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Abstract

Experimental programs have been underway for several years to
determine the environmental effects of chemical compounds, mixtures,
and the like. Among these programs is the National Toxicology Pro-
gram (NTP) on rodent carcinogenicity. Because these experiments
are costly and time consuming, the rate at which test articles (i.e.,
chemicals) can be tested is limited. The ability to predict the out-
come of the analysis at various points in the process would facilitate
informed decisions about the allocation of testing resources. To assist
human experts in organizing an empirical testing regime, and to try to
shed light on mechanisms of toxicity, we constructed toxicity models
using various machine learning and data mining methods, both exist-
ing and of our own devising. These models took the form of decision
trees, rule sets, neural networks, rules extracted from trained neural
networks, and Bayesian classifiers. As a training set we used recent re-
sults from rodent carcinogenicity bioassays conducted by the National
Toxicology Program (NTP) on 226 test articles. We performed 10-way
cross-validation on each of our models to approximate their expected
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error rates on unseen data. The data set consists of physical chemical
parameters of test articles, alerting chemical substructures, salmonella
mutagenicity assay results, subchronic histopathology data, informa-
tion on route, strain, and sex/species for 744 individual experiments.
These results contribute to the ongoing process of evaluating and in-
terpreting the data collected from chemical toxicity studies.

1 Introduction to the Problem

Determining which chemicals in the environment are carcinogenic to humans
is of clear public benefit. The rodent bioassay program currently being per-
formed by the U. S. National Toxicology Program (NTP) [19] to determine
which chemicals cause cancer in rodents, while clearly important to human
risk assessment and public policy [31], is time-consuming and expensive.

It is our hypothesis that inductive analysis of biological information by a
variety of machine learning techniques will discover patterns, co-occurrences,
and correlations that have not come to light using other techniques. Further,
we believe that such inductive analysis could lead to development of infor-
mation management systems that are useful, first, for assisting researchers
in the task of predicting the presence or absence of carcinogenic effects of
chemical compounds, and, second, in developing mechanistic hypotheses
that explain such effects. We are engaged in a long-term project to test our
hypothesis [4, 5, 6, 7, 8, 9, 10, 11, 36, 38, 39]. Aside from testing machine
predictions against the results of ongoing empirical studies, a major goal
of the project is to provide predictions that can help guide the selection of
chemicals for testing. In the longer term, this approach may also help reduce
the use of laboratory animals in such testing. The last few years have seen
an explosion of interest in the problem of predicting toxic activity of chem-
icals without animal testing. Interest has come from both human experts
[3, 18, 37] and from developers of computer-based systems [16, 23, 25, 34].

2 Methods

2.1 The Training Data

We gathered a set of 904 rodent bioassay experiments conducted on 226
test articles by the NTP and reported in NTP Technical Reports 201-458.
Of these experiments, 160 were classified as Equivocal Evidence and were
eliminated in most (but not all) of our experiments. Of the remaining 744
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experiments, 276 were classified as No Evidence (which we refer to as Neg-
ative) and 468 were classified as either Clear Evidence or Some Evidence.
These latter two classifications were combined into a Positive class for pur-
poses of training our models.

The information available on the experiments consisted of a set of 264
attributes. (Some attributes in the dataset were used for bookkeeping and
ignored during learning.) The attributes fell into several categories:

Physical Chemical Parameters (20 attributes) These are properties
of a test article, and can be determined either computationally or ex-
perimentally. The physical chemical parameters used were: electroneg-
ativity (Ke) rate (both computed and experimentally determined);
octanol-water partition coefficient (logp, computed by Ghose-Crippen,
Dixon, and Constituent-Based methods); highest occupied and low-
est unoccupied molecular orbits; molecular weight; pKa; rectangular
area (RA); planar area (PA); Z-depth (ZD); the ratio RA

ZD2 ; the ratio
PA
ZD2 ; molecular hardness (computed by two methods, plus an indica-
tor attribute if the two methods produced different results); molecular
volume; molecular area; molecular ovality; and dipole moment.

Structural Alerts (21 attributes) Human expertise has identified cer-
tain functional-group substructures of organic molecules that may pre-
dispose the parent molecule towards causing chemical mutagenesis and
carcinogenesis, because they represent the potential for either entering
into electrophilic reaction with DNA or being converted by metabolism
into an electrophilic functionality that can react with DNA [1]. An at-
tribute for each of the following structural alerts for DNA reactivity
was included in our training set: alkyl esters of either phosphonic or
sulphonic acids; aromatic nitro groups; aromatic azo groups; aromatic
ring N -oxides; aromatic mono- and di-alkylamino groups; alkyl hy-
drazines; alkyl aldehydes; N -methylol derivatives; monohaloalkenes;
β-haloethyl N and S mustards; N -chloramines; propiolactones and
propiosultones; aromatic and aliphatic aziridinyl derivatives; aromatic
and aliphatic substituted primary alkyl halides; derivatives of urethane
(carbamates); alkyl N -nitrosamines; aromatic amines, N -hydroxy deriva-
tives, and derived esters; aliphatic epoxides and aromatic oxides; Michael
reactive centers; halogenated methanes; and aliphatic nitro groups.

Salmonella Mutagenesis Test Result (1 attribute) The Ames test for
mutagenesis, a short-term (typically 14-day) in vitro assay, has been
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performed on Salmonella typhimurium bacteria on most of the test
articles in the training set [2].

Subchronic Histopathology (209 attributes) These were represented
as pairs of organ site and morphology. A total of 38 organs exhib-
ited pathologic change in at least one experiment, and 72 different
morphologies were observed at least once.

Sex and Species Exposed (2 attributes)

Route of Administration (1 attribute) Routes are feed, water, skin paint-
ing, inhalation, and gavage.

Maximally Tolerated Dose (4 attributes) Using molecular weight and
standard conversion formulas, doses were normalized to micromoles
per kilogram per day.

2.2 Cross-Validation of the Models

The tree and rule models were each cross-validated using ten-way cross-
validation. In this method, the training set was divided into ten sets of data
with both positive and negative experiments spread as equally as possible
between the sets. Each of these sets in turn was set aside while a model
was built using the other nine sets. This model was then used to classify
the (unseen) test articles in the tenth set, and the accuracy computed by
comparing these predictions with the actual classes. This process was re-
peated ten times and the results averaged. Similar procedures were used for
all model-building methods.

2.3 Statistics

There are a number of statistics which are used to measure the ability of
a model to predict a classification. Sensitivity is the percent of positive
examples which were correctly classified and specificity is the percent of
negative examples which were correctly classified. These give measures of
how well the model can predict test articles of each class. Positive pre-
dictivity is the percent of positive predictions which were correct. Nega-
tive predictivity is the percent of negative predictions which were correct.
These give a measure of how likely it is that a prediction of a specific class
is correct. Accuracy is the percent of total predictions which were correct.
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Correlation coefficients and levels of significance (Fisher’s exact test) are
also informative.

3 Tree and Rule Models

Decision tree models were constructed by computer using a greedy, divide-
and-conquer algorithm, which at each step has the goal of selecting from a
set of attributes the one whose values best discriminate a set of examples
according to the classification.

3.1 Tree Induction Methodology

TIPT (Tree Induction for Predictive Toxicology) is a similarity-based clas-
sification system based on the tree and rule induction system C4.5 [30].
TIPT uses supervised learning over a training set of test article-specific and
experiment-specific attributes to devise concept descriptions capable of suc-
cessfully classifying unseen chemicals.

Each tree was constructed by a greedy, divide-and-conquer algorithm,
which at each step has the goal of selecting from a set of attributes the one
that best discriminates a set of examples according to the classification. The
criterion for deciding which attribute to select was the information-gain-ratio
[28], which is computed as follows. Assume we have a set T of examples,
each example belonging to one of k classes C1, . . . , Ck. In this application,
T is a training set of chemicals and the Ci are the NTP carcinogenicity
classifications. The information required to completely discriminate T into
these classes is given by the entropy formula [33]

I(T ) = −
k∑

i=1

[ | TCi |
| T | × log2

( | TCi |
| T |

)]

where TCi is the subset of examples in T having classification Ci and | S |
is the number of elements in set S.

Now suppose T is partitioned according to the n possible values of some
attribute A. The amount of information still required for complete discrim-
ination is given by

IA(T ) =
n∑

i=1

[ | T(A←i) |
| T | × I(T(A←i))

]

where T(A←i) is the subset of T having value i on attribute A.
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The information gained by partitioning the examples in T according to
their values on A is

G(A) = I(T )− IA(T )

Consider now the information content of a message pertaining not to a
class, but to the outcome of a test on an attribute. The expression

P(A) = −
n∑

i=1

[ | Ti |
| T | × log2

( | Ti |
| T |

)]

represents the information generated by the mere act of partitioning T into n
subsets. Then GR(A) = G(A)/P(A) expresses the proportion of information
generated by the partition on A that is useful for classification. To determine
which attribute to install at a given position in the tree, the maximum value
of GR over all untested attributes is used. This is the gain-ratio criterion.
(The gain criterion, an older alternative, maximizes G rather than GR [28].)

In the case of missing data, I(T ) and IA(T ) were computed using only
known values, G(A) was computed as K × (I(T ) − IA(T )), where K is the
proportion of T with known values of A, and P(A) was computed on n + 1
subsets, treating unknown as an additional subset. When partitioning T on
attribute A, each example whose value of A is unknown was distributed
fractionally among the subsets T(A←i) of T in proportion to the membership
in the T(A←i) of the examples having known values on A. For more details
on decision tree induction, see [28, 29, 30].

3.2 Converting Trees to Rules

Decision tree structures can be large, difficult for humans to understand,
and can contain redundant subtrees which hide the underlying structure of
information. Production rules can avoid these difficulties. Therefore, after
the tree induction phase produced ten trees from each experiment, a single
set of production rules was generated from these ten trees, by converting
each path from root to leaf in each decision tree into a corresponding initial
rule. This set was then pruned in a process which worked as follows. First,
each individual rule was simplified in isolation by removing conditions from
its left-hand side that did not discriminate the rule’s class (either positive,
negative, or equivocal, depending on the rule) from other classes, accord-
ing to a pessimistic estimate based on contingency table analysis. Then, for
each class, all the simplified rules were filtered to remove rules that did not
contribute to the accuracy of the rules as a whole. Finally, the rules for each
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class were ordered to minimize false positives, and the class which contained
the most training cases not covered by any rule was chosen as the default
class.

3.3 Tree and Rule Results

After cross-validation, overall tree and rule models were then built by using
the entire training set of 744 nonequivocal experiments. The results of clas-
sification of the training examples by the overall cross-validated tree model
are summarized in Table 1. The results of classification of the training ex-
amples by the overall cross-validated rule model are summarized in Table
2.

4 Neural and M-of-N Rule Models

Having worked on symbolic tree and rule models, we wanted to see if neural
network models could be made competitive in terms of both accuracy and
understandability. In constructing our neural models, we developed new
techniques to simplify the data, simplify the learned models, and explain
the models in terms that human experts can understand. First, relevant
feature subset selection was used to identify, independent of expert knowl-
edge, which features in the training data were relevant to the prediction
task. By using only the relevant features during the training of the neural
networks, the predictive accuracy of neural networks on this data set was
significantly improved. Second, connection weight pruning was applied to
speed up the performance of the network and simplify its internal structure,
making rule-extraction easier. Connection weight pruning also improved
the predictive accuracy of the trained networks. Finally, a new pedagogical
method for extracting M-of-N rules from neural networks was developed and
applied to the networks.

4.1 Neural Methodology

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. Train-
ing and testing of the neural networks was done primarily using the As-
pirin/MIGRAINES Neural Network Software [24] running on a Sun Sparc
workstation. The learning method used throughout was standard error back-
propagation [32] using a mean-squared-error function. An inertia term was
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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 neural network. Real-valued attributes
were 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 without
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). Removing 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 [35, 36]. 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.

4.2 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 neural 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 were removed from the training
set. Second, the neural network was trained using the remaining input
attributes. Third, connection weight pruning was used to simplify and speed
up the network model. Finally, symbolic rules were extracted from the
network which explain the learned model to the domain experts.

4.3 Neural Results

To estimate the predictive ability of the neural net model described previ-
ously, 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
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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.

It is interesting to note that obtaining perfect prediction results with the
toxicology training data is theoretically impossible. There are examples in
the data with identical attribute values yet opposite classifications. For these
examples, the neural network must simply learn the classification which
occurs most frequently, and accept being wrong on those examples with the
opposite classification. One subset of the data where this occurs often is
the examples in which no organ morphologies are present. This subset of
non-learnable examples accounts for almost 7% of the toxicology data and
there are other similar subsets of the data that are equally non-learnable.
In practice, it was discovered that the training accuracy of the neural net
reached a maximum at between 90% and 92% accuracy.

Most neural net research recommends that training be stopped before
the network reaches 100% accuracy anyway. This practice, called the early
stopping method, is used to avoid overtraining the network. The most com-
mon observation is that the predictive accuracy of the network will rise along
with the training accuracy until some maximum is reached. At that point,
the training accuracy will continue to rise while the predictive accuracy falls
off sharply. This is point where the network stops generalizing and begins
memorizing the training data.

In the case of the network that was chosen to train on the toxicology
data, the size of the hidden layer was chosen to ensure that the network
couldn’t overtrain. The expected observation, therefore, is that both the
training accuracy and the predictive accuracy will rise to a maximum and
then level off without dropping back down. Indeed, while training the neu-
ral network models, the training accuracy rose slowly towards 90% while
the test accuracy leveled off at about 80%. A predictive accuracy of 80%
already compares favorably with some of the other machine learning ap-
proaches to modeling this data set. However, as the next section will show,
feature selection can significantly improve the predictive accuracy of the
neural network.

4.3.1 Feature Selection Results

The Single Hidden Unit Method [35] was used to find a relevant 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
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method. Furthermore, finding an optimal value for the threshold required
only four passes through the hill climbing algorithm. The optimal threshold
was determined 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, an average of 74 features were labeled as relevant. A
network using only the relevant features was then tested using 10-way cross
validation on the complete set of 744 examples from the data. The results
are listed in Table 3. The test accuracy of the network prior to using feature
selection was only 80%. The estimated predictive accuracy of the network
did therefore rise significantly by using the Single Hidden Unit Method. In
addition, a test accuracy of 89% was considerably better than any of the
alternative methods considered for relevant feature subset selection.

The above results demonstrate that the cross-validated accuracy of neu-
ral 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 in-
deed thrown out by this method of feature selection. These results demon-
strate that the Single Hidden-Unit Method for feature selection not only
improved training accuracy through hill-climbing, but also eliminated indi-
vidual features which were not relevant to the classification task.

4.3.2 Connection Weight Pruning Results

The test results for iterative pruning are listed in Table 4. An average of
279.8 (80%) of the connection weights were pruned using this method. Most
of the connection weights remaining were incident on the third hidden node.

The cross-validated accuracy was positively affected by iterative pruning.
The average estimated prediction accuracy rose almost 0.5%. Considering
that the network is roughly 20% the size it was prior to pruning, the rise in
accuracy is an excellent result.

Since the iterative method both improved the predictive accuracy of the
network and significantly reduced the number of connection weights, this
pruning method was selected from several alternative methods to employ on
the trained neural networks prior to weight analysis and rule extraction.

4.3.3 Rule Extraction Results

A revised approach to brute force rule extraction was applied to the best
trained and pruned neural network from previous results. 10-way cross
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validated results are listed in Table 5. 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 74x4x1 neural network trained on the complete set of 744
training 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 indicate
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 special 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 reasonably sized rule set that is easy to inter-
pret and very closely models the behavior of the neural network. Further-
more, this method for rule extraction, unlike those in [15], work regardless
of the structure of the neural network or the activation function. The ca-
pability of extracting rules from a general trained neural network upgrades
the status of neural networks from black boxes to powerful machine learn-
ing 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 estimated
predictive accuracy of roughly 87%. The rules also have a very high positive
predictivity. This indicates that they could be used as a first step in analysis
of test articles for carcinogenity. Test articles that were predicted negative
might still require bioassay, but one could be fairly certain that those test
articles labeled positive by the rule set were truly positive.

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

Sample Rule: Test article is Positive if any 3 or more of the fol-
lowing and no other features are present: positive (+) salmonella;
SA type G; SA type Q; above avg. Clogp; above avg. PA; above
avg. Z-depth; forestomach hyperkeratosis; kidney karyomegaly;
kidney necrosis; liver hypertrophy; lung histiocytosis; skin ero-
sion/ulceration.
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5 Bayesian Models

The onset of cancer in rodents, or in humans, is almost certainly a multifac-
torial process and there is much room for individual variability in response to
carcinogenic substances. In order to better accommodate the uncertain and
probabilistic nature of these underlying mechanisms, largely still unknown,
we then proceeded to experiment with Bayesian models, which explicitly
encode conditional probabilistic relationships among our data and between
the data and the endpoint of rodent carcinogenesis.

5.1 Bayesian Methodology

We first split the training data into four subsets, one for each sex-species.
Each training set contained the test article-specific attributes and the experiment-
specific attributes for that sex-species. The classification attribute was the
classification NTP gave to that sex-species, not the overall bioassay result.
We again used 10-way cross-validation to estimate accuracy. We generated
a classification for each example in each of the four training sets. Those
classifications were then combined into an overall bioassay prediction using
NTP’s methodology: if any sex-species was predicted positive, the overall
classification was positive; if no sex-species was predicted positive and at
least one was predicted equivocal, the overall classification was equivocal; if
all sex-species predictions were negative, then the overall classification was
negative.

This design matches NTP, but also adds to the intuitive nature of the
resulting models. One of our goals is to try to give toxicologists and bio-
chemists some insight into the biological pathways associated with cancer.
Multiple experiments are completed, after all, because there is an implicit
assumption that biological pathways differ in the various sex-species. If we
combine the data for the various sex-species, we may obscure the differences
in the pathways.

5.2 Bayesian Classifiers

A Bayesian classifier is a directed graph in which there are nodes which
represent each of the attributes and a node which represents the class. An
example of such a graph is shown in Figure 1. The node which represents
the class is called the class node and the other nodes are called evidence
nodes.
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Each node in a Bayesian classifier has a state for each possible value the
associated attribute may take on. Saying that the node is in a particular
state is equivalent to saying the attribute has the specific value associated
with that state of the node. Each node is labeled by a probability distribu-
tion over its states. That probability distribution represents the probability
that the associated attribute will take on each of its possible values. These
are initialized to the probabilities that the attribute will take on each of
its possible values in the population being modeled. For example, a node
representing the attribute describing if an experiment produced evidence
of subchronic liver hypertrophy can have two values: PRESENT and AB-
SENT. That node would be initialized with a vector of two probabilities: the
probability some test article studied in a particular sex/species would show
evidence of hypertrophy, and the probability it would not. These probabil-
ities are most often estimated from a population, such as our training set.
If a test article is shown to in fact cause the effect, the attribute for that
effect is given the value PRESENT, the node labeled with that attribute is
in the PRESENT state, and its probability distribution is changed to 1 for
the PRESENT state and 0 for the ABSENT state. In this way, Bayesian
networks incorporate evidence that may become known only after the model
is constructed.

In our Bayesian models there is a path to the class node from every
evidence node. The class node is called the child of every evidence node
and the evidence nodes are called parents (or ancestors) of the class node.
(A Bayesian classifier is a special case of a Bayesian belief network with this
limited structure. For more information on Bayesian belief networks, see
[20, 22, 26, 27]).

Each arc in a Bayesian classifier is labeled by a matrix representing the
conditional probability that the node at the head of the arc (the child node)
will be in a particular state, given the state of the parent node. Specifically,
the arc from the node representing the class to the ith evidence node will be
labeled by a matrix Mi. The entry in that matrix Mi[j, k] will contain the
probability that the ith evidence node will be in state j when the class node
is in state k.

Once the Bayesian classifier has been built, classifications of new entities
can be predicted by specifying the state of each node associated with an
attribute whose value is known for the new entity. This is called instanti-
ating the evidence nodes and is accomplished by changing the probabilities
stored at these nodes so that the current state has a probability of 1 and all
of the other states have probability of 0. When instantiation is complete,
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the probabilities of the states of the class node can be re-computed using
Bayes’ Law:

P (C|e) =
P (e|C)P (C)

P (e)

In this equation, P (C|e) is the probability distribution of the class node
given the evidence which has been instantiated about the test article being
classified. P (e|C) is the probability of the evidence given the current prob-
ability distribution of the class node. This is found from the conditional
probabilities which label the arcs of the graph. P (C) is the current proba-
bility distribution of the class node and P (e) is the current probabilities of
the evidence nodes.

The process of instantiating the known evidence nodes and re-calculating
the probability distribution of the class node is called inference. The statis-
tics are more complex when there are multiple evidence nodes, but the main
idea of inference is contained in Bayes’ Law. The result of inference is a new
probability distribution for the class node representing the probabilities that
the test article is in each class.

5.3 Learning Bayesian Models

Our training sets were the input to a sequence of algorithms to learn first
the structure and then the probabilities of a Bayesian classifier for each sex-
species. The steps in this sequence included real attribute discretization,
feature selection, learning a similarity network, constructing the equivalent
Bayesian classifier, and learning the probabilities.

5.3.1 Discretizing Continuous Attributes

Each node of a Bayesian classifier must have a finite number of states, so a
state of a node representing a continuous valued attribute must be associated
with a subrange of the possible values of that attribute. Finding those
subranges is called discretizing the attribute because it allows a finite
number of states to be associated with selected, discrete subranges of the
possible values.

Discretization was accomplished using an algorithm based on a minimal
entropy heuristic [12, 14]. The entropy of a set of instances S (in this case,
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test articles) is

Ent(S) = −
k∑

i=1

P (Ci, S)log(P (Ci, S))

which roughly measures the amount of information required to specify the
classes in S. As S is more heterogeneous (with respect to class), its entropy
will be larger. The goal of the algorithm is to take a set of instances S
(which in this case is the test articles in the training set) and partition it
into subsets based on ranges of the attribute being discretized so that the
entropy of the subsets is minimized.

The algorithm takes a set of instances (in this case test articles) and
sorts them by the attribute being discretized. The algorithm then looks at
each possible partition boundary T which will divide S into two subsets S1

and S2 and measures the class information entropy of the partition
induced by T, E(T,S) which is defined as:

E(T, S) =
|S1|
|S| Ent(S1) +

|S2|
|S| Ent(S2)

The algorithm will discretize the attribute at the partition boundary
Tmin which minimizes E(T, S) and will then recursively discretize the subsets
S1 and S2. This recursion will stop when partitioning a subset of the test
articles does not result in sufficient entropy gain. Entropy gain of a partition
boundary T is measured by

Gain(T, S) = Ent(S)− E(T, S)

and recursive partitioning will stop when the value for Gain(Tmin, S) passes
below a predetermined threshold.

5.3.2 Feature Selection

We used the simple feature selection method associated with APRI learning
[13]. In this method, the mutual information between each attribute and
the class attribute is measured. Mutual information of a pair of discrete
random variables defined as:

I(X, Y ) =
∑

P (X, Y )log
P (X, Y )

P (X)P (Y )
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where the sum is over all possible combinations of the values attributes
X and Y may take on. Mutual information measures the strength of the
correlation between the values of the attribute and the values of the class.
The attributes are sorted by this measure and are included in the model in
that order until a given percentage of the total mutual information has been
included. We used 25-35% for that cutoff.

5.3.3 Learning Similarity Networks

Our training sets have more than two classifications, so we have chosen to
learning similarity networks as a stepping stone to learning a Bayesian classi-
fier. Similarity networks are equivalent to Bayesian networks [17], but allow
for more explicit modeling when there are more than two classifications.
Our learning methods are described in detail elsewhere [40].

The first part of a similarity network is a hypergraph where the nodes are
the classifications and edges represent “similarity” between classifications.
This is called the similarity hypergraph. Similarity networks were designed
to aid in expert construction of Bayesian networks and “similarity” was
originally measured by human intuition. We used some simple mathematics
to quantify that intuition. For each pair of examples with differing classes,
we summed the absolute value of the differences in the values of their at-
tributes. The sum of those differences for each pair of classes measured the
inverse of the similarity of the classes. In the order given by that measure
of similarity, edges are added to the hypergraph until it is connected while
remaining acyclic.

The second part of a similarity network is a local knowledge map specific
to each node of the similarity hypergraph. Each “map” is a Bayesian be-
lief network modeling reasoning as if only the classes associated with that
edge exist. In human construction, this allowed experts to distinguish be-
tween examples with those classifications. Our hope is to give our learning
algorithms that same insight.

In order to learn the structure of the local knowledge maps, we created
training sets specific to the associated classifications. These have the same
structure as our original training sets, but examples with other classifications
(i.e., classifications not in the associated edge of the hypergraph) have been
temporarily discarded.

After creating these new training sets, the MDL [21] structure learning
algorithm was used to learn the structure of each local knowledge map.
MDL learning is a heuristic search for an optimal structure that balances
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the values of accuracy and compactness of the model.
This method seemed most appropriate to us as it matches our goals.

We value accuracy, but, since 219 test articles previously tested are almost
certainly not representative of the universe of chemicals, we do not believe
that cross-validation will predict true off-training set accuracy. Therefore,
we did not want to focus only on the predicted accuracy of our models. We
also value models that are small enough to be interpreted by humans who
may gain insights from them.

5.3.4 Constructing the Bayesian Classifier

By the time the similarity network is complete, creating the Bayesian classi-
fier is mechanical. The local networks of the sub-populations are combined
with a graph union operation to complete the structure of a Bayesian clas-
sifier.

5.3.5 Learning the Probabilities

Because there are probabilities at every node and conditional probabilities
at every arc, there are many probabilities which must be specified in building
a network. However, once the structure of the network is specified, all of
these probabilities can be learned from a set of examples from the population
being modeled. The probabilities are learned from the training set using the
standard method of Dirichlet priors [40].

For our experiments, the Bayesian belief network application Netica was
used to learn the probabilities. Netica assumes the conditional probabilities
being learned are independent and that the prior distribution is Dirichlet.
It then uses a beta function, parameterized by experience and a probability
number, to represent the distribution over possible probabilities.

5.4 Bayesian Results

Our results thus far include Bayesian network models and predicted ac-
curacies for them. We actually constructed four types of models (one for
each sex-species). When trying to predict the results for the sex-species
experiment, these models had an average cross-validated accuracy of 55%.
Interestingly, when the results given by the individual sex-species models
are combined into an overall bioassay prediction, the predicted accuracy is
not much less. The results of classification of the training examples by the
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overall cross-validated Bayesian model are summarized in Table 6. For com-
parison, we also tabulated results for a model which predicted class simply
in proportion to the overall occurrence of each class in the training set. See
Table 7 for results of this “random guesser”.

Since human experts do not predict the equivocal class, we ran some
preliminary experiments excluding equivocals. This did not seem to help the
accuracy and resulted in lower specificity so we have not pursued that line of
research. In examining these results further, the models have much higher
rate of false negatives than false positives. With equivocals excluded, the
specificity of the model is 56%, while the sensitivity is 71%. This means that,
if the data set is representative, then positive predictions are meaningful.

6 Discussion

In summary, we have developed several techniques for predicting the car-
cinogenicity of a test article from physical chemical structure, in vitro assays,
and short-term in vivo experiments and have shown the resulting models to
have reasonably high cross-validated accuracies.

All these results should be considered only preliminary, and much work
remains to be done. One vital quality of any useful model must be how
amenable it is t understanding by human experts. Decision tree models and
rules extracted from trees are relatively transparent, but such models con-
structed from our data can grow quite large and unwieldy unless a radical
pruning strategy is employed. For neural models, on the other hand, a great
deal of pre- and post-processing is necessary to make this approach yield
useful models of carcinogenicity, but the resulting M-of-N rules have so far
proven to be of tractable size and of substantial explanatory power. The
Bayesian models not only inherently incorporate the uncertain and prob-
abilistic aspects of such a complex bio-physical process as carcinogenesis,
but the construction method we are using explicitly quantifies the tradeoffs
between model accuracy and complexity.

We consider it highly unlikely that any single carcinogenicity model will
prove superior to all others in the long run, so we are also engaged in exper-
iments in combining the results of models by various principled schemes.
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Tree Model (p < 0.001)
Predicted Bioassay

Positive Negative Total
Positive 462 6 468

Actual Bioassay Negative 66 210 276
Total 528 216 744

Accuracy: 0.90
Sensitivity: 0.99
Specificity: 0.76

+ Predictivity: 0.88
– Predictivity: 0.97
Corr. Coeff.: 0.80

Table 1: Training Set Classification Accuracy (Tree Model)

Extracted Rule Model (p < 0.001)
Predicted Bioassay

Positive Negative Total
Positive 468 0 468

Actual Bioassay Negative 104 172 276
Total 572 172 744

Accuracy: 0.86
Sensitivity: 1.00
Specificity: 0.62

+ Predictivity: 0.82
– Predictivity: 1.00
Corr. Coeff.: 0.71

Table 2: Training Set Classification Accuracy (Rule Model)
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After Feature Selection (p < 0.001)
Predicted Bioassay

Positive Negative Equivocal Total
Positive 392 60 – 452

Actual Bioassay Negative 20 272 – 292
Equivocal – – – –
Total 412 332 – 744

Accuracy: 0.89
Sensitivity: 0.87
Specificity: 0.93

+ Predictivity: 0.95
– Predictivity: 0.82
Corr. Coeff.: 0.78

Table 3: Training Set Classification Accuracy After Feature Selection (Neu-
ral Model)

Average No. of Pruned Weights 278.8
. . .on Node 1 84.2
. . .on Node 2 78.9
. . .on Node 3 29.8
. . .on Node 4 85.9

Cross-Validated Test Accuracy 90%

Table 4: Training Set Classification Accuracy After Weight Pruning (Neural
Model)
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After Rule Extraction (p < 0.001)
Predicted Bioassay

Positive Negative Equivocal Total
Positive 389 74 – 463

Actual Bioassay Negative 25 256 – 281
Equivocal – – – –
Total 414 330 – 744

Accuracy: 0.87
Sensitivity: 0.84
Specificity: 0.91

+ Predictivity: 0.94
– Predictivity: 0.78
Corr. Coeff.: 0.73

Table 5: Training Set Classification Accuracy After Rule Extraction (Neural
Model)
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Figure 1: Bayesian Classifier for Female Rat Carcinogenesis
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Bayes Model (p < 0.001)
Predicted Bioassay

Positive Negative Equivocal Total
Positive 86 35 3 124

Actual Bioassay Negative 26 33 0 59
Equivocal 12 22 2 36
Total 124 90 5 219

Accuracy: 0.66
Sensitivity: 0.71
Specificity: 0.56

+ Predictivity: 0.77
– Predictivity: 0.49
Corr. Coeff.: 0.26

Table 6: Training Set Classification Accuracy (Bayesian Models)

Random Guesser (p < 0.95)
Predicted Bioassay

Positive Negative Equivocal Total
Positive 70 33 20 123

Actual Bioassay Negative 33 16 10 59
Equivocal 20 10 6 36
Total 123 59 36 218

Accuracy: 0.57
Sensitivity: 0.68
Specificity: 0.33

+ Predictivity: 0.68
– Predictivity: 0.33
Corr. Coeff.: 0.01

Table 7: Training Set Classification Accuracy (Random Guesser)
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