UNCERTAINTY OF THE IN VITRO EXPERIMENTS IN THE CONSTRUCTION OF PREDICTIVE MODELS
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Introduction

Molecular modeling methods, although abstract, are always drawing from experimental
data, either as a very basis, upon which the model Is constructed (e.g. pharmacophore
models) or as a training/verification element (docking, machine learning) [1]. At some stage,
they all use knowledge about the activity of a given group of compounds.

There I1s a number of databases providing guantitative information about the biological
activity of chemical compounds, such as ChEMBL, PDSP and PubChem. However, due
to the inconsistency of the results obtained in in vitro experiments, for some compounds
there iIs more than one K; (or equivalent) value provided (e.g. for cocaine, there are 815
different activity records (with differences occurring also within the same assays) stored
In the ChEMBL database [2]).

This study introduces the uncertainty of the biological data as a parameter for the Support
Vector Machine (SVM) In classification experiments.

Methods

Eight protein targets were selected for the study: serotonin receptors 5-HT,,, 5-HT,., 5-HTy,
and 5-HT-, muscarinic receptor M,, histamine receptor H,, HIV integrase (HIVi), and HIV
protease (HIVp). Compounds with experimentally verified activity towards those were
selected from the ChEMBL database. Only compounds, for which the activity was quantified
In Ki or IC,, (it was assumed that K, = 1C.,/2) and which were tested in assays on human,
rat cloned or native receptors, were taken into account (Figure 1A). Structures were
considered active, when the median value of all K; values provided for particular instance
was lower than 100 nM and inactive when it was higher than 1000 nM. The numbers of
active and Inactive compounds for each target are gathered in Table 1. Four different
fingerprints were used as representations, generated with the use of PaDEL-Descriptor
(Table 2) [3].

Support Vector Machine (SVM) method was selected for machine learning experiments.
The core concept behind SVM is to seek for the hyperplane (defined by its normal and
distance from the origin), that separates the binary labeled data in such a way that the
margin (sum of minimum distances from the hyperplane to the nearest data points of both
classes) is maximized [4].

In order to incorporate the uncertainty measure to our problem, several weighting schemes
were developed (Figure 1B):

a) standard classification
1
j2=1 Nj

b) class weighting ¢; =1 —

c) weights linearly proportional to logarithm of K.: ¢; = |log; K; — 2.5|

1
logio( var(Kj))+1

d) weights invertibly proportional to logarithm of K, variance: c; =

e) weights exponentially proportional to K. variance: c; = exp~Va i
f) — h) weighting schemes c) — e) combined with class weights (defined in b))
where:

c; — weight assigned to particular example

N; — number of compounds in particular class

Ki— median of K, values provided for particular compound
var(K,) — variance of K; values provided for particular compound

Results

As expected, the introduction of information about the uncertainty of biological experiments
affects the results of SVM classification (Figure 2). Out of 7 different weighting approaches,
weights linearly proportional to K; values turned out to provide the improvement of the
results (both with and without inclusion of the class weights) for all tested compounds
representations (the improvement in all cases was at the level of 1-2% in terms of MCC).

Simple class weighting, led to the enhancement of SVM performance in the majority of
experiments only for KlekFP. The experiments have shown, that the exponential
dependence on Ki variance does not affect the SVM experiments by any means, whereas
the logarithmic dependence uplifted MCC only in some cases for MACCSFP and SubFP.

Conclusions

Uncertainty of the biological experiments is an important aspect of in silico research.
However, as our experiments prove, the method of incorporating such knowledge also has
an effect and should be carefully considered for any type of molecular modeling approach.
Although the increase of MCC was not significant (1-2%), the effect is noticeable as so
consitutes a valuable starting point for further optimization of the weighting protocol.
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Table 1. Numbers of compounds used in the experiments

Number of Number of
Target ) ) :
actives inactives
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HIV-related proteins
HIV integrase
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Table 2. Fingerprints used for compounds representation

Fingerprint (FP)
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Figure 1. Scheme of the work carried out within the study
A. Sets preparation

B. Machine learning experiments

O 100
§ 90
c £

q—) A 80
o o 70
x:

c B 60
S w©

£ 17 50
2 0

S & 40
w S

€ 3 30
v ‘o

g 8 20
g £ 10
X O

g e 0
o '

2

fingerprint

hashed
substructural
substructural
substructural

\

(number of bits)

1024
4860
166
308

Machine learning
experiments

Standard SVM

SVM with uncertainty-
based weighting scheme

¥

Class weights

Weights linearly
proportional to
logarithm of K;

Weights linearly
proportional to
logarithm of K;
* class weights

Weights invertibly
proportional to K;
variance

Weights invertibly
proportional to K;,
variance
* class weights

Weights exponentially
proportional to K;
variance

Weights exponentially
proportional to K,
variance
* class weights

(}fz?% (Q\/p (},bc,)‘o &\@\ (}’b(;o &‘p\
RO % P S/ R
) X Q&7 X Q7
N3 O @&5\ &\\/ 2
/
\0@ (&‘\@ 2
&

Weighting scheme

= ExtFP

1 KlekFP

B MACCSFP
o SubFP

Figure 2. Comparison of the influence of adding information about the uncertainty of K; values on the SVM

performance.
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