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Abstract. We investigate which of two Artificial Intelligence techniques is su-
perior at making predictions about complex carcinogen systems. Artificial Neu-
ral Networks are shown to provide good predictions of carcinogen toxicology
bands for drugs which are themselves used to treat cancerous cells, by using a
novel system of molecular descriptors derived from the molecules’ mass spec-
trometry intensities, reduced in dimensionality by Principal Component Analy-
sis, to form a series of orthogonal descriptors which retain 95% of the variance
of the original data.

The creation of molecular descriptors from PCA-resolved mass spectrometry
data is shown to be superior to the use of Self-Organising Maps, the selection of
a series of modal fragments, or the use of every peak (within the confines of the
precepts of Artificial Intelligence). A new system of backpropagation which in-
creases network efficacy in this case is also proposed.
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1 Introduction

Computer-based drug design is an important area of pharmaceutical chemistry [1,2].
Quantitative Structure-Activity Relationships (QSARs), determined computationally
from experimental observations, are widely used to suggest candidate drugs for early
screening, reducing both the time and money spent on synthesis and in vivo testing
[3]. Computational approaches to the design of new drugs have become progressively
more significant and sophisticated as computer power has increased, and all major
pharmaceutical companies now make extensive use of these methods.

Many properties of a chemical contribute to the decision as to whether it is viable
as a drug. Apart from the obvious question of efficacy, the harm that a drug itself
presents must be sufficiently low that it not outweigh the drug’s therapeutic value.
The carcinogenicity and teratogenicity of a drug is an important area in this regard,
but modelling these kinds of complex and dynamic systems presents a significant
barrier to the advancement of this technology. Chicu, at al. [4] have used statistical
methods to predict chemicals’ toxicity in crustacea and fish, while Williams [5]
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predicted the carcinogenic effects of ATPase inhibitors using chemical structure.
Conolly et al. [6] modelled respiratory tract carcinogens in a similar way.

Artificial Intelligence techniques have, with great success, provided insight into
complex data in other spheres [7,8,9,10,11,12,13,14] suggesting that techniques such
as Artificial Neural Networks (ANNs) will provide an accurate link between molecu-
lar descriptors and physical data.

However, numerous potential architectures, parameter settings and dimensionality-
reduction techniques exist in Artificial Neural Networking and optimising these is an
essential step in the use of the method. Furthermore, it is necessary to represent phys-
ical phenomena in a theoretical frame and, consequently, discerning a representative
series of molecular descriptors is imperative. Matter [15] and Hopfinger et al. [16]
proposed that this could be achieved by creating a series of molecular descriptors to
represent an energy-minimised three-dimensional drug, and Tanabe et al. [17] subse-
quently predicted carcinogenicities using three-dimensional geometrical molecular
descriptors as a basis for supervised learning. We describe here an extension of their
work using mass spectral data, which is surprisingly effective considering its relative
simplicity.

2 Molecular Descriptors and Data

A molecular descriptor specifies some feature of a molecule, such as its dipole mo-
ment, size, or electron distribution, in an unambiguous way; the complete description
of a molecule thus requires many descriptors. Since we can anticipate that the effec-
tiveness of drugs must be related in some way to properties at the molecular level, it is
evident that connections exist between a suitably-chosen set of molecular descriptors
and the activity of a drug.

Although the most widely used molecular descriptors are a direct expression of
properties of the molecule itself, there are many examples where some derivable
property of the molecule, such as its infrared spectrum, have been used as descriptors:
this is a standard approach in Computational QSAR analysis. We have therefore in-
vestigated whether the mass spectra of candidate drugs might constitute suitable
proxy molecular descriptors. As mass spectra contain substantial amounts of informa-
tion about a sample, it is reasonable to suppose that a single mass spectrum might be
able to replace a substantial number of more conventional descriptors. Mass Spec-
trometry data were obtained from the National Institute of Standards and Technology.
The data series included a CAS Number, and a list of peaks and their intensities.

The wealth of data in a mass spectrum presents, however, a problem as well as an
advantage. When seeking correlations between an experimental spectrum and a drug’s
properties, unsupportable and unjustified interaction models might emerge through
overfitting, so our initial step is to reduce the dimensionality of the data. All mass
spectra were treated with Principal Component Analysis, creating a series of quasi-
molecular descriptors which contained 95% of the original data variance (Table 1).
The number of quasi-molecular descriptors was reduced from several thousand to
146. These new descriptors were preliminarily compared with modal (intensities of
popular fragments) and banded (similarly-sized fragments banded together) peaks.
These alternative systems were good comparators as they represent other valid
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Table 1. 146 Principal Components representing 95% of the variance of the original data

Transformed Data  Cumulative Responsibility

PC1 0.0709
PC2 0.1303
PC3 0.1738
PC4 0.2076
PC5 0.2355
PC6 0.2596
PC7 0.2823
PC 140 0.9460
PC 141 0.9468
PC 142 0.9476
PC 143 0.9483
PC 144 0.9491
PC 145 0.9498
PC 146 0.9504

methods of reducing the number of inputs, which is necessary in Artificial Neural
Networking to generate realistic, short processing runs. However, these alternative
molecular descriptors generated predictions no better than those generated through
randomisation (ie if bands had been selected at random). See Section 5.

2.1 Toxicity Data

Training data (oral, rat, TD5()) were sourced from the National Toxicology Program
(NTP) [18] and The Carcinogenic Potency Project, Berkeley University [19], and
carefully concatenated and their units reconciled. These data were logarithmically
banded into nine distinct groups (1-9; 1=most carcinogenic, 9=least carcinogenic),
and tabulated along with the CAS Number of the chemical which they represented.

3 Self-Organising Maps

The PCA-resolved mass spectra molecular descriptors were used as inputs for 12x12
hexagonal self-organising maps (SOMs) with various interaction settings. No simple
relationship between a 2-dimensionally-mapped series of molecular descriptors and
the carcinogenicity of a molecule was found (see section 5). Following a series of
runs, using a wide range of parameters and architectures this method of dimensional-
ity reduction was discounted. Computational physical and biological scientists
should be wary of the use of generic techniques in data mining, except on a case-by-
case basis with proper double cross-validation testing. It is the nature of complex
systems, such as the activity of carcinogens, that it is hard to understand in advance
why one technique succeeds where another fails in discerning patterns and making
predictions.
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Fig. 1. The random-start Self-Organising Map Decision Tree

4 Artificial Neural Networks

Standard feed-forward Artificial Neural Networks, using a sigmoidal transfer function
and a novel backpropagation system (which also guarded against pareto equilibria,
when a Neural Network falls into a false minimum, from which it is unable to es-
cape), were then applied to the problem. Where the network was moving away from a
real equilibrium a randomisation of the weights occurred, and processing began again.
The new system of backpropagation works as follows:

Let w = the weight assigned to the connection between two nodes
O = output value of a node, following application of the transfer function

& =T — O =the overall error (where T is the target value)
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Then the error of the output node,
-1 -1
& =W (O,))xy (T,) (1

where Ty j= the ideal output, and the inverse transfer function (reverse of the TF),
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where / is the learning parameter. Therefore, let the target output of the hidden layer,
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where Nj=number of nodes in layer k. The system is then processed backwards.

The new system stems from the necessity, with a more complicated data set, to in-
voke a similar change in error during backpropagation, which will prevent overcor-
rection. This decreases the time a system takes to arrive at a minimum. This is
achieved by calculating the inverse error gradient' at each node and then using this to
calculate the amount by which the weights should be altered in the subsequent itera-
tion. This allows the network to spring out of pareto equilibria when the amount by
which each weight changes in each iteration is high, while not adversely affecting the
final equilibrium because the change increment is small towards the end. This system
was found to reduce typical processing time by 11% as fewer iterations are necessary
to achieve the same minimum equilibrium®.

o€

W; Wiz j

1

! The inverse error gradient is the reciprocal of the error gradient, ie

% That is to say that over seven program runs using different carcinogen data sets, the novel
system of backpropagation arrived at the minimum error on average 11% faster than an
equivalent network using standard backpropagation.
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Fig. 2. A data flow diagram for the Artificial Neural Network Method

5 Results

Through the use of ANNs, we were able to accurately identify a QSAR for the predic-
tion of carcinogenicity using PCA-resolved Mass Spectral data to describe the
molecules (Fig 3). This QSAR was tested using a series of molecules not present in the
training set and also by the leave-three-out cross validation method. Leave-three-out
was selected as opposed to leave-one-out to ensure that the system was resolving in
favour of dissimilar molecules. 174 out of 196 test molecules were banded to within the
success criterion (within one band of their actual band as given by Berkeley or the
NTP), representing an accuracy rate of 89%, which we consider viable. This compares
to 53 out of 196 selected accurately following the use of Self-Organising Maps.

Table 2. Average % of correctly-identified carcinogens (one band margin of error)

Processing Architecture % Accuracy (average) Weighted-kappa Value
Banded Mass Spec + ANN 20 0.18
Modal Mass Spec + ANN 25 0.21
PCA Mass Spec + SOM 27 0.20

PCA-resolved Mass Spec +ANN 89 0.76
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Systems in which the raw data consisted of modal (49/196) or banded (39/196) Mass
Spectra failed to identify sufficiently accurate models.

As an additional, if somewhat qualitative, test of reliability, Table 3 shows pre-
dicted carcinogenicity band for some drugs compared with their International Agency
for Research on Cancer classification. This classification ranks chemicals into 5
groups with the following definitions:

1: carcinogenic to humans.

2A: probably carcinogenic to humans.

2B: possibly carcinogenic to humans.

3: not classifiable as to its carcinogenicity to humans.
4: probably not carcinogenic to humans.

Table 3. Predicted carcinogenicity band (ANN) for some example drugs compared with their
International Agency for Research on Cancer’s Classification

Chemotherapeutic Pred%cted IARC
Dru CAS No. Carcinogen Grou
g Band P
Chlorambucil 305-03-3 2 1
Cyclophosphamide 50-18-0 2 1
Mechlorethamine  51-75-2 3 2A
Methotrexate 59-05-2 7 3
Fluorouracil 51-21-8 6 3
Uracil 66-22-8 4 2B
10 1
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Fig. 3. Carcinogen Band prediction by Artificial Neural Network
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Fig. 4. Carcinogen Band prediction by Self-Organising Map

6 Conclusions

The carcinogenicity of a potential cancer drug is discernible using a series of Artifi-
cial Neural Networks and PCA-resolved Mass Spectral data. This clearly implies that
mass spectral intensities may be used as reliable molecular descriptors in this, and
possibly other cases, through the use of this technique. The selection of a set of the
most frequent or banded fragments does not allow accurate prediction.

It has also been shown that reducing the burden of dimensionality does not neces-
sarily compromise the reliability of the process: the selection of a smaller set of or-
thogonal descriptors is accurately achieved using Principal Component Analysis, but
this process is not satisfactory when using Self-Organising Maps, which, with this
dataset, destroy the underlying nuances of the data which act as molecular descriptors.

The novel system of backpropagation proposed is both more efficient and reliable
in monitoring a series of connection weights within an Artificial Neural Network
(11% faster for similar levels of accuracy), and has the potential to be applied more
generally in this field.

This application of Artificial Intelligence to a complex pharmaceutical problem has
wide-reaching implications for the analysis of complex biological systems by physical
and life scientists, as it lays the building blocks for drug design to become even more
efficient, and allows doctors prescribing nascent or experimental treatments to under-
stand more fully the drug regime they are recommending.

Further optimisation of the network architecture and the discovery of additional da-
ta (both mass spectral and carcinogenicity) would lead to improvements in the accu-
racy of the network.
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Various options are open as to how to proceed. An investigation into the incorpora-
tion of Support Vector Machines or Fuzzy processes into the system would be ex-
tremely interesting, as would the analysis of a Fuzzy success criterion (currently a
prediction is right or wrong, but information on how wrong would be useful).
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