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Abstract

We train artificial neural networks to predict
the results of long-term rodent bioassays by
using data collected by the National Toxicol-
ogy Program (NTP). The data set consists
of salmonella mutagenicity assay results, sub-
chronic pathology data, information on route,
strain, and sex/species, physical chemical pa-
rameters, and structural alerts for 744 individ-
ual experiments. First, an automated method
was devised to reduce the set of over 2800 pos-
sible attributes of these experiments to the 74
attributes which can be shown to be most rel-
evant to this prediction task. Second, using
these attributes a trained neural network model
has been generated that has a cross-validated
accuracy on unseen data of 89.23%. Third,
a list of 22 M-of-N rules was extracted which
are readable by humans and which explain the
knowledge learned by the trained artificial neu-
ral network. Furthermore, the cross-validated
accuracy of the rule set is within 2.5% of the full
network model. These results contribute to the
ongoing process of evaluating and interpreting
the data collected from chemical toxicity stud-
ies.

1 Introduction

There is much current interest in toxicity models with
predictive power and in using automated learning in pre-
dictive toxicology [Bahler and Bristol 93, Lewis 94, Bris-
tol and Bahler 95, Bristol ct al. 96, Srinivasan et al.
97]. In this paper we show how a neural network can be
trained to predict chemical carcinogenesis in rodents.

In investigating this application, we use new tech-
niques to simplify the data, simplify the learned models,
and explain the models in terms that human experts can
understand. First, relevant feature subset selection is
used to identify, independent of expert knowledge, which
features in the training data are relevant to the predic-
tion task. By using only the relevant features during the
training of the neural networks, the predictive accuracy

of neural networks on this data set is significantly im-
proved. Second, connection weight pruning is applied to
speed up the performance of the network and simplify its
internal structure, making rule-extraction easier. Con-
nection weight pruning also improves the predictive ac-
curacy of trained neural networks. Finally, a pedagogical
method for extracting M-of-N rules from neural networks
is applied to a neural network trained on the NTP data.

2 Materials and Methods

The data used for training and testing the neural net-
works in this paper comes from carcinogenicity data
studies conducted since the late 1960’s by the National
Cancer Institute (NCI) and the National Toxicology Pro-
gram (NTP) [Huff and Haseman 91]. Among other sets
of information, there are pathology data and salmonella
mutagenicity assay results on over 400 long-term chem-
ical carcinogenesis studies, comprising nearly 1600 indi-
vidual experiments.

The results of the salmonella mutagenicity assays are
reported as one of a set of 30 possible values indicating
the reaction of the sMmonella strains to the test agent in
question. Salmonella testing has long been the primary
short-term assay used to identify mutagens.

The other primary data set used for this paper is the
ninety day NTP subchronic studies conducted prior to
the commencement of a two year bioassay in order to
estimate chronic dose levels. The results are reported as
a list of pathologicM changes induced in the rodent as a
result of administering the test agent in question over a
ninety day period. In our data set, 38 different organs
are affected and 72 morphologies occur, resulting in a
total of 2736 possible pathologicM changes that could be
recorded; in practice, no more than 10 to 20 pathological
changes are recorded in any one rodent.

In addition to sMmonella mutagenicity assays and
ninety day subchronic studies, the data Mso includes
physical chemical parameters, structural alerts [Ashby
et al. 89], and dosage levels for the individual experi-
ments. Twenty different physicM chemical parameters
are included, including molecular weight, clogp, molecu-
lar hardness, and many others. The structural alerts are
included as a set of eighteen binary-valued attributes.
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Dosage levels are recorded as a single real-valued at-
tribute.

The level of evidence of carcinogenicity is determined
by exposing groups of male and female rats and mice to
a test agent for two years via one of five possible routes.
The findings are then evaluated, interpreted, and pre-
sented in public meetings to a non-government peer re-
view panel of experts in chemical carcinogenesis. Each
possible sex/species grouping is then assigned a level of
evidence from one of five categories: Clear Evidence,
Some Evidence, Equivocal Evidence (when the result is
uncertain but not negative), No Evidence, and Inad-
equate Experiment (for seriously flawed experiments).
This data is reported in a series of Technical Reports
from the NCI and NTP.

There are 744 experiments for which a complete set
of data is available, although there are still occasionally
missing data among the physical chemical parameters,
structural alerts, and dosage levels. Of the 744 exper-
iments, 468 (62.9%) are classified as positive and 276
(37.1%) are classified as negative.

2.1 Artificial Neural Networks

A 3-layer fully connected feed-forward neural network
with 4 hidden units was used as the basic model for
all of the results that follow. Training and testing of
the neural networks was done primarily using the As-
pirin/MIGRAINES Neural Network Software [Leighton
92] running on a Sun Sparc workstation. The learning
method used throughout is standard error backpropa-
gation [Rumelhart 86] using a mean-squared-error func-
tion. An inertia term was used to smooth the weight
changes over time. No attempt was made to define a
formal method for choosing the values for learning rate
and inertia.

The toxicology data contains eight different types of
data that must be mapped to the input layer of the neu-
ral network. Real-valued attributes are normalized to a
value between 0 and 1 and mapped to an input node.
The values for most of the data are discrete; in those
cases, the data were simply mapped to a set of binary
input nodes. Input nodes whose input is uniformly 0 in
all examples in the data set may simply be removed with-
out changing the behavior of the network. In the case of
the 744 examples in the toxicology data, this condition
applies to nearly 90% of the data (2527 features). Re-
moving the 2527 non-contributing features leaves a set
of 288 features and an input layer in the network of 288
nodes.

The size of hidden layer was computed by using the
number of training examples, the size of the input layer
based upon the number of relevant features determined
by relevant feature subset selection, and the size of the
output layer to guarantee that the network has fewer
undetermined parameters than the number of examples
in the training set [Stone 95]. This helps to prevent the
network from overfitting the data. An average hidden
layer of size 4 resulted in a network computationally very
feasible for both training and testing.

2.2 Phases of Training
Using an artificial neural network to generate symbolic
rules as a model for chemical carcinogenesis in rodents is
a multi-step process. A standard backpropagation neu-
ral network does not handle the toxicology data well
without the aid of critical steps both before and after
the backpropagation phase. First, irrelevant and noisy
attributes are removed from the training set. Second,
the neural network is trained using the remaining input
attributes. Third, connection weight pruning is used to
simplify and speed up the network model. Finally, sym-
bolic rules are extracted from the network which explain
the learned model to the domain experts (Figure 1).

3 Results
To estimate the predictive ability of the neural net model
described previously, 10-way cross-validation was used.
The data was split randomly into ten sets with the single
condition that the proportion of examples with a positive
classification to examples with a negative classification
be the same in each of the ten sets. Since there was a
total of 744 examples in the data, the average training
set size was 670 examples and the average test set size
was 74 examples.

SHU WP BFRE
Training Accuracy 90.73% 91.27%
Test Accuracy 89.23% 89.71% 86.69%
Positive Pred. 95.15% - -- - 93.96%
Negative Pred. 81.93% 77.58%
Sensitivity 86.73% 84.02%
Specificity 93.15% 91.1%
True Positives 392 389
True Negatives 272 256
False Positives 2O 25
False Negatives 6O ¯ -- - 74

Table 1: Cross Validated Results after Feature Selec-
tion by Single-Hidden Unit (SHU) Method, after Weight
Pruning (WP), and after Brute-Force Rule Extraction
(BFRE)

3.1 Feature Selection Results
The Single Hidden Unit Method was used to find a rel-
evant subset of the 288 attributes that occur in the
predictive toxicology data. The first step of assigning
the relevance weights is very quick and efficient using
this method. Furthermore, finding an optimal value for
the threshold required only four passes through the hill
climbing algorithm. The optimal threshold was deter-
mined to be within 0.2 of the standard deviation of the
relevance weights. After the threshold was used to split
the 288 features into relevant and irrelevant features, 74
features were labeled as relevant. A 74x4x1 neural net-
work using only the 74 relevant features was then tested
using 10-way cross validation on the complete set of 744
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Figure 1: Phases of training a neural network model for toxicology

examples from the data. The results are listed in Table 1.
The test accuracy of the network prior to using feature
selection was only 80.37%. The estimated predictive ac-
curacy of the network did therefore rise significantly by
using the Single Hidden Unit Method. In addition, a test
accuracy of 89.23% was considerably better than any of
the alternative methods considered for relevant feature
subset selection. All further results in this paper will use
the 74x4xl neural network.

The above results demonstrate that the cross-
validated accuracy of neural networks trained on all 744
examples can be much improved by using Single Hidden-
Unit feature selection. Additional testing also showed
that randomly generated features and features which are
clearly irrelevant are indeed thrown out by this method
of feature selection. These results demonstrate that the
Single Hidden-Unit Method for feature selection not only
improved training accuracy through hill-climbing, but
also eliminated individual features which were not rele-
vant to the classification task.

3.2 Connection Weight Pruning Results
The test results for iterative pruning are listed in Table 1.
An average of 279.8 (79.49%) of the connection weights
are pruned using this method. Most of the connection
weights remaining are on the third hidden node.

The cross-validated accuracy is positively affected by
iterative pruning. The average estimated prediction ac-
curacy rises almost half a percentage point. Considering
that the network is roughly 80% smaller than it was prior
to pruning, the rise in accuracy is an excellent result.

Since the iterative method both improves the predic-
tive accuracy of the network and significantly reduces
the number of connection weights, this is the pruning
method which is applied to the trained neural networks
prior to weight analysis and rule extraction.

3.3 Rule Extraction Results
A revised approach to brute force rule extraction was ap-
plied to the best trained and pruned neural network from
previous results. The 10-way cross validated results are
listed in Table 1. Just over 2.5% of predictive accuracy
was lost between the neural network and the set of M-of-
N rules. The rule set itself is compact and easy to read

and interpret. The rule set was generated from a 74x4xl
neural network trained on the complete set of 744 train-
ing examples. Only 22 rules were required to completely
model the behavior of the trained neural network. Of
these, two of the rules are used the majority of the time.
A few other rules are used four or more times. The bulk
of the rules are used only once or twice. This would in-
dicate that there are only a few general rules which can
be defined to describe the classifications in the data. In
order to achieve high accuracy, these general rules must
be supplemented with many other rules to describe spe-
cial cases. This requirement makes perfect sense given
the nature and source of the data.

The revised method for brute force rule extraction is
quick and easy to implement and yet it yields a rea-
sonably sized rule set that is easy to interpret and very
closely models the behavior of the neural network. Fur-
thermore, this method for rule extraction, unlike those in
[Fu 94], will work regardless of the structure of the neu-
ral network or the activation function. The capability of
extracting rules from a general trained neural network
upgrades the status of neural networks from black boxes
to powerful machine learning tools that are capable of
explaining their results. In this case, a set of rules has
been extracted which is simple, readable, and has an es-
timated predictive accuracy of roughly 87%. The rules
also have a very high positive predictivity. This indi-
cates that they could be used as a first step in analysis
of test agents for carcinogenity. Test agents that were
predicted negative might still require bioassay, but one
could be fairly certain that those test agents labeled pos-
itive by the rule set were truly positive.

As an example, the following is one of the 22 extracted
rules for prediction of chemical carcinogenesis in rodents.
Space prohibits inclusion of the complete set.

Sample Rule: Test agent is Positive if any 3 or
more of the following and no other features are
present: positive (+) salmonella; SA type G; 
type Q; above avg. Clogp; above avg. PA; above
avg. Z-depth; forestomach hyperkeratosis; kid-
ney karyomegaly; kidney necrosis; liver hypertro-
phy; lung histiocytosis; skin erosion/ulceration.
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3.4 Current Work

We are currently finalizing quality-assurance checking on
the 30 agent test set for the second phase of NIEHS’s
Predictive Toxicology Evaluation Project (PTE-2) [Bris-
tol et ai. 96]. We are also investigating methods for
handling large amounts of missing data, a phenomenon
that shows up frequently. The rule extraction pro-
cess is being improved to better handle real-valued at-
tributes in addition to binary attributes. Finally, we are
constructing more dynamic and structurally interesting
("advice-taking") networks for modeling the data as well
as rule extraction methods which can satisfactorily ex-
plain these more complex networks.

4 Conclusions

The task of using machine learning to predict chemical
carcinogenesis in rodents is by no means trivial. Neural
networks have been shown to be a capable model for ac-
complishing this task, providing as good or better results
than other approaches to the same problem. However,
in order for the neural networks to be useful, several pre-
processing and post-processing steps had to be defined
to aid the neural networks.

By combining the strong inductive capability of neu-
ral networks with tools like feature selection, connection
weight pruning, and rule extraction, neural networks be-
come very powerful tools for machine learning. This
tool was applied to the emerging field of predictive tox-
icology. In addition to training a network that is esti-
mated to have relatively good predictive accuracy in this
field, the results from feature selection and the rules that
were extracted from the network provide new informa-
tion to predictive toxicologists that is interesting because
of the new approach, provocative results, and potential
for pointing the way toward new insights in the field.
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