serious diseases afflicting humanity, in particular, 
tuberculosis (TB).  

TB is one of the major illnesses plaguing our world. WHO estimates that 
about 1.8 million people died from the disease in 2015.13 It is a disease of 
poverty, overcrowding and unhygienic conditions and, as the incidence of 
these circumstances has declined, so has the incidence of TB. Existing drugs 
and vaccines have also helped to relieve some of the suffering and lower the 
mortality rate associated with the disease. The current standard treatment is a 
6-month course of four antimicrobial drugs. These drugs are, however, not 
always effective. About half a million people are estimated to have developed 
multidrug-resistant TB. Consequently, there is an urgent need for new drugs 
which can treat drug-resistant TB. 

The DOXP/MEP Pathway and Isoprenoid Biosynthesis 
Isoprenoids such as carotenoids, ubiquinone and steroid hormones are essen-
tial components of many if not all living organisms.14 Isopentenyl diphosphate 
(IPP) and dimethylallyl diphosphate (DMAPP) are two important intermedi-
ates in the biosynthesis of these and other isoprenoids. In humans they are 
produced through the mevalonate pathway. In many bacteria (such as Myco-
bacterium tuberculosis [Mtb]) and parasites, the production of IPP and 
DMAPP is facilitated through the DOXP/MEP pathway, which is also called 
the non-mevalonate pathway. This indicates that enzymes very similar to 
those used in the bacterial pathway are unlikely to also exist in humans and 
that inhibitors of these enzymes may have a lower risk of causing selectivity 
problems and adverse effects. 
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The enzymes in this pathway are essential for bacteria such as Mtb and 
apicomplexan protozoa such as the malaria parasite Plasmodium falciparum.15 
It is, therefore, possible that these proteins could be useful targets for the 
development of new anti-infective drugs.16  

1-Deoxy-D-Xylulose-5-Phosphate Reductoisomerase
(DXR)
DXR is the second enzyme in the DOXP/MEP pathway. Alternative names 
for the enzyme are IspC, DXS, and Rv2682c. This enzyme catalyses the con-
version of 1-deoxy-D-xylulose-5-phosphate (DXP) to 2C-methyl-D-erythritol 
4-phosphate (MEP) using nicotinamide-adenine dinucleotide phosphate
(NADPH) as a cofactor, see figure 3.

Figure 3. The reaction catalysed by DXR. 

DXR is a medium-sized globular enzyme (containing about 400 amino acids 
(AAs), with a molecular weight of 43 kDa for each chain). The annotation is 
from the Mtb DXR (MtDXR) crystal structure denoted as 4AIC in the PDB. 
A metal chelating site is set up by the GLU153, GLU222 and ASP151 AAs, 
which probably bind a magnesium (Mg), or perhaps (less likely) a manganese 
(Mn) ion with a 2+ charge in vivo. On one side of the metal is a binding site 
for NADPH. The binding site for DXP is on the other side. There is a 12 AA 
chain consisting of AAs 198-209 which forms a flexible loop, flap or lid over 
the binding site of DXP. TRP203 from the loop interacts with DXP (or MEP) 
when it is bound. This lid can exist in open or closed conformations in differ-
ent crystal structures of the protein.1  

Fosmidomycin – a known DXR inhibitor 
Fosmidomycin is a natural product isolated from Streptomyces lavendulae and 
Streptomyces rubellomurinus, respectively, in 1980.17 In 1989, fosmidomycin 
was shown to inhibit Escherichia coli DXR18 and the DOXP/MEP pathway.19 
The compound is a substrate (DXP) analogue with a different metal chelating 
moiety (a retro hydroxamic acid) from that in DXP (Figure 4). 
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  1     2 

Figure 4. Fosmidomycin (1) and FR900098 (2). 

Fosmidomycin has an effect against malaria, both in in vitro studies against 
P. falciparum DXR (PfDXR) and against the parasite in humans.20

The first IC50 value for fosmidomycin against MtDXR to be reported was
310 nM (Dhiman 2005).21 In our assay, the IC50 value was 80 nM (Paper I). 
However, although fosmidomycin inhibits MtDXR, it does not have antibac-
terial activity against Mtb. It has been suggested that the reason for this is that 
the compound does not enter across the membrane into the bacterium in suf-
ficient concentrations, possibly because Mtb lacks the glycerol 3-phosphate 
transporter that is present in many other bacteria.22 

Targeting MtDXR with Fosmidomycin Analogues  
At the outset of our DXR project, a number of DXR inhibitors were known in 
the literature. A summary of this situation can be found in a paper by Silber et 
al.23 Most data on DXR activity, as presented in that publication, were 
acquired from assays conducted with either E. coli DXR or PfDXR. It was, 
therefore, important to investigate whether compounds reported to be active 
against DXR from other species were also active against MtDXR. We 
therefore resynthesized a few of the published active compounds and 
reevaluated them on MtDXR. Since the work presented in this thesis was ini-
tiated a number of publications have appeared presenting many different DXR 
inhibitors, but unfortunately very few of those have displayed whole cell ac-
tivity. Much of the work leading up to the current understanding of the SAR 
of these inhibitors have been thoroughly reviewed (see for example refs 
Hirsch, Dowd).24,25 Today there are over 250 DXR inhibitors in the Binding 
Database (accessed August 2017).26  

In short, modifications of fosmidomycin can be described as being made to 
the hydroxamic acid part, the phosphonate part or the carbon linker. In the 
present thesis we have worked along all these three strategies; a) substitution 
of the phosphonate for bioisosteres (paper II) and preparation of phosphate 
esters (paper II); b) preparation of Cα-substituted analogues (paper I) and c) 
preparation of hydroxamate bioisosteres (paper II) and acyl substituted ana-
logues (paper III). 
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 3 
Figure 5. The structure of a 3,4-dichlorophenyl-substituted fosmidomycin analogue, 
compound 3.  

In paper I, a 3,4-dichlorophenyl-substituted fosmidomycin analogue, see Fig-
ure 5, which had been shown by Haemers et al. to have E. coli DXR activity, 
was synthesised and cocrystallized with MtDXR.27 A set of similar 
compounds was synthesised to evaluate whether a nearby hydrated pocket 
could be used to improve binding. For synthetic reasons, we chose to base our 
investigation on compound 14 (Table 1), the unsubstituted phenyl derivative 
of compound 3.  

It was suggested that we use a Suzuki reaction with boronic acids to attach 
substituents in the ortho position of the phenyl ring of compound 14. This kind 
of chemistry would allow relatively late differentiation and could be an effec-
tive strategy for synthesis. The structures of the boronic acids were obtained 
from the chemical supplier Sigma-Aldrich. Using Legion software,28 the bo-
ronic acids were connected virtually to compound 14 in the ortho position of 
the phenyl ring. The resulting 441 virtual compounds were docked (using 
Glide software) to the crystal structure of MtDXR, which had been 
cocrystallized with Mn2+, NADPH and compound 3.  

Redocking of compound 3 was successful, with a root-mean-square devia-
tion of the atomic positions of 0.33 Å, see Figure 6. The docking results for 
the 441 compounds indicated that many of the compounds were too large. A 
set of aliphatic substituents was also rejected, for synthetic reasons. After this 
process, only two compounds remained; they had a pyridine substituent (7) 
and a thiophene substituent (9). In the enzymatic assay of MtDXR, these two 
compounds resulted in 20 % and 30 % inhibition at 100 µM. Two possible 
reasons for their weak activity were that it was energetically unfavourable to 
disturb the network of water molecules in the cavity and that the rather rigid 
nature of the compounds resulted in steric clashes with the protein. 
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Figure 6. Crystal structure of MtDXR with 
compound 3 and NADPH, displaying the hy-
drated cavity. The protein surface is shown in 
blue, compound 3 is purple, the four water 
molecules in the hydrated cavity are red, 
Mn2+ is black, and the nicotinamide moiety of 
the NADPH cofactor is green.  
 

 
 

 
A set of analogues with smaller, hydrophilic substituents was then docked. Of 
these, compounds 6, 10 and 13 were synthesised. However, none of these 
compounds displayed activity above 100 µM, illustrating the difficulties of 
identifying the correct substituent for reaching into the hydrated cavity.  

Four additional compounds (5, 11, 12, 15) were synthesised as they could 
be accessed from the later stages of the synthetic routes used; however, all had 
lower potency than compound 13.  

 

Table 1. Inhibition of MtDXR by α-aryl-substituted fosmidomycin 
analogues 

 

 Ar R1 R2 
% inhibition 
at 100 μM 

IC50 (µM) 

4 
 

H H 93 ± 0.2 5.6 ± 5.9 

5 
 

CH3 H 38 ± 8 210 ± 48 

6 
 

CH3 H 30 ± 11 Nt 

7  
 

CH3 H 20 ± 10 Nt 
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8 
 

CH3 Et 20 ± 5 Nt 

9 
 

CH3 H 30 ± 10 Nt 

10 
 

CH3 H 36 ± 5 465 ± 156 

11 
 

CH3 H 55 ± 6 205 ± 27 

12 
 

CH3 H 30 ± 11 Nt 

13 
 

CH3 H 35 ± 5 150 ± 47 

14 
 

CH3 H 92 ± 7 7.4 ± 2.6 

15 

 

  12 ± 6 Nt 

Nt = not tested. 
 

Monoethyl and diethyl phosphonate esters of some of the compounds were 
prepared. Their activity was much lower in the enzyme assay. The monoethyl 
ester of compound 3 had an IC50 of 38 µM, compared to 0.15 µM for com-
pound 3. Fosmidomycin analogues with larger phosphate esters have 
antimicrobial activity in whole cell assays of Mtb,29–31 which indicates that 
these modifications might improve their activity against the bacteria. None of 
the compounds described in paper I had a minimum inhibitory concentration 
(MIC) above 32 μg/ml. Previous reports had indicated that the phenylethyl 
ester 22 (Table 2) was active against Mtb,29 but the resynthesised compound 
was tested and did not display activity against the enzyme or whole cell Mtb. 

We believe the charged phosphonate group found in most fosmidomycin 
analogues could be responsible for the lack of uptake and bacterial activity. 
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This idea was the initial motivation for the project described in paper II. Re-
placing the phosphate with different bioisosteres had been tried earlier with 
compounds 16 and 17.32 A small series of novel fosmidomycin analogues in-
corporating phosphonate bioisosteres was also prepared 18, 19, 20, and 21. 
Compound 21 had an IC50 of 151 µM. The docking pose of the compound can 
be seen in Figure 7. Although the activity is modest, it is interesting because 
the compound could be a useful starting point for further investigation. One 
could imagine a set of close analogues with increased enzyme binding and 
Mtb whole-cell activity. Increased activity could be obtained by extending 
other parts of the molecule. Other interesting groups that could be used to re-
place the phosphonate is found in investigations of PTP1b inhibitors.33 

 
                                    21                                                  28 

Figure 7. Compound 21 (in blue) and 28 (in white) docked to MtDXR. MtDXR and 
NADPH are shown in green, the metal ion in purple, and hydrogen bonds in orange.  
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Table 2. Biological evaluation of fosmidomycin analogues 
Modification of the phosphonic acid part 

Chemical Structure # % inhibition IC50 (µM) 

 
2 - 0.16±0.03 

 
16 0 - 

 
17 36±14 ›100 

 
18 29±12  

 

19 0  

20 13±4  

 

21 41±1 151±22 

 
22 23±7  

Modification of the hydroxamic acid part 

 

23 8±6 

 

 

24 0 
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25 7±4 

 

 

26 11±6 

 

 

27 11±7 

 

28 61±5 53±13 

 

29 78±3 41±10 
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In Paper II, we also produced a series of fosmidomycin analogues in which 
the hydroxamic acid part of the molecule was replaced (compounds 23-29). 
Compound 26 was synthesised to follow up on a suggestion made by 
Mincheva et al.34 They showed that the compound was active in a whole-cell 
assay of Catharanthus roseus and suggested that this could be due to DXR 
inhibition. Compounds 25-27 were therefore synthesised and evaluated for 
MtDXR inhibition and Mtb whole-cell activity. Compound 26 did not show 
activity against MtDXR or on the bacteria (MIC of 256 µg/mL). 

Compounds 23, 24, 28, and 29 had different hydroxamic acid replacements. 
Compound 29, earlier described by Deng et al35 to have an E-coli DXR IC50 

of 4.5 µM, was resynthesized and had an MtDXR IC50 of 41 µM. Docking 
studies of this compound did not indicate how it would bind; it would, 
therefore, be interesting to see the compound co-crystallized with MtDXR.  

The novel compound 28 had an IC50 of 53 µM. The proposed binding mode 
is shown in Figure 7.  

 
In paper III, a set of fosmidomycin analogues (30-39) with substituents that 
extended from the hydroxamic acid group was prepared to investigate their 
activity (Table 3). The activity decreased with increased size for the smaller 
substituents: H > methyl > ethyl > cyclopropyl. This was probably due to in-
teractions with the indole ring of TRP203. Pushing the indole ring away would 
induce the lid/flap of the protein to be in a more open state. Larger substituents 
(phenyl, 3-pyridyl, 2-naphthyl, 2-furyl, benzyl) would be more likely to inter-
act with the protein with the flap/lid in the open position. For those 
compounds, IC50 values were in the 1-100 µM range. Compounds 38 and 39 
were resynthesized and evaluated on MtDXR because they had previously 
been shown to show reasonable potency on E-coli DXR and PfDXR.36 Com-
pound 30 was later shown to be a strong inhibitor of PfDXR.37 

The proposed binding modes of the compounds were predicted using Glide 
docking software using the crystal structure of MtDXR co-crystallized with 
compound 3 (PDB entry 2Y1D) and the protein flap/lid was in an open 
position. When superimposing the docking pose of 33 with the co-crystallised 
ligand 3, it was clear there would be room for a disubstituted compound with 
both rings in close contact. Building on this hypothesis compound 40 was 
synthesised, tested and co-crystallised (3ZHX, 3ZHY).  
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Table 3. Inhibition constants for fosmidomycin analogues. Literature values 
are included for comparison.  

 

 R MtDXR  
IC50 (µM) 

E. coli DXR  
IC50 (µM) 

PfDXR 
IC50 (µM) 

1 H 0.08 ± 0.02a 0.050a 0.032a 

2 Methyl 0.16 ± 0.03a 0.051a 0.018a 

30 Ethyl 27.2 ± 7.7   

31 2-furyl 48.7 ± 6.2   

32 Cyclopropyl 156 ± 68 10-4.44a  

33 Phenyl 2.0 ± 0.6 0.13a 0.061a 

34  3-pyridyl 1.6 ± 0.1   

35  

 

3.6 ± 0.5   

36  2-naphthyl 2.0 ± 0.3   

37  Benzyl 67.7 ± 23.3 13  

38  

 

>200 7.1a 3.3a 

39  

 

>200 1.0a 0.4a 

     

a Test results from the literature, see paper III for details. 
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The crystal structure of compound 40 was used to prepare a set of compounds 
(compounds 41-50 in Table 4). The docking poses of these compounds sug-
gested they would reach towards and perhaps into the binding site of the co-
factor NADPH. High concentrations of NADPH were used in the assay for 
measuring IC50 values, which would affect the IC50 measurements of any com-
pound competing with NADPH for binding. A secondary direct fluorescence 
assay was used to investigate the strength of the binding constant Kd for these 
compounds. The Kd of for example compound 48 (0.04 µM) indicated that the 
compound binds more strongly than suggested by the IC50 value (13 µM) and 
is thus more likely to interfere with the binding of NADPH. 

The region of DXR that is of interest here has shown substantial flexibility 
when binding to different ligands. For example two bisphosphonate ligands 
bound to E. coli DXR structures showed induced-fit binding.38 Docking stud-
ies were performed with some compounds, but their predictive value was es-
timated to be low. The crystal structures of compounds 45 and 48 showed 
induced-fit binding and movement of several AAs in the vicinity. In the crystal 
structures, the two compounds reached towards and into the NADPH binding 
site. However, the crystal structures of compounds 45 and 48 did not show the 
compounds chelating to the metal. The induced fit seen in the crystal struc-
tures does seem to echo the claim by Mercklé et al. that the rational design of 
new inhibitors of DXR is, at best, difficult.1 
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Table 4. Inhibition of MtDXR activity and Plasmodium growth by disubsti-
tuted fosmidomycin analogues.  

   

 R1 R2 R3 MtDXR  
IC50 

(µM) 

Kd 
with 
MnCl2 

(µM) 

P. falci-
parum 
growth in 
vitro 

IC50 (µM) 

40  H H H 0.32 
± 0.05 

0.21 0.04 

41  CH3 H H 0.83± 
0.08 

 >10 

42  CF3 H H 9 ± 8  No fit 

43  OCF3 H H 8 ± 2 0.09 >10 

44  

 

H H 7± 3  >10 

45  

 

H H 19 ± 3 0.09 >10 

46  

 

H H 21 ± 4.1  >10 

47  H 
 

H > 100  3.9 
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48  

 

H H 13 ± 3 0.04 >10 

49  H 

 

H 0.14± 
0.04 

0.17 0.39 

 

50  H H 

 

1.2 ± 
0.2 

0.20 0.19 
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Benchmarking Virtual Screening (Paper IV) 

Selecting the VS Protocol 
Scientists planning to perform VS are confronted with a broad array of possi-
ble methods to use. Choosing the methods to use, how to combine different 
methods and how to set the myriad of possible parameters is not a trivial task. 
There are plenty of examples in the literature of successful VS procedures, 
which could help in the choice. However, picking a method based on previous 
achievements does not guarantee success. VS is target-dependent and funda-
mentally based on chance and likelihoods. It should also be borne in mind that 
publication bias may play a role. Scientists do not often publish unsuccessful 
VS procedures. In addition to looking at previous prospective screenings, 
retrospective analysis is also used. 

One way of validating docking algorithms has been to dock co-crystallized 
ligands and evaluate how closely the docking pose resembles the pose of the 
co-crystallized ligand. Another way has been to assess the score for active 
compounds and make correlations between the biological activity and the 
docking score. Both these methods focus on docking and scoring of active 
compounds, ignoring the behaviour of inactive compounds in the VS protocol. 
In any random set of compounds screened for activity, the inactive compounds 
will vastly outnumber the active compounds. It is therefore more important to 
differentiate active from inactive compounds than to correctly score active 
compounds (i.e. accurately estimate the ΔG of binding).  

Benchmarking sets have been used extensively to validate, optimise and 
compare the performances of different VS techniques.39 In most cases, a set 
of known active compounds is combined with a set of random compounds 
presumed to be (mostly) inactive. Two main problems have emerged from 
these benchmarking sets: artificial enrichment and analogue bias. 

Artificial enrichment is the false enrichment of the data that can occur if 
the active and inactive compounds differ in physicochemical properties. A 
simple example: if all the active compounds are negatively charged, and none 
of the inactive compounds are negatively charged, a perfect enrichment of the 
active compounds can then be achieved using a simple descriptor based on the 
charge of the molecules.  

Analogue bias is false enrichment that occurs when the active compounds 
are too similar to each other. In many benchmarking sets, the active com-
pounds are fetched from earlier lead generation projects in which sets of 
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analogues have been synthesised. This leads to groups of similar compounds 
among the active compounds.  

Recent benchmarking data sets have compensated for these problems and 
artificial enrichment is rarely a problem, although analogue bias may still oc-
cur. The most cited benchmarking data set today is the directory of useful de-
coys (DUD) and the follow-up DUD-E.40,41 This data set contains a broad ar-
ray of targets and the data are of reasonably high quality. In my opinion, how-
ever, they still have problems associated with picking active and presumed 
inactive compounds from different sources. It is therefore unclear how well 
the results acquired using the DUD or DUD-E data set can be translated into 
guidelines for prospective VS projects. 

There are three main problems I have associated with benchmarking sets 
which use active compounds from the literature and presumed inactive com-
pounds.  

Firstly, due to analogue bias, enrichment by ligand-based methods will be 
overestimated (or artificially underestimated if methods are used to remove 
the bias). Ligand-based or combined methods are therefore difficult to evalu-
ate. The problem of a remaining analogue bias in DUD-E has recently been 
reported by Chaput et al.42 

Secondly, the ratio of active to inactive compounds is set by the researcher 
constructing the data set, and these ratios will often not represent real case VS 
scenarios. It is likely that the results will be affected by the ratio of active to 
inactive compounds and how similar and/or dissimilar they are. I believe this 
problem will be magnified when evaluating VS funnels with sequentially re-
duced sets of molecules being transferred to later stages.  

Thirdly, the VS method being evaluated may not have to deal with the kind 
of inactive compound found in a prospective VS method. There might be cer-
tain types of compounds which are especially problematic for some VS meth-
ods. For example, in my experience some docking software gives highly flex-
ible molecules high scoring values. If these compounds are not included in the 
benchmarking data set, this problem will go unnoticed.  

These and other problems provide reason for caution when trusting the re-
sults given by benchmarking data sets based on active and presumed inactive 
compounds derived from the literature.  

Benchmarking VS Using HTS-Data 
It may seem easy to set up a reliable VS-benchmarking data set. One simply 
needs to collect a (large) set of compounds, test them in a biochemical assay 
to determine which are active and which are inactive. The target protein needs 
to be crystallised, preferably with a ligand that can act as a query for LBVS. 
If a sufficient number of compounds is reliably screened against an adequate 
number of targets one would end up with a good benchmarking data set.   
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However, looking more closely at what would be required in practice, one 
would have to (arbitrarily) set an activity level. For example, a Ki of 10 µM, 
to define when a compound could be regarded as active. To make the bench-
marking set useful, one would need to attain a sufficient number of active 
compounds. If we assume that 1 in 2500 compounds is active, and that about 
300 active compounds are required for each target, about 750 000 compounds 
would need to be screened for each target. Further, in order to make the bench-
marking set attractive, many different targets would need to be investigated. 
The benchmarking set DUD-E includes 102 targets and DEKOIS 2.0 includes 
81 targets. An HTS-based benchmarking set would probably add value even 
if it is much smaller, but a large number of targets is clearly beneficial to get 
around some of the problems associated with benchmarking.  

Performing this many HTS procedures takes significant effort, and is per-
haps outside the scope of a single scientist. However, such a project is not 
particularly large when compared to scientific projects such as the Human 
Protein Atlas which has been funded by the Swedish research funding com-
munity.43,44 

Many HTS procedures are performed in industry and academia. It is, 
therefore, possible that data from these screens could be collated and used for 
benchmarking. Results from academic HTS procedures are deposited in the 
publicly available PubChem bioassay database.45 We decided to see whether 
this database could be used to extract the necessary data to create a bench-
marking data set. Paper IV deals with this investigation. 

HTS-data from PubChem have been used previously to create benchmark-
ing data sets. The Maximum Unbiased Validation data set was one such at-
tempt; it was, however, aimed at evaluating LBVS techniques.46  

Identifying HTS-Data Useful for Benchmarking VS 
In paper IV, we attempted to assemble the best HTS-data we could find and 
connect it with crystal structures binding a drug-like ligand. HTS-data were 
derived from the PubChem bioassay database, and related crystal structures 
were accessed from the PDB.45,47 Targets that had been co-crystallized with a 
drug-like ligand were used. This ligand could act as a query for LBVS and 
could be used to locate the binding site in SBVS.  

We mined the thousands of possible entries at PubChem and PDB using 
python scripts. To avoid ambiguity about the resulting targets, we initially 
only chose targets with one binding site. Different quality criteria were used 
to weed out undesirable targets. The aim of implementing the criteria was to 
obtain targets with a reasonable number of true positives and true negatives 
while reducing the risk of false positives and false negatives. The exact limits 
set for these criteria could be modified to obtain different results. It would be 
easy to argue for the use of stricter criteria than those used; however, using 
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very strict criteria could result in no targets passing the filters. The exercise 
first led to five targets. We later added two protein kinases, which had been 
sorted out since they bound cofactors. The data set then included seven targets 
with usable HTS and PDB data. 

The diversity of the active compounds in each of the seven data sets was 
assessed using Bemis-Murcko scaffolds.48 The ratio between the  number of 
scaffolds and number of actives was high indicating that analogue bias is not 
a big problem in these data sets. Analogue bias was also investigated using a 
2D similarity search, with the X-ray ligand from each data set as the template. 
The average enrichment factor (at 1 %) for 2D similarity searches using the 
seven data sets was 2.3. Active compounds were also subjected to filtration 
using the Pan Assay Interference Compounds (PAINS) filter. This exercise 
indicated that a few of the compounds that were reported as active were prob-
ably false positives. 

We also evaluated the performance of some representative VS techniques 
using the data sets: 1D using similarity/distance in simple descriptor space, 
2D similarity using fingerprints, 3D similarity using ROCS, and docking us-
ing Glide software. These results indicated some differences from the evalua-
tions reported in the most cited current benchmark data set, DUD. The overall 
performance was much lower in our data sets. I would speculate that this was 
a consequence of analogue bias in the DUD data set. In our data sets, we also 
noted that docking outperformed ligand-based methods. 

This preliminary study indicates that using HTS-data for benchmarking 
will result in substantially different results from current benchmarking data 
sets. The quality of the HTS-data employed in this study may not be good 
enough, and the number of data sets may be too few to replace the current 
benchmarking data sets. The data sets can, however, be used to complement 
the results from DUD-E, DEKIOS 2.0 and other modern benchmarking data 
sets.  

There would be great value in creating a new benchmarking data set using 
novel high quality HTS-data. This data set could be used for comparing dif-
ferent docking methods so that the results could be reliably transferred to pro-
spective VS projects. In addition, and perhaps more importantly, such a data 
set could also help the scientific community to focus on the parts of the VS 
funnel that are in most need of improvement. Additionally, such a data set 
could also be valuable for developing machine learning or applying deep 
learning approaches to VS.  
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Aggregated Conformal Prediction (Paper V) 

Conformal Prediction (CP) is a machine-learning framework that uses past 
experience to relate precise levels of confidence to new predictions. Many 
commonly used machine-learning algorithms produce point predictions, while 
conformal predictors produce prediction ranges.49 The method was presented 
in 2005 by Vladimir Vovk, Alex Gammerman and Glenn Shafer. They 
presented CP as a framework that makes it possible to hedge predictions while 
simultaneously allowing the algorithms to learn and predict. CP can be 
inductive or transductive. The transductive inference refers to methods that 
use specific (training) cases to predict specific (test) cases. This type of 
method was used in the original CP approach but is computationally 
demanding since all the calculations must be made for each new prediction. 
Inductive CP methods use training cases to formulate general rules, which are 
then applied to the test cases. Inductive CP is more computationally efficient 
and was used in paper V.  

The stringent mathematical framework that allows CP to present valid 
predictions is based on the assumption that the model is built using data that 
follow the exchangeability assumption. This assumption is standard in 
machine learning and means that new observations (compounds) behave like 
earlier observations, i.e. have the same distribution. CP is commonly applied 
to classification problems, but can also be used for regression problems, as 
was done in paper V. The framework can in principle be used with any 
machine-learning algorithm and the predictions are presented as easily 
interpretable prediction ranges. In paper V we created models using both 
random forest (RF) and support vector machine (SVM) software. In order to 
reduce the variance in the predicted ranges, we opted to perform 100 
selections of (proper) training and calibration sets (see Figure 8). This method 
has been named Aggregated Conformal Prediction (ACP).50  
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Figure 8. Conformal Prediction scheme. The scheme becomes an aggregated  
conformal prediction scheme when the split (*) into calibration and proper  
training sets is performed multiple times. kNN = k-nearest neighbours algorithm; 
RF = random forest software; SVM = support vector machine software. 

Our calculation using the CP framework is schematically presented in Figure 
8. Data were randomly split into a training set for building the model and a 
test set for evaluating the model. In addition to the training and test sets, the 
CP framework used an internal test set, called the calibration set, to evaluate 
how similar new compounds were to the compounds used to build the CP 
model. For this, the training set was randomly split into a proper training set 
(75% of the compounds) and a calibration set (25% of the compounds). A 
model was developed using the proper training set. This model was applied to 
predict the endpoint (skin permeability in our study) of the compounds in the 
calibration set. This random split can be performed many times, thus 
generating many models. The absolute errors of these predictions (compared 
to the experimental values) are used to calculate the prediction ranges of new 
compounds. In the k-nearest neighbours model, the attributes of the k 
compounds from the calibration set that is closest to the test compound in 
normalised descriptor space are used to predict the prediction range of the test 
compound. This model was used to construct the prediction ranges for the new 
compounds at the specified significance level by averaging the absolute errors 
from the neighbours of the calibration set. In our study, the CP significance 
level was set to 0.2. This means that the derived models at most showed 20% 
prediction errors, if the exchangeability criterion for the data set was fulfilled. 
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In paper V we exemplified the use of CP with models of skin permeability. 
It is easy to imagine that similar models could be built to predict many other 
parameters important in early drug discovery. CP appears to be a useful tool 
in many areas of computer-aided drug design, and can also be used to support 
VS results. 

Machine-learning algorithms can be used in combination with docking to 
increase the number of active compounds one might find. If this procedure is 
performed within a CP framework, the researcher may be able to obtain 
guidance on the number of compounds they ought to screen.51  
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 Concluding Remarks 

The aim of the DXR project, presented in papers I-III, was to find MtDXR 
inhibitors that had the potential to be developed into drugs against Mtb. In this 
project, several crystal structures of MtDXR were produced, and a number of 
novel compounds were synthesised and evaluated for enzyme activity and 
whole cell activity. Of these compounds, several inhibited the enzyme and a 
few had also encouraging activity. Some compounds were also active in an 
assay of whole-cell P. falciparum. Overall, however, the project failed from 
both a modelling perspective and a drug development perspective when the 
initial goals were considered: no new DXR inhibitors with activity against Mtb 
were prepared.  

DXR and the other enzymes in the non-mevalonate pathway continue to be 
reasonably attractive as drug targets. The results presented in this thesis and 
published by other groups have in no way exhausted the possibilities. Most 
DXR projects found in the literature have described fosmidomycin analogues. 
By the use of a prodrug strategy some phosphate esters have been prepared 
that exhibited activity on Mtb.29–31 The flexible nature of DXR does put some 
restraint on the use of computational methods in this work. Data about the 
compounds synthesised and tested in the project could be used to validate any 
future modeling efforts.   

New VS methods and variants are frequently presented in the literature. 
Validating and quantifying their performance is central to continued progress. 
A number of VS benchmarking data sets are currently available for this pur-
pose. However, there are a number of problems associated with these data sets, 
and the outcome of investigations using them may be in doubt. Their use 
seems particularly problematic when comparing different types of VS meth-
ods and VS funnels. The problems are thought to stem from the use of known 
active compounds and unknown decoys when the benchmarking data sets 
were created. 

HTS studies results in both active and inactive compounds obtained from 
a common pool. Data from HTS can, therefore, be used for VS benchmarking. 
HTS-data is however often associated with uncertainty. Paper IV presents our 
search for high quality HTS-data in the public domain. Unsurprisingly, we 
were not able to find data of sufficient quality to be able to create a reliable 
VS benchmarking data set. This was probably not because HTS cannot be 
used to acquire high quality data; it was more likely associated with the aims 
of the HTS studies. New data are needed, and a project aimed at obtaining 
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high quality HTS-data to be used for VS benchmarking would be of great 
value. 

CP is a useful, new framework that could be applied to many problems in 
computational drug discovery. In paper V we have shown how CP could work 
for models of skin permeability.  
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