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Abstract
A data set of 48 propafenone-type modulators of multidrug resistance was used to investigate
the influence of learning rate and momentum factor on the predictive power of artificial
neural networks of different architecture. Generally, small learning rates and medium sized
momentum factors are preferred. Some of the networks showed higher cross validated Q~
values than the corresponding linear model (0.87 vs. 0.83). Screening of a 158 compound
virtual library identified several new lead compounds with activities in the nanomolar range.

Introduction
Artificial neural networks (ANNs) gain increasing interest in the field of drug design. After a
proper learning procedure, ANNs should be able to ,,recognizeG'basic correlations in a given
data set and to predict e.g. physicochemical properties and pharmacological activity.
Recently, both Sadowski & ~ u b i n ~and
i ' Ajay et a1.2 showed, that ANNs can be trained to
predict whether a molecule is drug like or non-drug like. An identical approach was used for
the design of combinatorial libraries with CNS activity3. The ability for ANNs to deal with
non-linear dependencies should favour their use for quantitative structure-activity relationship
(QSAR) studies of complex biological phenomena, such as multidrug resistance. Although

'
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one of the basic underlying mechanisms for development of multiple drug resistance, namely
overexpression of drug transport systems such as P-glycoprotein (PGP), is well characterized,
the interaction of inhibitors with PGP is not hlly understood yet4. On a molecular basis, both
,,unspecificu membrane interaction and ,,specific6' protein interaction seem to take place
simultaneously5. Systematic QSAR-studies on propafenone-type (1) inhibitors of PGP clearly
revealed, that at least for e.g. diphenylalkylamines (2) the observed ECso values for efflux
inhibition may reflect a combination of both interaction r n ~ d e s Thus,
.~
ANNs should be a
versatile tool for QSAR-analysis of modulators of multidrug resistance. Although the use of
ANNs usually does not allow to get concrete information on how to modify chemical
structures, a well trained ANN may be a versatile tool for screening large virtual libraries to
identify new lead compounds. In a preliminary study we were able to demonstrate, that ANNs
trained with a combination of Hansch- and Free-Wilson type descriptors as input variables
show good predictive ability for PGP-inhibitory activity7. The present study focuses on a
further optimization of the training conditions.

Propafenone (1)

Methods
Data set
The data set used consists of 48 propafenone-type MDR-modulators previously described in a
QSAR study8. Each compound is characterised by 4 physicochemical parameters and 21
indicator variables. On principle, both variations in the vicinity of the nitrogen atom and the
phenone moiety were introduced. Therefor, 19 Free-Wilson type indicator variables (XI-XI9)
were used to describe the different substitution pattern with XI-X7denoting variations on the
nitrogen atom and Xs-Xl9 encoding for changes in the phenone moiety. In general, descriptors
defined structural differences with respect to the lead molecule propafenone. The indicator
variables I, and Ip encode for the substitution pattern on the central aromatic ring system.
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(ortho -+ meta) COC2H4Ph
(ortho -+ meta) COCH3
Table 1: Descriptors XI - XI9

Table 2: Encoding of compounds GP 01 (propafenone) - GP 3 86
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For description of physicochemical properties both calculated logP and molar refraction (MR)
were used. Corresponding values were calculated using the software package MOLGEN (for
further details see ref. 8). Both parameters were shown to be highly predictive for PGPinhibitory activity. In order to characterize the influence of lipophilicity in more detail, the
partial logP values of the substituent on the nitrogen atom (logPN)and on the central aromatic
ring moiety (log Pa,) were also calculated.
PGP-inhibitory activity
For measurement of pharmacological activity the daunomycin efflux assay was used.9 Briefly,
PGP expressing CCRF-CEM vcrlOOO T-lymphoblast cells9 were incubated with medium
containing 3 pmolll daunomycin to reach a steady state of accumulation. Extracellular
fluorochrome was removed and cells were resuspended in medium containing either no
modulator or chemosensitizer at various concentrations. Generally, 8 serial dilutions were
tested for each modulator. After 1, 2, 3 and 4 min aliquots of the incubation mixture were
drawn and measured on a Becton Dickinson FACScalibur flow cytometer as de~cribed.~
Parental CCRF-CEM cells were used to compensate for simple membrane diffusion, which
was less than 3 % of the efflux rates observed in resistant cells. Dose response curves were
fitted to the data points using non-linear least squares and EC50 values were calculated as
described.*
ArtlJicial neural networks
Generally, three layer feed forward networks of different architecture were used. All networks
were trained using the backpropagation algorithm and a sigmoid transfer function in the
hidden layer and output layer. Thus, in addition to the number of hidden layer units the
learning rate (LR)".".'~ and the momentum factor (MF)" were identified as the main factors
influencing network performance. In preliminary studies the following configurations were
determined as being optimal: 255: 1 (all input variables were used), 19:5:1 (only Free-Wilson
type indicator variables X1-X19 were used) and 7:4: 1 (only those descriptors which remained
in the final equation of a multiple linear regression analysis were used: MR, Ip, Xp, Xq, X5,
x7, X8)
For examination of the best training parameters the software package NEUROMAT-NT (K.J. Schaper, Borstel) was modified to enable automatic leave one out cross validation.
Additionally, this software package offers the unique feature of a forgetting algorithm.I3 After
a given number of training-epochs all weights are reduced by a small amount (i.e. partial

Artificial Neural Networks in Drug Design II: Influence of Learning Rate and ...

61

forgetting of previously extracted information). Those weights which are important for a
proper performance of the network will recover to their original level during consecutive
training cycles. Those which are not necessarily involved in description of PGP-inhibitory
activity will stay at the new (lower) level. After several thousand cycles, unimportant weights
will change to about zero and thus allow to identify neurones which were not important for
the description of pharmacological activity.
Although due to the general flexibility of artificial neural networks scaling of variables is not
required, a minimum/maximum scaling procedure was applied to transform all variables into
a uniform value range. An additional factor was applied to set the maximum to 0.9 and the
minimum to 0.1. This enables the network to gain greater flexibility for prediction of output
values beyond the values used in the training procedure.
The momentum factor was varied from 0.0 1 to 0.8 (0.01, 0.05, 0.1, 0.2, 0.4, 0.8) and the
learning rate from 0.01 to 0.2 (0.01, 0.05, 0.1, 0.2). Learning rates higher than 0.2 led to
oscillations of the network during training. The number of epochs (max 15000) and the
overall error (max. 0.1) were used as stopping conditions. Each possible combination of MF
and LR was used, whereby training of the respective ANNs was performed both with and
without forgetting. Each training run started with new randomly selected weights. In
summary, 48 different training conditions had to be applied for each network configuration.
For each of these 144 networks a leave-one-out cross validation was performed to check the
predictive ability.

Results
Predictive Power
For the given data set, the predictive power generally is satisfactory with
between 0.45

-

va values

in

0.87 (Table 3). With the exception of the 25:5:1 network, no statistically

significant differences in the mean performance of training with and without forgetting could
be observed (t-test).

With forgetting
R

Q=cv

Without forgetting

R

9 c v

25:5:1

0.77-0.91

0.52-0.83

0.74-0.88

0.45-0.87

19:5:1

0.79-0.90

0.54-0.80

0.80-0.91

0.57-0.82

7:4:1

0.85-0.92

0.67-0.85

0.83-0.91

0.63-0.82

Table 3 : Statistical parameters for predictive power of different networks
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Training conditions
Figures l a and l b show the influence of momentum factor and learning rate on the predictive
power (2551). When using NEUROMAT NT small learning rates and medium sized
momentum factors are preferred. Learning rates higher than 0.2 lead to oscillation of the
network. Nevertheless, this seems to be a specific disadvantage of the tmbhg algorithm
implemented in NEUROMAT NT. Best cross validated @ values were obtained with the
255: 1 network without forgetting, a LR of 0.05 and a MF of 0.1. This network showed higher
predictive ability than the corresponding linear model (@,

= 0.83). Nevertheless, applying a

fit procedure to the data points (STATISTICA), optimal MF values seem to be in the range of
0.5, which is in accordance with values reported in ref. 10 (Figures la, lb).

Figure la: Influence of learning rate (LR)
and momentum factor (MF) on the
predictive power (without forgetting)

Figure lb: Influence of learning rate (LR)
and momentum factor (MF) on the
predictive power (with forgetting)

Screening of a small virtual library
Theoretically, a total of 206 substances, of which 48 are already synthesized and
pharmacologically tested, can be described by use of the proposed 21 indicator input
variables,. Thus, we generated a virtual library consisting of the remaining 158 compounds.
PGP-inhibitory activity of the virtual compounds was predicted using those 3 networks
(25:5:1, 19:5:1, 7:4:1), which gave highest Q~values in the leave one out cross validation

runs. Due to the fact, that the sigmoid transfa fimction in the output neurone gives output
values in the range of 0-1, scaling and &scaling of the output data is very important. If the
scaling routine applied during the training process (usually minimum-maximum scaling) does
not allow enough flexibility on both sides of the activity range, the calculated output data will
follow the sigmoid transfer function of the output neurone (compare Figures 2a and 2b, where
activities predicted by ANNs with restricted and relatively unrestricted scaling ranges are
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plotted against activities predicted on basis of a MLR equation). Almost identical results were
obtained with all 3 networks with respect to the chemical structure of those compounds
predicted as highly active or as almost inactive (Table 4). Generally, 5-benzyloxy-analogues
(DK072, DK100) with a 4-phenyl-4-hydroxy-piperidinosubstituent were predicted as highly
active. On the other hand, 5-hydroxy-analogues with a morpholino substituent (DK081,

DK15 1) were predicted as almost inactive (Figure 3).

Figure 2a: Scaling for midmax = L1.0

Figure 2b: Scaling for midmax = k5.0

Table 4: predicted ECsovalues for selected
compounds of the virtual library

Figure 3 : Chemical structures of compounds DK072, DK08 1, DK 100 and DK 15 1
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This demonstrates, that indeed some of the main predictive factors for MDR-modulating
activity, such as high lipophilicity or the presence of a 4-hydroxy-4-phenyl-piperidyl
substituent, were identified and used for prediction of the activity of new compounds.
Nevertheless, as shown previously,'4 in case of a 5-benzyloxy substitution, ECsovalues seem
to level at 1 pM, independent of the corresponding logP values. Thus, synthesis and
pharmacological testing of a range of compounds with different predicted activity will show
the validity of concept of virtual library screening using artificial neural networks as a tool for
the design of new, highly active compounds.
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