Applying Pharmacophore Fingerprints to Proteochemometrics Methods for Protein Annotation 

Corwin Joy

Objective:

Replicate the work done in [Wikberg 2002] to create a proteochemometric model of a set of GPCR receptors and ligands but using pharmacophore fingerprints [Muskal 1999] to describe the ligands.

Background:

In [Wikberg 2002] the authors show how they are able to create a QSAR type model to predict protein-ligand receptor interaction terms using the physio-chemical characteristics of the protein, the ligand as described by Almond GRIND descriptors, and cross terms. In this study we extend their work by considering pharmacophore fingerprints as descriptors for the ligands.   The motivation behind looking at pharmacophore fingerprints to describe ligands is as follows:

1. Fingerprints can be calculated quickly and automatically, facilitating their use versus a large potential data set of ligands.

2. Pharmacophore fingerprints have been used successfully in a number of QSAR studies and give coefficients which are easy to interpret visually as pharmacophore triangles. This makes it much easier to tell if the predicted coefficients make sense and are correct.

3. The resulting fingerprint can be used to quickly scan large chemical databases and would therefore have valuable applications in combinatorial library design and rapid initial screening of a set of ligands based on a protein amino acid sequence.

4. Because these fingerprints are designed to work with large data sets of ligands they may prove particularly valuable as a tool for genomic functional annotation.

Pharmacophore Fingerprint Overview:
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In the original study, the pharmacophore triangles that were found as significant coefficients in the PLS / QSAR regression were visually mapped to the most potent ligands in the training data set:
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Figure 4. Tllustration to show a mapping of pharmacophore 1624
from Table 4 onto (i) estradiol (top), the natural ligand, and (if)
diethylstilbestrol (bottom), the most potent compound in data set
1. The hydroxyl groups are both hydrogen bond donors and
acceptors (D, A), and the centroid of the aromatic ring is shown.

Table 4

distances types
rank  pharmno.  weight 1 2 3 1 2 3
1 1624 0.0832 7-10 10-14 A D R
2 1673 0.0805 7-10 10-14 D D R
3 1670 0.0778 7-10 10-14 D D H
4 1667 0.0770 7-10 10-14 D D X
5 1663 0.0755 7-10 10-14 D A H
6 840 0.0724 45-7 7-10 H D R
7 3889 0.0724 45-7 10-14 D D H
8 1666 0.0719 7-10 10-14 D A R
¥ 1618 0.0680 7-10 10-14 A D X
10 1660 0.0680 7-10 10-14 D A X
10540 3523 —0.0638 45-7 45-7 X A D
10541 728 —0.0649 45-7 7-10 A X R
10 542 365 —0.0657 2-45 7-10 A R X
10 543 696 —0.0662 45-7 7-10 X H D
10 544 484 —0.0672 45-7 45-7 X A A
10 545 3522 —0.0672 45-7 45-7 X A A
10 546 1443 —0.0674 7-10 7-10 H X X
10 547 681 —0.0716 45-7 7-10 X A A
10548 288 —0.0719 2-45 2-45 7-10 X A X
10 549 485 —0.0754 2-45 45-7 45-7 X A D






Results:
Using the methodology described below PLS regression was run using transmembrane sequences, pharmacophore fingerprints, and cross-products between these two terms to explain the binding affinity of several anti-psychotic compounds for a set of GPCR receptors.  This gave the following regression results

	Predictor Columns
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	Fingerprint only
	.156
	.114



	Transmembrane + Fingerprint
	.473
	.182



	Transmembrane * Fingerprint 

(cross product only)
	.32
	.251

	Transmembrane + Fingerprint + Cross product
	.62
	.50

	Validation: Random Ys, TM + fingerprint + cross product
	0.03
	-.159


So, for fingerprints, we were able to obtain a reasonable fit only by including cross products. This, along with the fact that the largest coefficients in the fit were cross products (see below), seems to indicate that cross products / ligand – receptor interactions play a significant role in explaining the variation in binding affinity as claimed by Wikberg et. al.

We then examined the largest positive and negative coefficient values for the first principal component of the regression highlighted in bold above:

	F505 x TM4 PC 3
	15.96
	
	F505 x TM2 PC 3
	-11.14

	F508 x TM4 PC.3
	15.96
	
	F508 x TM2 PC 3
	-11.14

	F569 x TM4 PC 3
	15.96
	
	F569 x TM2 PC 3
	-11.14

	F687 x TM4 PC 3
	15.96
	
	F687 x TM2 PC 3
	-11.14

	F771 x TM4 PC 3
	15.96
	
	F771 x TM2 PC 3
	-11.14

	F774 x  TM4 PC 3
	15.96
	
	F774 x TM2 PC 3
	-11.14

	F1163 x TM4 PC 3
	15.96
	
	F1163 x TM2 PC 3
	-11.14

	F1576 x TM4 PC 3
	15.96
	
	F1576 x TM2 PC 3
	-11.14

	F1702 x TM4 PC 3
	15.96
	
	F1702 x TM2 PC 3
	-11.14

	F3616 x TM4 PC 3
	15.96
	
	F3616 x TM2 PC 3
	-11.14

	F3816 x TM4 PC 3
	15.96
	
	F3816 x TM2 PC 3
	-11.14

	F4208 x TM4 PC 3
	15.96
	
	F4208 x TM2 PC 3
	-11.14


So, for example, the model predicts that the product of fingerprint column 505 and the fourth transmembrane region principle component 3 (TM4 PC 3) play a significant role in explaining the variation in ligand binding.

The above listed pharmacophores correspond to the following entries in the fingerprint scheme:


      A - hydrogen bond acceptor
      D - hydrogen bond donor
      H - hydrophobic
      N - negative charge
      P - positive charge
      R - aromatic

Pharmacophore hit list:

              p1
             /  \
            /    \
       d2  /      \  d3
          /        \
         /          \
        /            \
      p3 ------------ p2
              d1

505
 | 2-4.5 | 4.5-7 | 4.5-7 | A | X | X |
508
 | 2-4.5 | 4.5-7 | 4.5-7 | A | X | H |
569
 | 2-4.5 | 4.5-7 | 4.5-7 | H | A | D |
687
 | 2-4.5 | 4.5-7 |  7-10 | X | D | X |
771
 | 2-4.5 | 4.5-7 |  7-10 | D | X | X |
774
 | 2-4.5 | 4.5-7 |  7-10 | D | X | H |
1163
 | 2-4.5 | 4.5-7 | 10-14 | H | X | X |
1576
 | 2-4.5 |  7-10 | 10-14 | X | H | X |
1702
 | 2-4.5 |  7-10 | 10-14 | H | X | X |
3616
 | 4.5-7 | 4.5-7 |  7-10 | X | D | H |
3816
 | 4.5-7 | 4.5-7 | 10-14 | X | H | X |
4208
 | 4.5-7 |  7-10 | 10-14 | X | H | X |

The prevalence of X (a spacer atom) in this grouping indicates that bulk effects have a significant role in ligand binding variation here.  Similarly, hydrogen bond donors and hydrogen bond acceptors play a large role in the fingerprint.  This second result can be somewhat seen by visual inspection of the set of ligands shown below where we see that hydrogen bond acceptors like Cl, F and O are prominent (typically in the form of a pair of H bond acceptors separated by one or more benzene rings).
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Caveats:

1. The most significant fingerprints and TM sections found here can really only be expected to explain the variation in ligand binding and may not indicate the most significant components overall.  This is because the test data set only included compounds that have at least some affinity to the set of receptors.  Therefore, there may be structures that are common to all the ligands which are important for binding but do not show up in the regression since they have a zero variance (all ligands in the data set contain these attributes).  To get more information from the fit, we should include some negative results, i.e. compounds that do not bind to the receptors or bind weakly to the receptors.

2. In the fit in bold, over 4003 X terms were used.  This is a lot of variables, and when PLS is used this way it has a strong tendency to fit the data and report a 
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 or significance level that is higher than warranted. See [Korff] for details.  As a cross validation test, a regression was performed versus a random set of responses and a very low r^2 of 0.03 thereby indicating that the predictors are not so overfit as to “predict anything”. For the fingerprints, the large number of columns may be an ongoing problem since there are so many columns.  For the receptors, we can reduce the number of columns by using evolutionary trace to include only the conserved residues.  This can be seen in the regressions marked by “ET”.

3. Contrary to Wikberg, in the final model I think we only want to fit cross terms.  We are not interested in overall trends in ligand binding, rather what we want to capture is the interaction terms between ligand and receptor to see how well we can predict ligand structures from receptor sequences.  To test this hypothesis a regression will need to be performed versus a more diverse set of ligands. 

4. To help perform initial validation of the method it would be useful to add one or more sets of compounds that bind to an unrelated set of receptors.  Then we could test:

a. How well the set of pharmacophores is predicted from the interaction terms using the amino-acid coefficients.

b. How well the predicted set of pharmacophores can discriminate active versus non-active ligands.

Methodology:

Identical to [Wikberg 2002], except that pharmacophore fingerprints [Muskal 1999] were used to describe the ligands instead of GRIND descriptors as in [Wikberg 2002].  

Outline of method:

GCPR sequences:

1. Retrieved aligned GCPRS from www.gpcr.org/7tm/, from the family of Class A Rhodopsin like receptors -> Amine.  Pulled sequences listed in [Wikberg 2002]  Table 1.  

2. Encoded transmembrane regions TM1-7 using z-score descriptors 1-5 from [Sandberg].

3. Converted TM1-7 into 15 principle component scores for each TM region. Hereafter these will be referred to as TM1 – 7. (Using S Plus 2000 prinComp routine).

PKi data:

1. Retrieved pKi data from Fig. 1 of [Wikberg 2002].

Pharmacophore Fingerprint data:

1. Original fingerprint for set of ligands listed in [Wikberg 2002] obtained from Steve Muskal in file fp.bits.

2. Extracted columns from fingerprint data where the variance was > 0.01 and the correlation with the pKi (averaged across all receptors from Fig. 1 in [Wikberg 2002]) was > 0.05.

Cross products:

1. Computed cross products between the fingerprint columns and the transmembrane principal components.  Only cross products whose correlation with pKi (from Fig. 1 in [Wikberg 2002]) was greater than 30% were included as predictor variables.

PLS regression:

1. Regressed pKi on TM1-7 + fingerprints + cross products of TM *fingerprints. Regression performed using the PLS package in R and Simca-P 10.5 for additional PLS statistics and crosschecks.
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