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Summary 
 
The VirtualToxLab™ is an in silico tool for predicting the toxic potential (endocrine and meta-
bolic disruption; some aspects of carcinogenicity and cardiotoxicity) of drugs, chemicals and 
natural products. It is based on a automated protocol — accessible through the Internet — and 
calculates the binding affinity of any molecule of interest towards a series of 16 proteins, known 
or suspected to trigger adverse effects and estimates its toxic potential. Most important, the tech-
nology allows verifying a prediction at the molecular level by visualizing the binding mode of 
the tested compound with any target protein in real-time 3D/4D and atomic resolution. 
 
The toxic potential of existing and hypothetical compounds (drugs, chemicals, natural products) 
is estimated by simulating and quantifying their interactions towards a series of macromolecular 
targets at the molecular level using automated flexible docking combined with 4D Boltzmann 
scoring. Currently, those targets comprise 16 proteins: the androgen, aryl hydrocarbon, estrogen 
α, estrogen β, glucocorticoid, hERG, liver X, mineralocorticoid, progesterone, thyroid α, thyro-
id β, and the peroxisome proliferator-activated receptor γ as well as the enzymes cytochrome 
P450 1A2, 2C9, 2D6 and 3A4. 
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1 The VirtualToxLab concept 
 

The main philosophy underlying the VirtualToxLab is depicted in Figure 1. It combines automa-
ted, flexible docking and mQSAR. In a first step, the compound of interest is flexibly docked to 
the three-dimensional structure of the target protein(s). All low-energy poses (potential binding 
modes) are sampled into a 4D data set (software Cheetah; Figure 2; Rossato et al., 2010). These 
data are then used as input for 4D Boltzmann scoring (Software BzScore4D; Vedani et al., 2015) 
for quantifying the binding affinities. Finally, the toxic potential is derived from the normalized 
binding affinities towards these proteins, their standard deviation and the predictive r2 of the un-
derlying model (Vedani et al., 2015, 2012). This approach was employed to validate models for 
the estrogen receptors α and β (Vedani et al., 2005; Vedani et al., 2008), androgen receptor (Lill 
et al, 2005), the peroxisome proliferator-activated receptor γ (Vedani et al., 2007a), the gluco-
corticoid receptor (Spreafico et al., 2009), the thyroid receptor α and β (Vedani et al., 2007b), 
the aryl hydrocarbon receptor (Vedani et al., 1999, 2007, 2008; Vedani and Dobler, 2002), the 
mineralocorticoid receptor (Peristera et al., 2009) and the enzymes cytochrome P450 3A4 (Lill 
et al., 2006), 2C9 and 2D6 (Rossato et al., 2010). 
 

1. Binding Mode(s)  2. Binding Affinities  3. Toxic Potential 

 

 
 
 

 

 

 

 
 
 

 

 

Figure 1. Philosophy underlying the VirtualToxLab (the flow chart is shown in Figure 5). Left panel: automated, 
flexible docking of a small-molecule to the 3D structure of currently 16 target proteins. If multiple bin-
ding modes are encountered, the output is sampled into a 4D data set. Center panel: 4D Boltzmann sco-
ring to determine the binding affinities. Right panel: estimation of the toxic potential from the normalized 
binding affinities toward all target proteins. 

 
The flexible-docking protocol employed in the software Alignator and Cheetah (Figure 2) aims 
at identifying all potential binding modes (orientations, conformations; if appropriate also using 
different stereoisomers, tautomers and/or protonation states) of a small molecule within the 
binding pocket of a protein. The underlying algorithm particularly allows for two aspects of 
ligand–protein binding which would seem to be of utmost importance: 1. Simulation of induced 
fit, i.e. allowing the protein to adapt its shape to the different orientations and conformations of 
the small molecule during the search procedure and 2. Quantification of solvent effects (ligand 
desolvation, solvent stripping). The minimization algorithm is driven by a directional force field, 
which has been tailored for simulating hydrogen bonds and metal–ligand interactions (Vedani 
and Huhta 1990). More recently, the force field has been extended to include terms for ligand– 
protein polarization (Figure 3; Rossato et al., 2010) and to allow for dynamic solvation of the 
binding pocket as well as for the evaluation of hydrogen-bond and hydrophobic saturation (Ve-
dani, 2012). Up to 25 different poses are collected, sorted by energy and sampled into a 4D data 
set. Those are all employed for the quantification of the binding affinity (Software BzScore4D). 
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Figure 2. Flowchart of the automated, flexible docking protocol (Rossato et al., 2010, Vedani, 2012) 

 
 

 
Figure 3. Directional force field employed in Cheetah (Vedani and Huhta, 1990; Rossato et al., 2010) and Quasar 

(Vedani et al., 2000, Vedani and Dobler, 2002, Vedani et al., 2005). The individual terms — quantifying 
experimentally accessible quantities such as bond lengths, bond angles, torsion angles, non-bonded 
contacts, geometries of hydrogen bonds, electrostatic interactions, metal–ligand bonds and polarization 
effects — are described in detail in Vedani and Huhta (1990) and in the software documentations that can 
be freely downloaded (along with the software BioX, YetiX and QuasarX) from www.biograf.ch 
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Up to version 4.9, the VirtualToxLab employed the Quasar software for the calculation of the 
binding affinities. Quasar concept allows the simultaneous consideration of different positions, 
orientations, conformations, tautomeric and protonation states of the ligand molecule (4D), 
different induced-fit scenarios (5D) and solvation models (6D). Quasar generates a family of 
quasi-atomistic receptor surrogates that are optimized by means of a genetic algorithm. The 
hypothetical receptor site is characterized by a three-dimensional surface that surrounds the 
ligand molecules at van der Waals distance and which is populated with atomistic properties 
mapped onto it. The topology of this surface mimics the three-dimensional shape of the binding 
site; the mapped properties represent other information of interest, such as hydrophobicity, 
electrostatic potential and hydrogen-bonding propensity (Figure 4; Vedani et al., 2005, 1998; 
Vedani and Dobler, 2002). In Quasar, protein model–ligand interactions are quantified accor-
ding to equation 1: 
 
 Ebinding  = Eligand–receptor –Eligand desolvation – Eligand internal strain – TΔS – Einduced fit           (1) 
       where Eligand–receptor = Eelectrostatic + Evan der Waals + Ehydrogen bonding + E polarization 
 
 ΔGbinding = ⎜a ⎜⋅ Ebinding + b                (2) 
 
 Using the compounds of the training set, a linear regression of the experimental ΔGbinding 
and calculated Ebinding is then obtained (equation 2). The coefficients a and b are derived from the 
correlation of the training set in cross-validation mode and, later on, applied to molecules of the 
test set or new compounds for which binding affinity should be predicted. 
 

    
Figure 4. Left: Quasi-atomistic model (software Quasar) evolved for the progesterone receptor. The ligand medro-

xyprogesterone acetate is depicted in space-filling mode, the surface of the binding pocket. Right: Com-
parison of calculated and experimental binding affinities (IC50 values). Ligands of the training set are 
represented by black circles, those of the test are shown in red. Dashed lines are drawn at factors of 5.0 
and 10.0 off the experimental IC50 value. 

 
While the mQSAR software Quasar is a powerful tool to determine binding affinities, it requires 
the training of data (ligand–protein interactions energies derived from 4D poses — augmented 
by terms for desolvation, entropy, internal strain and induced fit — against binding affinities). 
This implies that other (tested) compound’s affinities may be extrapolated and, therefore, may 
not be of value. We have therefore developed a novel protocol based on 4D Boltzmann scoring 
(Software BzScore4D; Vedani et al., 2015). 
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Here, a ligand’s conformational ensemble (4D) is sampled both in aqueous solution (water box) 
and at the protein’s binding site (Figure 5). The individual functional groups are then scored in 
both states and employed to determine the change in free energy upon binding (Table 1). 
 

 
Figure 5. Left: 4D ensemble of Genistein Monte-Carlo sampled in a water box (software Aquarius). Right: 4D 

ensemble of Genistein Monte-Carlo sampled in the binding pocket of the estrogen receptor β. 
 
 
Table 1. BzScore4D: Scoring the binding of Genistein at the estrogen receptor β employing a total of 12 poses. 
 
Individual group saturation: 
 
==> Pose 1: Bzw = 3.452e-01 
... AROM_RING_6    : Sat[tot] =  1.153, Sat[ele] =  1.079, Sat[vdw] =  1.044, Sat[hbd] =  1.000 
... AROM_RING_6    : Sat[tot] =  1.194, Sat[ele] =  0.880, Sat[vdw] =  1.257, Sat[hbd] =  1.000 
... AROM_RING_6    : Sat[tot] =  1.474, Sat[ele] =  1.281, Sat[vdw] =  1.241, Sat[hbd] =  1.000 
... HYDROXYL       : Sat[tot] =  0.953, Sat[ele] =  1.084, Sat[vdw] =  1.087, Sat[hbd] =  0.789 
... HYDROXYL       : Sat[tot] =  1.691, Sat[ele] =  1.483, Sat[vdw] =  1.136, Sat[hbd] =  1.301 
... HYDROXYL       : Sat[tot] =  1.407, Sat[ele] =  1.182, Sat[vdw] =  1.170, Sat[hbd] =  1.118 
... CARBONYL       : Sat[tot] =  0.689, Sat[ele] =  0.782, Sat[vdw] =  0.982, Sat[hbd] =  0.887 
+++ entire molecule: Sat[tot] =  1.248, Sat[ele] =  1.084, Sat[vdw] =  1.162, Sat[hbd] =  1.006 
... entire molecule: saturation uni [4=hphil/3=hphob] = 1.275/1.002 ~~> mxd = 1.158 
 
==> Pose 2: Bzw = 5.074e-02 
... AROM_RING_6    : Sat[tot] =  1.312, Sat[ele] =  1.155, Sat[vdw] =  1.167, Sat[hbd] =  1.000 
... AROM_RING_6    : Sat[tot] =  1.245, Sat[ele] =  1.060, Sat[vdw] =  1.175, Sat[hbd] =  1.000 
... AROM_RING_6    : Sat[tot] =  1.216, Sat[ele] =  0.943, Sat[vdw] =  1.245, Sat[hbd] =  1.000 
... HYDROXYL       : Sat[tot] =  0.545, Sat[ele] =  0.703, Sat[vdw] =  1.163, Sat[hbd] =  0.645 
... HYDROXYL       : Sat[tot] =  1.334, Sat[ele] =  1.153, Sat[vdw] =  1.132, Sat[hbd] =  1.087 
... HYDROXYL       : Sat[tot] =  1.693, Sat[ele] =  1.529, Sat[vdw] =  1.082, Sat[hbd] =  1.285 
... CARBONYL       : Sat[tot] =  0.922, Sat[ele] =  0.962, Sat[vdw] =  1.069, Sat[hbd] =  0.887 
+++ entire molecule: Sat[tot] =  1.225, Sat[ele] =  1.063, Sat[vdw] =  1.174, Sat[hbd] =  0.994 
... entire molecule: saturation uni [4=hphil/3=hphob] = 1.196/1.006 ~~> mxd = 1.115 
 
==> Pose 3: Bzw = 4.184e-02 
... AROM_RING_6    : Sat[tot] =  1.089, Sat[ele] =  0.829, Sat[vdw] =  1.225, Sat[hbd] =  1.000 
... AROM_RING_6    : Sat[tot] =  1.116, Sat[ele] =  0.946, Sat[vdw] =  1.139, Sat[hbd] =  1.000 
... AROM_RING_6    : Sat[tot] =  1.377, Sat[ele] =  1.031, Sat[vdw] =  1.342, Sat[hbd] =  1.000 
... HYDROXYL       : Sat[tot] =  0.603, Sat[ele] =  0.794, Sat[vdw] =  1.147, Sat[hbd] =  0.644 
... HYDROXYL       : Sat[tot] =  1.703, Sat[ele] =  1.538, Sat[vdw] =  1.059, Sat[hbd] =  1.312 
... HYDROXYL       : Sat[tot] =  1.358, Sat[ele] =  1.159, Sat[vdw] =  1.101, Sat[hbd] =  1.146 
... CARBONYL       : Sat[tot] =  0.927, Sat[ele] =  0.974, Sat[vdw] =  1.062, Sat[hbd] =  0.887 
+++ entire molecule: Sat[tot] =  1.178, Sat[ele] =  0.980, Sat[vdw] =  1.195, Sat[hbd] =  1.000 
... entire molecule: saturation uni [4=hphil/3=hphob] = 1.221/0.938 ~~> mxd = 1.100 
 
==> Pose 4: Bzw = 3.668e-01 
... AROM_RING_6    : Sat[tot] =  1.336, Sat[ele] =  1.214, Sat[vdw] =  1.130, Sat[hbd] =  1.000 
... AROM_RING_6    : Sat[tot] =  1.510, Sat[ele] =  1.281, Sat[vdw] =  1.295, Sat[hbd] =  1.000 
... AROM_RING_6    : Sat[tot] =  1.253, Sat[ele] =  1.108, Sat[vdw] =  1.140, Sat[hbd] =  1.000 
... HYDROXYL       : Sat[tot] =  0.709, Sat[ele] =  0.913, Sat[vdw] =  1.164, Sat[hbd] =  0.644 
... HYDROXYL       : Sat[tot] =  1.322, Sat[ele] =  1.152, Sat[vdw] =  1.101, Sat[hbd] =  1.104 
... HYDROXYL       : Sat[tot] =  1.666, Sat[ele] =  1.514, Sat[vdw] =  1.075, Sat[hbd] =  1.251 
... CARBONYL       : Sat[tot] =  0.793, Sat[ele] =  0.827, Sat[vdw] =  1.068, Sat[hbd] =  0.887 
+++ entire molecule: Sat[tot] =  1.314, Sat[ele] =  1.182, Sat[vdw] =  1.172, Sat[hbd] =  0.993 
... entire molecule: saturation uni [4=hphil/3=hphob] = 1.202/1.117 ~~> mxd = 1.165 
 
. 
. 
. 
 
Boltzmann-weighted group saturation [12 poses]: 
... entire molecule: Boltzmann-weighted saturation ~~> mxd (0) = 1.152 
    pose correction: Boltzmann-weighted fraction within template(s) grid = 1.000, shift = -0.000 [not used] 
    SASA correction: surface area = 464.350 (threshold = 480.0), shift = -0.014 ~~> mxd (1) = 1.152 [not used] 
... MW correction:   MW = 270.240 (threshold = 400.0, basis value = 0.000, factors low/high = 1.5/0.5), shift = -0.255 ~~> mxd (1) = 0.896 
    PSA correction : total surface area = 464.350, PSA = 247.500, fraction = 0.533, socket value = 0.250, weight = 0.783 [not used] 
    abs. correction: E[WatBox] = -36.262 kcal/mol (threshold = -52.0), weight = 0.843 [not used] 
    binding-pocket : 8 hydrogen-bonding atoms [HEV+LPV = 10], saturation by ligand/protein/water = 0.565/0.609/0.157, weight [fac=1.00/0.50/0.25] = 0.953 [not used] 
    hyd. correction: E[WatBox] = -36.262 kcal/mol (hydrophilicity-based threshold = -60.0, base = -32.0, HPI = 14.0, hfac = 2.000), weight = 0.781 [not used] 
    2 key HBonds   : E[Lig,KHBs] = -3.516 kcal/mol (threshold = -3.500), ratio = 1.005, weight = 1.000 [used below] 
                     OE1  GLU 305 ... main interaction: HO  3976 VTL, E[10/12-directional] = -2.940 kcal/mol 
                     ND1  HIE 475 ... main interaction: HO  3978 VTL, E[10/12-directional] = -4.092 kcal/mol 
    3 Don and 4 Acc: neutral hydrogen-bond saturation ratio = 1.033, weight = 1.000 [used below] 
... Eff.HBondWeight: kHB_wgt = 1.000, iHB_wgt = 1.000, weight [rms*] = 1.000 ~~> mxd (2) = 0.896 
... HPS correction : hydrophobic character ligand = 0.467, binding-pocket = 0.816, difference = -0.349, shift = -0.061 ~~> mxd (3) = 0.835 
... TdS[eff.,bzw]  : 1.781 kcal/mol, shift = -0.034 ~~> mxd (4) = 0.801 
    no dyn. damping: saturation of 0.801 within [0.3...0.9] ~~> no action 
+++ entire molecule: Boltzmann-weighted saturation wbw = 0.801, pK = 8.015 
 
Binding affinity and standard deviation: 
... hydrogen-bond saturation sum = 4.835 (max = 8), saturation = 0.604 
... hydrophobic   saturation sum = 2.083 (max = 2), saturation = 1.041 
... relative error (standard deviation) = 0.315 [overall sat. = 0.692] 
++> K = 9.662e-09 ± 3.045e-09 M [Class IX **] 
 



 8 

1.1 Model generation and validation 
 
Using this approach — automated, flexible docking combined with multi-dimensional QSAR — 
we have developed and validated a total of 16 protein models known or suspected to trigger ad-
verse effects and embedded them the VirtualToxLab. The flow chart of the technology is depic-
ted in Figure 5. The models comprise 10 nuclear receptors (androgen, estrogen α, estrogen β, 
glucocorticoid, liver X, mineralocorticoid, peroxisome proliferator-activated receptor γ, proges-
terone, thyroid α, thyroid β), four members of the cytochrome P450 enzyme family (1A2, 2C9, 
2D6, 3A4), a cytosolic transcription factor (aryl hydrocarbon receptor) and a potassium ion 
channel (hERG). The software distribution includes a graphical user interface with an integrated 
3D viewer and a 3D model builder (Figure 11) to generate and view the three-dimensional struc-
tures of the compounds to be tested. The results obtained by the VirtualToxLab are accessible 
through the graphical user interface (Figure 14) and include the binding affinities towards all 16 
target proteins and the three-dimensional coordinates of the corresponding complexes — to be 
interactively viewed in real-time 3D or to be downloaded for further analyses or processing. All 
data (input and output) are transferred over a secure client–server protocol (SSH). Tables 3 and 
6 and Figure 7 show the details of the models used in the VirtualToxLab. 
 
Table 2. VirtualToxLab: Protein structures employed for ligand docking. 

System PDB 

code 

Year Resolution R 
factor 

Ligand Refinement3 

Androgen 1T7R 2004 1.40 0.196 5α-Dihydrotestosterone MM 

Aryl hydrocarbon n/a1 2008 n/a n/a 2,3,7,8-Tetrachlorodibenzo-p-dioxin MM+MD 
CYP 1A2 2HI4 2006 1.95 0.267 α-Naphtoflavone MM 

CYP 2C9 1R9O 2003 2.0 0.236 Flurbiprofen MM+MD 
CYP 2D6 2F9Q 2005 3.0 0.286 X-Ray: none (Piroxicam added) MM+MD 
CYP 3A4 1TQN 2004 2.05 2.39 X-Ray: none (Methdilazine added) MM+MD 

Estrogen α 3ERD 1999 2.03 0.196 Diethylstilbestrol MM 

Estrogen β 1QKM 1997 1.80 0.215 Genistein MM+MD 

hERG n/a2 2006 n/a n/a Terfenadine MM+MD 
Glucocorticoid 1M2Z 2003 2.50 0.267 Dexamethasone MM+MD 
Liver X 1PQ6 2003 2.40 0.209 (3{3-[[2-Chloro-3-

(trifluoromethyl)benzyl](2,2- 
diphenylethyl)amino]propoxy]phenyl)acetate 

MM+MD 

Mineralocorticoid 2AA2 2005 1.95 0.214 Aldosterone MM 

PPARγ 1ZGY 2005 1.80 0.231 Rosiglitazone MM 

Progesterone 1A28 1998 1.80 0.191 Progesterone MM 

Thyroid α 1NAV 2002 2.50 0.246 3,5-Dichloro-4-[(4-hydroxy-3-iso-
propylphenoxy)phenylacetic acid 

MM+MD 

Thyroid β 1NAX 2002 2.70 0.196 3,5-Dichloro-4-[(4-hydroxy-3-iso-
propylphenoxy)phenylacetic acid 

MM+MD 

 
1 homology model generated using the Swiss Model Workspace, cf. swissmodel.expasy.org 
2 homology model adapted from: Farid, R., Day, T., Friesner, R.A., Pearlstein, R.A. (2006). New insights about 

hERG blockade obtained from protein modeling, potential energy mapping, and docking studies. Bioorg. Med. 
Chem. 14, 3160–3173 

3 MM: molecular-mechanical optimization, MD: molecular-dynamical relaxation 
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Table 3. VirtualToxLab: original validation of the underlying receptor models by means of mQSAR. 

System number of compoundsa 

compound classes 
training set test set 

  q2 rmsb maxc p2 rmsb maxc 

Receptors        
Androgen 88+26=114; eight 0.881 1.6 11 0.822 1.6 4.8 
Aryl hydrocarbon 105+35=140; eight 0.725 2.7 16 0.756 2.2 11 
Estrogen α 80+26=106; six 0.912 1.8 8.3 0.942 1.5 4.2 
Estrogen β 72+24=96; five 0.798 2.0 11 0.750 2.3 9.7 
Glucocorticoid 88+22=110; four 0.691 1.6 7.9 0.775 1.5 6.8 
hERG 38+12=50; three 0.902 1.1 2.8 0.782 1.1 1.7 
Liver X 40+12=52; two 0.820 0.9 4.3 0.861 0.7 1.1 
Mineralocorticoid 40+8=48; two 0.834 1.0 4.3 0.742 1.3 2.6 
PPARγ 75+20=95; two 0.720 1.9 9.0 0.739 1.7 3.9 
Progesterone 82+9=91; two 0.835 0.9 5.2 0.938 0.5 1.1 
Thyroid α 64+18= 82; four 0.832 1.8 7.8 0.807 2.2 7.8 
Thyroid β 64+18= 82; four 0.780 2.7 12 0.822 2.1 6.6 
Enzymes        
CYP 1A2 40+12=52; two 0.906 1.1 3.9 0.887 1.3 3.9 
CYP 2C9 68+17=85; four 0.692 1.0 5.4 0.772 0.9 2.2 
CYP 2D6 46+10=56; two 0.820 1.2 4.0 0.901 1.0 1.9 
CYP 3A4 38+10=48; twelve 0.924 0.6 2.1 0.853 0.2 0.4 

q2 = cross-validated r2, p2 = predictive r2; the rms and maximal deviation from the experimental binding affinity is given as 
factor in Ki or IC50. a number of training compounds + number of test compounds = total number of compounds; b rms deviation 
from the experimental affinity value; c maximal individual deviation from the experimental affinity value. 
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Figure 6 shows the graphical comparison of calculated and experimental binding affinities for 
all 16 mQSAR models (software Quasar: Vedani and Dobler, 2002; Vedani et al., 2005) pre-
viously employed in the VirtualToxLab. For generating and validating other models, this soft-
ware can be freely downloaded at www.biograf.ch/index.php?id=software 
 
 

 
 

 
 

 
 

  
Figure 6. VirtualToxLab — comparison of experimental and calculated binding affinities of all 16 protein models. 

First row (from left to right): AR, AhR, ERα and ERβ. Second row: GR, hERG, LXR and MR. Third 
row: PPARγ, PR, TRα, and TRβ. Fourth row: 1A2, 2C9, 2D6 and 3A4. Training set = black dots, test set 
= red dots. Dashed lines are drawn at factors 5.0 and 10.0 off the experimental value, respectively. 

  



 11 

 
Figure 7. VirtualToxLab — comparison of experimental (vertical axis) and calculated binding affinities (horizontal 

axis) for 1,288 test compounds against all 16 protein models (the androgen, aryl hydrocarbon, estrogen α, 
estrogen β, glucocorticoid, hERG, liver X, mineralocorticoid, progesterone, thyroid α, thyroid β, and the 
peroxisome proliferator-activated receptor γ as well as the enzymes cytochrome P450 1A2, 2C9, 2D6 and 
3A4). Dashed lines are drawn at factors 10, 100 and 1000 off the experimental value, respectively. 72% 
of the compounds are predicted within a factor of 100 from the experimental value (green dots), which is 
quite remarkable, as the models were not trained against any compounds. The threshold of a factor 100 
has been selected as a combination of uncertainty in the experimental affinity and prediction (a factor of 
10 each). Compounds predicted too strong (red dots) may suffer from a too high “thermodynamic” bin-
ding affinity (cf. below) or a too low estimation of the desolvation energy, while for compounds predicted 
too weak (blue dots), the protocol did probably not identify the correct binding mode. Most of these com-
pounds bind to targets featuring a large binding pocket (PPARγ, LXR, hERG). 
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Figure 8. Pictorial (top) and technical flow chart (bottom) of the VirtualToxLab. 

Copyrights:     * Software licensed from Schrödinger Inc., Portland, OR 
                      ** Software licensed from the University of Minnesota 
                    *** Software developed at the Biographics Laboratory 3R, Basel 
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1.2 Estimating the toxic potential 
 
The ultimate goal of the VirtualToxLab is to predict the toxic potential (endocrine and metabolic 
disruption, interference with the hERG ion channel) of a drug, chemical or natural product. The 
toxic potential (TP) is derived from the normalized binding affinities towards the 16 target pro-
teins presently comprised in the VirtualToxLab and weighted (→ weighted toxic potential, wTP) 
using the standard deviation of the individual prediction. The wTP as is based solely on thermo-
dynamic properties and does not consider any ADME (adsorption, distribution, metabolism and 
elimination) aspects. A low wTP does not necessarily prove a compound's safety — it just indi-
cates a low probability of e.g. endocrine-disrupting effects. The wTP ranges from 0.0 (none) to 
1.0 (extreme) and has arbitrarily been split into five classes: wTP > 0.800 (****), wTP > 0.700 
(***), wTP > 0.600 (**), wTP > 0.500 (*) and wTP ≤ 0.500 (–). The wTP is a complex (cf. be-
low), non-linear function that should not be overvalued — but, instead, be interpreted as a toxic 
alert. The toxic potential of small compounds (MW < 200) may be underestimated due to the 
fact that the conformational-search protocol samples 12 (default) or 24 poses, which may not be 
sufficient. Large compounds (MW > 500), on the other hand, may trigger a more substantial 
induced fit that can presently be simulated. For both cases, semi-automated protocols (including 
molecular-dynamical simulations) would seem to be more appropriate. 
 
In order to compute the contributions of the individual binding affinities towards the toxic po-
tential, the former are scaled according to equation 1. 
 

                affinity ≥ 10–2 M → affinityscaled = 0.0                                                                                       (1) 
 10–10 M < affinity < 10–4 M → affinityscaled = 0.125 × log(1.0/affinity–2.0)  

                affinity ≤ 10–10 M → affinityscaled = 1.0  
 
Next, the weighted individual toxic potential, wTPindividual, is calculated: 

 
 wTPindividual = TPindividual, max × affinityscaled × weightstandard deviation                 (2) 
 _______________________________________________ 
 
 TPindividual, max: max. TP for (optimal) binding towards a single target (currently set at 0.75) 
 weightstandard deviation = 1.0 – 0.125 × (standard deviation / affinity) × 0.1             (2b) 

 
Therefrom, the overall toxic potential (endocrine and metabolic disruption, interference with the 
hERG ion channel; wTPoverall) is determined as follows: First, the 16 wTPindividual are ranked by 
their value. Then, their contribution to the wTPoverall is summed up according to equation 3. 
 
                                           16 

           wTPoverall = Σ 1/n × (TPceiling – wTPoverall, current) × wTPindividual, n                              (3) 
                                            n=1 
                __________________________________________________ 

             TPceiling = 1.1 * wTPindividual, max. 
 
The individual contribution towards the wTP depends also on the protein class — i.e. binding to 
different classes is considered to have a higher impact on the toxic potential than binding within 
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the same class. To avoid overestimating the toxic potential for compounds with affinities to tar-
gets with similar evolutionary origin (e.g. ERα and ERβ) a correcting weight, wsuperfamily, is ap-
plied. It decreases the contribution for the nth member toward the wTP by wn = 1/n (equation 4). 
Equation (3) is executed separately for each of these classes: the first class can thereby accumu-
late in a wTP of 0.7, with a compound binding to two classes up to 0.8, to three classes up to 0.9 
and to four of five classes — which has never been observed so far — 1.0. Currently, the follo-
wing classes are recognized: 
 

Superfamily Proteins 

I AR, ERα, ERβ, GR, MR, PR 
II LXR, PPARγ TRα, TRβ 
III AhR 
IV hERG 
V 1A2, 2C9, 2D6, 3A4 

 
Table 3 shows an extract from the log file and shows how the weighted toxic potential (wTP) is 
calculated. From the normalized binding affinity (affnrom) using the weights for the standard 
deviation (wesd) and the model (wmodel), the individual weighted toxic potential (wTPind) is 
obtained for each of the 16 target proteins. 
 
Table 3. Calculation of the toxic potential for Bisphenol A. 

Target Calculated affinity ± e.s.d. [M] 
(VirtualToxLab) 

TPnormalized 

(eqn. 1) 
we.s.d. TPindividual 

(eqn. 2) 

AR 4.6×10–7 ± 1.6×10–7 0.326 0.957 0.311 

AhR 3.0×10–5 ± 1.2×10–5 0.189 0.949 0.180 

CYP 1A2 2.3×10–5 ± 1.0×10–5 0.198 0.944 0.187 

CYP 2C9 3.5×10–5 ± 1.6×10–5 0.185 0.943 0.174 

CYP 2D6 4.0×10–5 ± 1.7×10–5 0.179 0.948 0.170 

CYP 3A4 1.8×10–4 ± 7.6×10–5 0.131 0.947 0.124 

ERα 8.0×10–6 ± 2.6×10–6 0.232 0.958 0.223 

ERβ 5.4×10–8 ± 1.6×10–8 0.395 0.964 0.381 

GR 1.3×10–6 ± 5.0×10–7 0.292 0.951 0.278 

hERG 1.0×10–5 ± 4.4×10–6 0.225 0.945 0.213 

LXR 5.4×10–5 ± 2.4×10–5 0.170 0.945 0.161 

MR 1.4×10–6 ± 5.7×10–7 0.289 0.950 0.274 

PPARγ 7.1×10–6 ± 3.0×10–6 0.236 0.947 0.224 

PR 1.5×10–6 ± 6.2×10–7 0.286 0.949 0.272 

TRα 1.7×10–5 ± 6.0×10–6 0.208 0.956 0.199 

TRβ 9.7×10–6 ± 4.1×10–6 0.226 0.947 0.214 

Overall toxic potential = 0.484 (eqn. 3; range from 0.0 to 1.0); main target = ERβ 

→ Overall weighted toxic potential (eqn. 3) = 0.484; highest individual affinity: ERβ= 5.4×10–8 M (exp. = 9.0×10–8 M) 
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The wTPoverall is a non-linear function that ranges from 0.0 (none) to 1.0 (extreme), which may 
be interpreted as a toxicity alert (Figure 9). 
 

 
 

Figure 9. Toxic alerts for selected compounds as generated by the VirtualToxLab™ 
 

 
Toxic potential classes 

 
Class Toxic potential Classification Possible interpretation 

0 
≤ 0.3 None Unlikely to show any adverse effects triggered by any of 

the 16 target proteins tested in the VirtualToxLab 
0.3 < TP ≤  0.4 Low Compound binds weakly to one target protein 
0.4 < TP ≤  0.5 Moderate Compound binds moderately to one target protein or 

weakly to several target proteins 
I 0.5 < TP ≤  0.6 Elevated Compound binds substantially to one target protein or 

moderately to several targets 
II 0.6 < TP ≤  0.7 High Compound binds at least to two target protein classes, e.g. 

nuclear receptor classes I+II 
III 0.7 < TP ≤  0.8 Very high Compound binds at least to three target protein classes, e.g. 

nuclear receptor classes I+II and cytochromes 
IV > 0.8 Extreme Compound binds at least to four target protein classes, e.g. 

nuclear receptor classes I+II, cytochromes and hERG/AhR. 
So far, no compound has been identified in this class. 
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1.3 Installing the VirtualToxLab client 
 
The VirtualToxLab (VTL) provides access to a series of mQSAR models for the estimation of 
the toxic potential of drugs and environmental chemicals. This is achieved by calculating their 
binding affinity towards (currently) 16 target proteins: AhR, AR, ERα/β, GR, hERG, LXR, MR, 
PPARγ, PR, TRα/β, CYP 1A2, 2C9, 2D6 and 3A4. The interface to the VTL (a “browser” with 
embedded 3D viewer and 3D model builder) is written in Java and, thus, platform-independent. 
The distribution consists of three java files (VirtualToxLab.jar, VTLViewer.jar, VTLBuilder.jar), 
four libraries (lib, help, VTLLibrary, VTLBuilderLibrary) and the program documentation. At 
our end, a password-protected account will be created and the tokens activated. 
 
Prior to launch the VTL, the Java Runtime Environment (JRE) must be installed on your com-
puter — the minimum version requirement being 1.5. The JRE can be freely downloaded from 
java.sun.com for Linux- and Windows-based platforms; for the Macintosh platform Java is dis-
tributed directly from Apple. The hardware level is not critical for run of this application. For 
the VTLViewer (displaying ligands and protein-ligand complexes) as well as for the VTLBuilder 
(building molecular structures), the jogl (Java OpenGL) libraries must be installed. Those are 
provided with the release along with the installation details. 
 
The VTL Interface is distributed via electronic mail. After decompression, the VirtualToxLab 
directory should look as follows: 
 

 
The VTLViewer used to display ligands and protein–ligand complexes in 3D is located in the lib 
directory and is automatically launched by the VirtualToxLab.jar (the VTL interface). 
 
 
There are two ways to launch the VirtualToxLab interface: by double-clicking the program icon 
or from a Unix shell: 
 
1. From a file browser Double-click on the VirtualToxLab.jar icon in the main VTL directory 
2. From a Unix shell open a Unix shell, cd to the main VTL directory and type the command: 

java -jar VirtualToxLab.jar 
 
 
The VirtualToxLab interface requires the IP address of the assigned VTL server and the user ac-
count name. This information is provided along with the distribution. In addition, you may 
select the preferred directory for storing your compounds. By default, the VTL interface will 



 17 

point to that directory. Of course, you can browse to any other location. These parameters must 
be defined by the user, hence the following dialog will pop up when you launch the application 
the first time: 
 

 
 
After clicking the OK button, you are guided to the settings panel, where the name of the user 
account, the IP address of the VTL server and the path to a working directory can be defined. 
More information is given in the “Settings” section below. 

 

    
 

After the graphical user interface appears on the screen, you need to type in your login and pass-
word, press Connect button, on the Login tab to log in for the service. If the VTL Interface was 
not configured at first start, you will need to supply the IP address of the server. Logging in and 
data transfers utilize secured connection with Secure Socket Header (SSH) by means of the Tri-
lead-SSH2 Java library (TriLead Inc. cf. www.trilead.com), in order to provide maximum secu-
rity and confidentiality for your data. If everything works out fine, the (initially empty) graphi-
cal user interface appears as follows: 
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1.4. Submitting compounds to the VirtualToxLab 
 

While you may use any third-party 3D model-building software, we suggest to use Biographics 
VTLbuilder software included in the release for this very purpose. Save the 3D coordinates in 
PDB, mol2 or sdf format. Those formats are those recognized by the VTLInterface. 
 

The VTLbuilder 
The VTLbuilder — provided with the VirtualToxLab distribution — allows for a straightforward 
construction of the 3D structure of small and medium-sized molecules and their subsequent 
regularization. A user-extendable template library includes useful organic fragments. Frequently 
occurring functional groups and atom types can be changed/added to existing molecules/frag-
ments. Additional features include changing torsions, inverting stereo centers making/breaking 
bonds, changing the character of a bond, adding hydrogen atoms and calculating intra- and inter-
molecular geometries. Of course, you may generate your compounds with any other software 
and save them, for example, in standard PDB format. 
 

 
 

 
Figure 10. VTLBuilder — the embedded 3D model builder (based on the BioX technology) 
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As an example, the generation of the 3D structure of Bisphenol A is shown. After launching the 
VTLBuilder, select the benzene fragment from the template library. Next, replace one H atom by 
a CH3 group by selecting the CH4 fragment (button) and clicking on a C–H bond. 
 

         
 

Next, add two CH3 groups to this CH3 group by selecting the CH4 fragment (button) and clicking 
on two C–H bonds of it. Then, select again benzene from the template library and click on the 
remaining C–H bond of the tetrahedral C atom: 
 

         
 
Finally, add two hydroxyl groups to the aromatic rings by selecting the H2O fragment (button) 
and clicking on the C–H bonds in the ring-4 (para) position. Then, regularize the structure using 
the “R” button. This yields a 3D geometry suitable for submission to the VirtualToxLab. 
 

         
 
Before saving the structure (Menu File/write PDB file), assign a residue name (up to three cha-
racters, e.g. BpA for Bisphenol A) using the menu Option/change residue name. The compound 
is now ready for submission to the VirtualToxLab. 
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If you have not already done so, start up the VirtualToxLab, log in — using your user name and 
password  — and browse to the directory where you stored the compound, select it and check it 
using the “view input” button to make sure it is the desired compound. Then select the desired 
targets and submit the compound. After due time (depending on the size and flexibility of the 
molecule and the number of selected targets: 20–80 hours for average molecules when using all 
targets) you can inspect and retrieve the results: individual binding affinities, toxic potential and 
binding modes (cf. above). Except for the toxic potential (which is calculated at the end), all 
results are available as they are calculated. Use the “Refresh” button to stay updated. For the 
reasons given below, the following types of “compounds” may not be submitted: 
 

 
 
 
 

 

 

 
Too small compounds (MW < 60 or natom < 10) 

→ Monte-Carlo sampling is very unlikely exhaustive 
(Too many feasible “binding modes” exist) 

 Too large compounds (MW > 600) 
→ Inability to (simulate and) quantify induced fit 

 

 

 

Two-dimensional (2D) structures 
→ Connectivity and stereochemistry cannot be established 

 

 Incomplete structures (e.g. lacking H atoms) 
→ Complete structures are essential for molecular simulations 

 

 

 
Compounds featuring a quaternary N (ammonium) atom 
→ The corresponding neutral species (required to calculate 
the compound’s desolvation energy) cannot be generated 

 

 Compounds featuring large rings (nring atom > 8) 
→ Sampling algorithm is not suited for large rings 

Figure 11. Compound structures that should NOT be submitted to the VirtualToxLab 
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The molecule of interest is then submitted as follows: 
 
• Establish connection to VirtualToxLab server (login window). 
 
• Generate (e.g. with the VTLBuilder) and import (Browse button) the molecule of interest in 

PDB, mol2 or sdf format 
 
• Check its 3D structure (View input button) with the embedded VTLViewer 
 

 
 
• Select at least one protein target 
 

 
 
• Select “automatic” (suggested) or user-defined protonation state. In the former instance, the 

protonation and tautomeric state is determined by the Epik software (from Schrödinger), in the 
latter, your input is taken “as is”. The latter might be appropriate for simulating special cases, 
e.g. compounds with pKa values of 7.4±2.0 to ensure simulating the correct species/state. 

 
• Select “standard” (suggested) or “double” conformational sampling. Please note that the “dou-

ble” option requires approximately the double amount of computing time and is charged two 
tokens instead of one for the standard sampling protocol. 

 
• Press the Submit button. Allow three seconds for the molecule being transferred to the VTL 

server located at our end. After three seconds, the display will be refreshed listing the molecule 
in the molecule manager panel. You can press the “Refresh” button at any time to update the 
process status. 
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1.5 Analyzing results from the VirtualToxLab 
 

 

 

Figure 12. VirtualToxLab — the manager panel for submitting molecules, analyzing and inspecting results. 
 
 
The binding affinities are visualized in fingerprint mode — in the box cross-sectioning molecule 
and target protein — by the color depth: white (binding affinity > 100 µM) to dark blue (binding 
affinity < 1.0 nM). Upon hovering (i.e. moving the mouse) over the box, the numerical value is 
displayed. The overall appreciation of a molecule’s toxic potential — ranging from 0.0 (benign) 
to 1.0 (extreme) is color-coded in red and given as numerical value. The binding mode can 
always be inspected (in real-time 3D/4D), regardless whether or not “not binding” (i.e. binding 
affinity > 100 µM) is reported. 
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The Molecule Manager panel provides an overview of the submitted molecules (jobs), indica-
ting the name of the molecule, time of submission, current processing status and, successful (or 
unsuccessful = failure) completion, binding affinities and the toxic potential: 

 
Molecule name Original name of the submitted structure file 

Launch date Date and time the file has been submitted to the system. 

Total charge Protonation state as identified by Epik or as defined by user (“keep current” option). 

Job status Current status of the submitted molecules (jobs). Only one compound per user is at 
the moment allowed to run on the VirtualToxLab system. This field can have vari-
ous values, indicating real status of the processing: 

 Queued — the resources of the VirtualToxLab system do not allow immediate 
processing of user request, but the file is added to the queue and waits for free re-
sources. When these become available, the job will start processing. 

Running — indicates the submitted molecule is being processed by the system. 

Finished — indicates that all simulations are completed. Leaving the mouse on this 
box will display the cpu times for conformational searching, docking and mQSAR. 

Failed — indicates that job processing has failed at some point. Positioning a 
mouse cursor over the field “Failed” will display the last 10 lines from the log file 
in order to learn, what possibly went wrong. 

Other columns Numeric value of the calculated inhibition constant (Ki) for the target indicated in 
the column header. If a mouse cursor is held over the field for a few seconds, the 
quality of the prediction is displayed: *** (high), ** (medium), * (low), ~ (too low). 

The actual status of the simulation at each protein target is reported at runtime: 
Conformational Search (first target protein only) — Docking — mQSAR. 

 
The Refresh button allows user to get the latest status of the molecules. After selecting lines of 
your interest with mouse or SHIFT key and arrow keys, you can export the selected lines by 
clicking on the Export to file button to a text file with fixed width of columns, that can be further 
processed by a spread-sheet software. Unnecessary or erroneous lines can be removed from the 
list by selecting them using mouse or keyboard shortcuts and clicking the Delete button. After, 
that a request for deleting is sent to the system and after a short while (that system needs to 
process your request and look-up appropriate entries), with next refresh request (by clicking 
Refresh button), the list of the molecules displayed in the table is updated. Once the Delete 
button has been clicked and the confirmation dialog confirmed, information about predicted 
values is permanently lost, that is why we advise using the delete function only after exporting 
the data to external backup file. The Stop button stops the current task a.s.a.p. and continues 
with the evaluation of the next compound in the queue (if any). Protonation state: by default, the 
protonation state at physiological pH (7.4) is determined by the Epik software. You may, how-
ever, wish to evaluate a specific protonation state. In this case, select the “keep current” option. 
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Inspecting the binding mode 
 
After completion of a task, the calculated binding affinity appears in the corresponding box. The 
binding mode may then be inspected by selecting the corresponding entry in the panel (molecule 
∩ receptor) and pressing the “View 3D structure” button. By default, an 8.0 Å zone around the 
ligand is displayed. Licenses are available that allow downloading the complete set of 3D struc-
tures of all complexes (in PDB format). 
 

 
Figure 13. Graphical user interface of the VirtualToxLab including a 3D/4D viewer and a 3D model builder. 

 

 

       
Figure 14. Details of the binding of methyltrienolone to the AR (left), the binding of diethylstilbestrol to the ERa 

(middle) and the binding of rofecoxib to the GR (right). The ligand molecules are shown as sticks, the 
proteins as lines. Hydrogen bonds are indicated by yellow dashed lines. 
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The Settings Tab 
 

 
 

The settings tab is provided in order to simplify routine procedures like logging in to the system, 
file browsing and viewing. Once the appropriate information has been entered in the fields and 
saved, it will make your work more comfortable. In the connection settings panel you can speci-
fy the default username and the Server IP address, to which the VTL Interface shall connect. In 
the path settings panel you can specify path to your working directory (e.g. where your molecu-
les are stored). Click the Save settings button to save the settings. In addition, you may specify 
two user-defined target sets (that you plan to frequently use). Those can then be activated in the 
manager panel through the corresponding buttons. 
 
Information and System messages: Information concerning scheduled downtimes of the system 
or the availability of new versions of the technology is now displayed on the main interface (cf. 
Figure 13: bottom left of the main panel). 
 
 



 26 

1.6 The 4D viewer 
 
The revolutionary 4D viewer allows inspecting all identified poses (potential binding modes) at 
once. The 4D viewer is launched by holding down the “shift key” while clicking the “view 3D/ 
4D structure” button. In the default display mode, the poses are shown with a scaled intensity 
corresponding to the individual contribution to the binding energy (cf. Boltzmann weight in the 
molecule panel). When selecting a pose directly from the panel, it and all subsequently selected 
poses are shown at full intensity, allowing inspecting also weak poses in detail. All other display 
options correspond to those of the 3D viewer. 
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Toxic potential!

Low (TP < 0.4)! Intermediate (0.4 ≤ TP ≤ 0.6)! High (TP > 0.6)!

OK?!
yes! no!

Generate and test!
potential metabolites!

Check high-affinity targets!

a) visual inspection: func-!
    tional-group saturation!
b) protonation state!

OK?!
yes! no!

a) Ignore target!
b) Use user-defined!
    protonation state!
    or double-confor-!
    mational sampling!
c) MD!

MD simulation!

OK?!
yes! no!

Ignore target!

PP/ADME!

OK?!
yes! no!

Ignore all targets!

active?!
no! yes!

Continue as for high TP!

Use double confor-!
mational sampling!

Use user-defined!
protonation state!

☞ Proceed as for �high TP�!
     but skip MD simulations!

Accept prediction!

Consensus scoring!

OK?!
yes! no!

Ignore target!

Continue at PP/ADME!

active?!
yes! no!

Accept prediction!
Possibly false-positive!

Consensus scoring!

active?!
yes! no!

Accept prediction!

Possibly false-negative!

Interactive docking!

(optional)!

OK?!
yes! no!

Toxic via other mechanism or false-negative!
Educated guess for TP!

1.7 Interpretation of the VirtualToxLab results 
 
The following scheme indicates a possible decision flow towards a safe interpretation of results 
obtained with the VirtualToxLab. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 15. VirtualToxLab: Decision tree for the verification of a prediction (binding mode, affinity, toxic potential) 

TP: toxic potential; MD: molecular-dynamics simulation, PP: Physico-chemical properties, ADME: ad-
sorption, distribution, metabolism and elimination properties, consensus scoring (CS) using other in 
silico approaches. Please note that MD, PP, ADME and CS require third-party software. 



 28 

1.7.1. Thermodynamics and kinetics 
 

As the VirtualToxLab employs a Monte-Carlo sampling protocol (cf. Figure 2), the binding affi-
nities computed from the associated 4D ensembles are “thermodynamic” in nature and should be 
interpreted with great reservation. In order to obtain values to be compared with experimental 
data, the kinetic stability of the binding mode must be assessed (cf. Figure 15). This is typically 
performed by means of molecular-dynamical simulations, for which a wealth (including free) of 
software exists. 

 

 
Figure 16. 5.0 ns MD simulation for diethylstilbestrol bound to the estrogen receptor α. The total energy (blue cur-

ve) as well as the interaction energies with the key residues (Glu353 and His524) remain stable through-
out the entire simulation. This suggests the “thermodynamic” binding affinity being close to the true va-
lue. 

 

 
Figure 17. 5.0 ns MD simulation for methylbenzylidene-camphor sulfonic acid bound to the progesteron receptor. 

The total energy (blue curve) and the interaction energies with the key residues (Arg764 and Phe778) 
are considerably weakened throughout the simulation when compared with the starting values. This 
suggests that the “thermodynamic” binding affinity is overestimated compared with the true value. 
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Sometimes, a kinetic instability is only observed when simulating longer times. This is shown 
for ethinylestradiol binding to the androgen receptor (Fig. 18). 
 

 
 

 

Figure 18. 10 ns (top) and 25 ns (bottom) MD simulation for ethinylestradiol bound to the androgen receptor. Whi-
le until a simulation time of 10 ns the ligand–protein complex appears to be kinetically stable, the inter-
action with Arg752 weakens significantly after 12.5 ns of the simulation, suggesting a smaller overall 
affinity. 
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Sometimes, unfortunately, on has to simulate even longer times. This is shown for bisphenol A 
binding to the estrogen receptor β (Fig. 19). With the availability of GPU-employing software, 
this is no longer an issue, as this allows to access simulation times in the µ-second range. 
 

 
 

 

Figure 19. 10 ns (top) and 100 ns (bottom) MD simulation for bisphenol A bound to the estrogen receptor β. While 
until a simulation time of 10 ns the ligand–protein complex appears to be kinetically stable, the interac-
tion with Glu305 becomes quite labile significantly after 50 ns of the simulation, suggesting a slightly 
smaller overall affinity. 
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1.7.2. Main and side effects 
  

The VirtualToxLab can, of course, not know whether or not an observed effect is desired or not 
and may, therefore, overestimate the potential to trigger adverse effects. This is particularly true 
for drugs designed for binding to one of the target proteins in the VirtualToxLab suite. 
 
Budesonide, an anti-inflammatory drug has been developed to interact with the glucocorticoid 
receptor. Consequently, the VirtualToxLab did identify its binding to this protein and computed 
a binding affinity of 1.1 nM (Figure 20). 
 

 
Figure 20. Binding of budesonide to the glucocorticoid receptor (3D image). The protein is depicted as lines and 

the ligand is shown as licorice. Hydrogen bonds are shown as dashed yellow lines. All hydrogen-bond 
functionalities are well saturated which explains the high binding affinity. 

 
The associated toxic potential is estimated at 0.694, which would indicate strong side effects. If, 
however, the same simulation was repeated but thereby excluding the glucocorticoid receptor as 
a potential target, a moderate potential of 0.566 would result. This still somewhat elevated value 
results from the fact that budesonide might also bind to the mineralocorticoid receptor. Overall, 
this suggests that budesonide is probably a safe medication but might nonetheless trigger undesi-
red effects, particularly at prolonged use. The other identified targets (AR, hERG and MR: cf. 
table below) are kinetically less stable as proved by MD simulations. 
 
Compound: Budesonide.pdb 

Target  1 = AR   : affinity = 1.361e-07, esd = 1.361e-08, weight = 1.000 -> ind_ToxPot = 0.456, efac = 0.988 => wgt_ToxPot = 0.450 

Target  2 = AhR  : affinity = 2.119e-05, esd = 3.624e-06, weight = 1.000 -> ind_ToxPot = 0.251, efac = 0.979 => wgt_ToxPot = 0.245 

Target  3 = 1A2  : affinity = 2.462e-06, esd = 6.503e-07, weight = 1.000 -> ind_ToxPot = 0.338, efac = 0.967 => wgt_ToxPot = 0.327 

Target  4 = 2C9  : affinity = 1.458e-04, esd = 2.146e-05, weight = 1.000 -> ind_ToxPot = 0.172, efac = 0.982 => wgt_ToxPot = 0.169 

Target  5 = 2D6  : affinity = 8.170e-05, esd = 1.093e-05, weight = 1.000 -> ind_ToxPot = 0.196, efac = 0.983 => wgt_ToxPot = 0.192 

Target  6 = 3A4  : affinity = 8.604e-06, esd = 9.907e-07, weight = 1.000 -> ind_ToxPot = 0.287, efac = 0.986 => wgt_ToxPot = 0.283 

Target  7 = ERa  : affinity = 4.245e-05, esd = 8.374e-06, weight = 1.000 -> ind_ToxPot = 0.222, efac = 0.975 => wgt_ToxPot = 0.217 

Target  8 = ERb  : affinity = 1.195e-04, esd = 1.574e-05, weight = 1.000 -> ind_ToxPot = 0.180, efac = 0.984 => wgt_ToxPot = 0.177 

Target  9 = GR   : affinity = 1.092e-09, esd = 1.334e-10, weight = 1.000 -> ind_ToxPot = 0.653, efac = 0.985 => wgt_ToxPot = 0.643 

Target 10 = hERG : affinity = 1.848e-08, esd = 3.455e-09, weight = 1.000 -> ind_ToxPot = 0.537, efac = 0.977 => wgt_ToxPot = 0.525 

Target 11 = LXR  : affinity = 7.796e-05, esd = 1.521e-05, weight = 1.000 -> ind_ToxPot = 0.198, efac = 0.976 => wgt_ToxPot = 0.193 

Target 12 = MR   : affinity = 5.042e-08, esd = 1.000e-08, weight = 1.000 -> ind_ToxPot = 0.497, efac = 0.975 => wgt_ToxPot = 0.484 

Target 13 = PPARg: affinity = 1.122e-06, esd = 1.542e-07, weight = 1.000 -> ind_ToxPot = 0.370, efac = 0.983 => wgt_ToxPot = 0.364 

Target 14 = PR   : affinity = 5.515e-08, esd = 7.619e-09, weight = 1.000 -> ind_ToxPot = 0.493, efac = 0.983 => wgt_ToxPot = 0.484 

Target 15 = TRa  : affinity = 3.432e-04, esd = 5.580e-05, weight = 1.000 -> ind_ToxPot = 0.137, efac = 0.980 => wgt_ToxPot = 0.135 

Target 16 = TRb  : affinity = 1.448e-05, esd = 4.073e-06, weight = 1.000 -> ind_ToxPot = 0.266, efac = 0.965 => wgt_ToxPot = 0.257 

-> sorted wgt_ToxPot:  0.643 [1]  0.525 [4]  0.484 [1]  0.484 [1]  0.450 [1]  0.364 [2]  0.327 [5]  0.283 [5]  0.257 [2]  0.245 [3]  0.217 [1]  0.193 [2]  
0.192 [5]  0.177 [1]  0.169 [5]  0.135 [2] 

=> toxic potential (16 targets) = 0.694 [  **]: highest individual contribution (0.643) from GR 
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1.7.3. Physico-chemical considerations 
  

Computational assessment of a compound’s toxicity should always be discussed along with its 
ADME properties as those define the bioavailability — a prerequisite for triggering a molecular 
mechanism leading a side or toxic effect. To assess the physico–chemical properties, different 
pieces of software are available, for example the QikProp software from Schrödinger. As an 
example, budesonide, a GR agonist (cf. 1.7.2) is employed. For clarity, only the most relevant 
results are shown. Those include log P, oral bioavailability and cell permeability. The polar sur-
face area (PSA) is computed at 99.3 Å2. 
 
 

 

Figure 21. Physico-chemical properties of budesonide. The values were calculated using Schrödinger’s QikProp 
software as embedded in the VirtualDesignLab (cf. www.ncbi.nlm.nih.gov/pubmed/25205292). 
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1.8 Results 

Table 4. VirtualToxLab: Binding-affinity profile and estimated toxic potential for selected compounds. 
 

 
 

 

 Bisphenol A Genistein TCDD 

Androgen receptor 150 nM 27 µM 83 µM 
Aryl hydrocarbon receptor 700 nM 40 µM 110 nM (MD: 11 nM) 
CYP450 1A2 not binding not binding 34 µM 
CYP450 2C9 not binding not binding 58 µM 
CYP450 2D6 8.9 µM not binding 46 µM 
CYP450 3A4 not binding not binding 56 µM 
Estrogen receptor α 180 nM 2.7 µM 18 µM 
Estrogen receptor β 120 nM 160 nM 16 µM 
Glucocorticoid receptor 570 nM 4.6 µM 19 µM 
hERG 860 nM 11.5 µM 61 µM 
Liver X receptor not binding not binding not binding 
Mineralocorticoid receptor 2.9 µM 36 µM 95 µM 
PPARγ 8.3 µM 27 µM 30 µM 
Progesterone 3.1 µM 4.5 µM 16 µM 
Thyroid receptor α 3.6 µM 48 µM 24 µM 
Thyroid receptor β 990 nM 2.9 µM 12 µM 

Toxic potential 0.485 0.462 0.493 (MD: 0.608) 
    

 
 

   
 Diethylstilbestrol 17β-Estradiol Vitamin C 

Androgen receptor 270 nM 9.5 nM not binding 
Aryl hydrocarbon receptor 1.1 µM 8.6 µM not binding 
CYP450 1A2 2.3 µM 12 µM not binding 
CYP450 2C9 4.5 µM 61 µM not binding 
CYP450 2D6 16 µM 29 µM not binding 
CYP450 3A4 6.4 µM 45 µM not binding 
Estrogen receptor α 3.9 nM 15 nM not binding 
Estrogen receptor β 2.9 nM (MD: 15 nM) 7.2 nM (MD: 3.6 nM) not binding 
Glucocorticoid receptor 89 nM 130 nM not binding 
hERG 75 nM 1.0 µM not binding 
Liver X receptor 23 µM 4.9 µM 63 µM 
Mineralocorticoid receptor 180 nM 210 nM not binding 
PPARγ 380 nM 1.6 µM not binding 
PR 110 nM 130 nM not binding 
Thyroid receptor α 15 nM 410 nM not binding 
Thyroid receptor β 42 nM 58 nM 20 µM 

Toxic potential 0.655 (MD: 0.650) 0.606 (MD: 0.612) 0.253 
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Tables 4/5 list the computed toxic potential for selected compounds. The complete listing with 
2,500+ compounds is found at www.biograf.ch/data/projects/virtualtoxlab_results.php 
 

Table 5. VirtualToxLab: Estimated toxic potential for selected compounds 

Compound Weighted toxic potential Class1 Main target Comments 

Aflatoxin 0.284 –  mycotoxin 
Aldosterone 0.636 ** MR mineralocorticoid 
Alosetron 0.525 *  5HT3 antagonist 
Ambrox 0.261 –  perfume odorant 
Batatasin III 0.494 ~  natural stilbenoid 
Benfluorex 0.515 *  anorectic drug 
Benzo[a]anthracene 0.541 * (AhR) environmental toxin 
Benzo[a]pyrene 0.548 * (AhR) environmental toxin 
Benzophenone-12 0.474 ~  UV filter 
3-Benzylidene camphor 0.423 ~  UV filter 
Benzylpenicillin 0.272 –  antibiotic 
Bisphenol A 0.485 ~  polymer additive 
Bisphenol B 0.493 ~  polymer additive 
Brassinolide 0.597 *  plant steroid 
Bumetrizole 0.484 ~  UV absorber 
Cafestol 0.568 * (ERβ) diterpene (coffee) 

Cisapride 0.561 * (hERG) 5HT4 agonist 
Citronellol 0.354   insect repellant 
Clostebol 0.557 * (AR) anabolic steroid 
Danazol 0.642 ** AR+2D6 withdrawn steroid 
DDT 0.485 ~ (AhR) pesticide 
Dehydrochloromethyltestosterone 0.544 * (AR) anabolic steroid 
Dibenzo[ah]anthracene 0.614 ** AhR environmental toxin 
2,4-Dichlorphenocacetic acid 0.478 ~  herbicide 
Diethylstilbestrol 0.655 ** ERα withdrawn drug 

Digoxigenin 0.543 *  natural steroid 
Drospirenone 0.385 –  oral contraceptive 
E104 0.307 –  food dye 
E121 0.531 * (AhR) food dye 
Ecstasy 0.363 –  psychedelic 

17β-Estradiol 0.612 ** ERβ female sex hormone 

Ethinylestradiol 0.658 ** ERβ oral contraceptive 

Fluoxetine 0.567 *  antidepressant 
Galaxolide 0.359 –  musk fragrance 
Genistein 0.462 ~  antioxidant 

1 ***: wTP > 0.7 (very high), **: wTP  > 0.6 (high), *: wTP  > 0.5 (elevated), ~: wTP > 0.4 (moderate),  –: wTP ≤ 0.4 (low) 
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Compound Weighted toxic potential Class1 Main target Comments 

Gestrinone 0.618 ** AR steroid hormone 
Glaucine 0.429 ~  alkaloid 
Hedione 0.435 ~  perfume odorant 
Heroin 0.207 –  synthetic opioid 
Kaempferol 0.424 ~  flavonoid 
1,2,3,4,7,8-Hexachlorodibenzofuran 0.493 ~ (AhR) environ. pollutant 
Levonorgestrel 0.587 *  oral contraceptive 
Limonene 0.244 –  flavorant 
Lorazepam 0.575 *  psychotropic drug 
LSD 0.414 ~  withdrawn drug 
Metconazole 0.622 ** 3A4 pesticide 
3-Methylcholanthrene 0.563 *  environmental toxin 
Methylparabene 0.291 –  fungicide 
Methyltrienolone 0.543 *  anabolic steroid 
4-Methylbenzylidene camphor 0.428 ~  UV filter 
Mibefradil 0.380 –  antihypertensive 
Mirex 0.362 –  insecticide 
Musk ketone 0.289 –  musk fragrance 
Naringenin 0.351 –  flavonoid (grapefruit) 
Nicotine 0.310 –  tobacco alkaloid 
Norethynodrel 0.583 *  oral contraceptive 
Ovalene 0.617 ** AhR environmental toxin 
Perylene 0.402 –  environmental toxin 
Pioglitazone 0.365 –  antihyperglycemic 
Pregnenolone 0.512 *  prohormone 
Pyrene 0.314 –  environmental toxin 
Repaglinide 0.376 –  diabetes II drug 
Resveratrol 0.468 ~  phytoalexin 
Stanozolol 0.605 ** AR anabolic steroid 
Sucralose 0.481 ~  artificial sweetener 
TCDD 0.608 ** AhR carcinogen 
Tetrahydrogestrinone (THG) 0.610 ** AR anabolic steroid 
Triazolam 0.541 *  sedative 
Trovafloxacin 0.312 –  antibiotic 
Vat Yellow 4 0.652 ** AhR anthraquinone dye 
Vitamin A 0.504 *  retinol 
Vitamin C 0.207 –  L-ascorbate 
Warfarin 0.274 –  anticoagulant 
Zearalanol 0.515 *  mycotoxin metabolite 

1 ***: wTP > 0.7 (very high), **: wTP  > 0.6 (high), *: wTP  > 0.5 (elevated), ~: wTP > 0.4 (moderate),  –: wTP ≤ 0.4 (low) 
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1.9 Interpretation of the binding modes 
 

While the calculated binding affinities towards the individual target proteins — along with the 
toxic potential — are certainly an important piece of information to assess a compound's ability 
to trigger adverse effects, it should be kept in mind that those values are obtained by an mQSAR 
technology (software Quasar) which — as all in QSAR approaches — might be jeopardized by 
extrapolation. Although the VirtualToxLab employs consensus scoring (i.e. 4D scoring at the li-
gand–protein complex combined with 6D-QSAR), the predicted values might still be incorrect. 
Based on our internal test database (featuring 1,288 compounds), predictions are typically with-
in a factor of 10 from the experimental value but exceptions, of course, occur. It is therefore of 
utmost importance to check the predicted binding mode by means of the embedded (or a third-
party) 3D viewer. Figures 22–24 show examples of excellent, questionable and possibly errone-
ous predictions. 
 

 

 

 
   

 

 

 
Figure 22. High affinity corresponds well with the observed binding mode. Top left: Diethylstilbestrol binding to 

the estrogen receptor α. The calculated affinity of 0.96 nM corresponds well with the experimental value 
of 0.23 nM. Top right: Genistein binding to the estrogen receptor β. The calculated affinity of 10.7 nM 
corresponds well with the experimental value of 12 nM. Bottom left: Dehydrochloromethyltestosterone 
binding to the androgen receptor (calculated affinity = 11.1 nM). Bottom right: Alclomethasone binding 
to the glucocorticoid receptor (calculated affinity = 2.82 nM). All hydrogen-bonding functionalities are 
well saturated and hydrophobic parts are embedded in lipophilic pockets. Hydrogen bonds are shown as 
yellow dashed lines. All images are in 3D. 
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Figure 23. High affinity corresponds only in part with the observed binding mode. Left: Abietic acid binding to the 

progesterone receptor (calculated affinity = 2.3 nM). Right: Albendazole binding to the aryl hydro-
carbon receptor (calculated affinity = 40 nM). Some but not all hydrogen-bonding functionalities are 
saturated and hydrophobic parts are typically embedded in lipophilic pockets. Hydrogen bonds are 
shown as yellow dashed lines. Both images are in 3D. 

 
 

 

 

 
Figure 24. The observed binding mode cannot truly explain the calculated high affinity. Left: Rofecoxib binding to 

the estrogen receptor α (calculated affinity = 1.8 nM). Right: Acanthoic acid binding to the aryl hydro-
carbon receptor (calculated affinity = 29 nM). The hydrogen-bonding functionalities are not saturated 
and/or hydrophobic parts are exposed to the solvent. Hydrogen bonds are shown as yellow dashed lines. 
Both images are in 3D. 

 
 

Kinetically stability of a ligand–protein complex 
 
As discussed in section 1.7 (cf. below), toxicity of a compound should always be discussed in 
the ADME context, the kinetic stability of a complex should — for compounds/results of great 
interest — always be assessed by subsequent molecular-dynamics simulations. For this purpose 
use the “Get 3D structure” button (Premium licenses only) and submit the resulting PDB file to 
the MD package of your choice. An example of the dynamic interpretation of the binding of 
resveratrol to estrogen receptor β is described in Vedani, A., Dobler, M, Smiesko, M. (2012). 
VirtualToxLab — A platform for estimating the toxic potential of drugs, chemicals and natural 
products. Toxicol. Appl. Pharmacol. 261, 142–153, another in Vedani, A., Dobler, M., Hu, Z., 
Smiesko, M. (2015). OpenVirtualToxLab — A platform for generating and exchanging in silico 
toxicity data. Toxicol. Lett. 32, 519–532. 
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2 Limitations of the technology 
 

Toxicity of a compound should always be discussed in the ADME context as these parameters 
define the predisposition of a compound — a prerequisite for triggering the molecular mecha-
nism leading a toxic effect. Only when successfully combining these aspects, one might be in a 
position to predict a toxic endpoint. Otherwise one should employ the term “toxic potential”, 
implying that other conditions must be met in order for an adverse effect to manifest itself. 
 
It is important to emphasize that the VirtualToxLab is based solely on thermodynamic conside-
rations, i.e. ignoring mechanisms influencing the availability of a compound at the site of action 
and its ADME properties. Compounds displaying a high toxic potential should not instantly be 
classified as dangerous. Instead, the kinetic stability of the protein–ligand interactions may be 
investigated by using molecular-dynamics simulations (cf. below for resveratrol). Similarly, 
compounds featuring a low toxic potential should not be interpreted as benign, as adverse effects 
may be mediated through other targets or by other mechanisms. The main advantage of the 
technology is that the TP is derived from the quantified ligand–protein interaction at the atomic 
level. Consequently, each TP is associated with 16 three-dimensional protein–ligand complexes 
that can be inspected in real-time 3D. In summary, false-positive predictions are to be expected 
for compounds with low bioavailability or labile kinetic binding. This is the case in part for 
resveratrol (cf. below). False-negative predictions may simply be due to the fact that a com-
pound does not significantly bind to any of the 16 target proteins currently simulated with the 
technology. Ochratoxin A, a highly toxic mycotoxin, for example is predicted with a moderate 
TP of 0.525 — apart from its unknown primary target (VTL suggests TRα among the 16 tested 
targets), the compound binds to serum albumin which prevents a fast excretion. 
 
False-negative prediction • Compound does not bind to any of the 16 tested targets 

• Correct binding pose could not be identified (e.g. too large 
induced fit or too short sampling period) 

• Active species is metabolite of the parent compound 
False-positive prediction • Compound is not bio-available 

• Binding is thermodynamically, but not kinetically favored 
Toxic potential • While useful for a first classification, this quantity should 

always be interpreted with reservation (cf. Figure 12). 
Binding mode(s) • The binding mode(s) is the most reliable piece of informa-

tion of the VirtualToxLab and should, therefore, receive the 
highest attention. It is identified in by the software (Aligna-
tor and Cheetah) which both allow for induced fit. None-
theless, for very small and very large compounds the em-
ployed protocol may not be exhaustive (cf. Figure 12). 

Binding affinity • Effective version 5.0, the binding affinity is calculated by 
means of 4D Boltzmann scoring which provides “thermo-
dynamic” binding affinities (cf. section 1.6). In addition to 
MD simulations, the details of ligand binding mode should 
always be inspected to verify or disproved (cf. Figures 15–
17). A simple way to assess the validity of a binding pose is 
to count the number of hydrogen bonds (→ VTLviewer) 
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Who uses the VirtualToxLab? 
 
Currently, the VirtualToxLab and OpenVirtualToxLab technologies are worldwide used by 82 
institutions (cf. www.biograf.ch/images/VTLUserMap.png): 
 

 
 

Applications to the OpenVirtualToxLab are free for academic and non-profit organizations are 
accepted at www.biograf.ch/data/projects/OpenVirtualToxLab.php — all other users, please re-
fer to www.biograf.ch/index.php?id=projects&subid=virtualtoxlab to obtain a VirtualToxLab li-
cense. The latter offers additional features to the free license, e.g. the download of the complete 
3D ligand–protein complex structures (PDB format). 
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