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         A statistical process for building a prediction rule, such as   an
SAR model, assumes that the data to be used is representative,
not just in kind but in balance, of the population to which the
model will ultimately be applied for prediction. All processes that
develop prediction models by means of learning from known
chemical data are  statistically-based at some level.
Consequently, they are all dependent on representative data in
order to develop generalizable, credible models (Weiss and
Kulikowski, 1991).  Non-representative data may yield SAR
models that appear to work because the learning data contain a
signal for a particular arbitrary subspace of the chemical world
and the testing data come essentially from the same subspace.
These models may become, at best useless, at worst misleading,
when they are used to predict toxicity in the real world.

We propose an approach that incorporates into  the
model-building process resampling of the parent chemical
database to form N random databases, from which N independent
random models are generated.  The multiple random sampling
allows us to treat the parent database as an empirical chemical
population distribution. This approach helps to overcome to
some degree the representation bias in the parent database.
Model building researchers will recognize the similarity of this
approach to the bootstrap.  In fact, it is the bootstrap
methodology but applied not only to estimate the distribution of
the prediction accuracy/error, but also to evaluate the consistency
of random models developed from a given database. The idea for
employing the bootstrap approach for this purpose was presented
by Efron and Gong in a demonstration that dealt with a similar
prediction problem, a situation which they deemed to be
“hopelessly beyond traditional theoretical solutions” (Efron and
Gong, 1983). 

It is important to understand the motivation for
employing this multiple random sampling approach. When we
generate a number of models from a particular database by
random multi-sampling methods, each model so generated is an
estimate of the underlying model and  each associated measure
of accuracy /error is an estimate of the prediction accuracy of the
underlying model.  In this process, we are attempting to
understand  how stable or consistent the estimates of both model
and accuracy /error are when they are derived from different
random subsets of the  chemical data. If the resulting model is
generalizable, then the estimated models and their associated
measures of accuracy /error should be relatively stable across any
random subset of the relevant chemical data. Thus, this process
helps us to understand to what extent a prediction model  is
dependent on the particular data set used to create it. The
question we ask is not only  “How predictive is the random 
model?”, but  “How consistent is the model form?”, i.e., Do we
get the same model, i.e., discriminant function, or neural network
weights, or structural fragments, with consistency among the
multiple models?

 What do we achieve by using this approach to model
building and evaluation? The  random modeling helps to
overcome to some degree the representation bias in the parent
database due to its nonrandom selection and composition. It
provides measures of future model accuracy/error with
associated 95% confidence intervals based on direct
measurement of the variability of prediction parameters. These
are the usual motivations for bootstrapping.   Most important,
however, it allows an examination of the dependency of the
model form and components on the particular chemical data used
to build the model.  We illustrate this multiple random sampling
approach with several demonstrations that are concerned with
developmental toxicity prediction. Both a statistical discriminant
analysis and an artificial neural network  were used to develop
physico-chemical models.  A structural pattern recognition
process, CASE, was used to develop structural models
(Klopman, 1984). 
 

                  Materials and Methods
                      A chemical database was constructed using results from the

mouse Chernoff/ Kavlock assay (CKA), as reported in the
primary literature (Chernoff and Kavlock, 1982). A
developmental toxicant is defined by this assay as a chemical that
can induce at least one of the following endpoints: reduced  fetal
weight, reduced fetal viability, and/or fetal death. The database
used for this study was composed of 54 chemicals with clear
evidence of developmental toxicity and 53 chemicals that showed
no evidence of developmental toxicity. We used this CKA
database for all model building in this project.
       We examined the correlation matrix for all physico-
chemical variables and eliminated one of a pair of variables that
were highly correlated (r � 0.95).  From the 17 initial variables,
15 remained for the multiple  random sampling demonstrations
using discriminant analysis and neural network analysis. The
physico-chemical variables used in these demonstrations are
presented in Table 1. Note that the CASE modeling is
independent of correlated physico-chemical variables.  We chose
to limit the amount of multiple sampling to ten random samples
in order  to allow for manageable observation and discussion of
all of the ensuing models. On the other hand, ten models for each
model-building process are sufficient to demonstrate both the
approach and its benefits.   From the 107 chemicals, ten random
samples for model development were chosen, with replacement,
each consisting of 35 active and 35 inactive developmental
toxicants.  The remaining 37 chemicals (19 active, 18 inactive)
from each of  the ten random sample  draws were saved as a test
set for its relevant random model.

Table 1.   Physico-chemical variables employed 
in discriminant and neural network random models

MOLECULAR WEIGHT HYDROGEN ACCEPTOR
MOLECULAR VOLUME HYDROGEN DONOR
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DENSITY HANSEN HYDROGEN
LOG P % HYDROPHILICITY
SOLUBILITY PARAMETER WATER SOLUBILITY
HANSEN’S DISPERSION HOMO
DIPOLE MOMENT LUMO
HANSEN’S POLARITY

From these test sets, the predictivity parameter estimates,
sensitivity and specificity, were calculated for each random
model. Both  a statistical discriminant analysis and a neural
network analysis were used to develop 10 random physico-
chemical models each. The CASE system was used to develop
10 random structural models. All three processes used the same
randomly selected samples of the CKA chemicals for model
building and testing. 

The criterion for  variable inclusion in the discriminant
analysis models  was set at the statistical significance level of p
� 0.10.  An all subsets regression procedure was used to
exhaustively search for and identify the best set of variables,
based on several statistical criteria and models were arbitrarily
limited to four independent variables.  Variables (chemical
fragments) in the CASE demonstrations were only limited by a
statistical significance of p� 0.125, a selection criterion which is
hard-wired into the CASE algorithm. The strategy  for variable
selection employed by the neural network analysis
demonstrations consisted of  arbitrarily choosing as the model
the variables associated with the four largest final hidden
weights.   The 95% confidence intervals (CI) for the mean
predictivity estimates, sensitivity and specificity, for all three
model-building processes were derived from the results of the ten
test sets. For convenience and due to lack of a large number of
random samples, the CI’s were constructed under a normality
assumption.

                    Results and Discussion
The  results for the discriminant analysis random models based
on physico-chemical variables are given in Table 2. A  + sign
indicates the presence of the column variable in the model with
a positive statistically significant (at p� 0.10) coefficient; a - sign
indicates the presence of the column variable in the model with
a negative statistically significant coefficient.  Note that there is
reasonable  consistency among the ten models. Three variables:
WATER SOLUBILITY,   HYDROGEN DONOR, and LUMO
are represented in 10, 8, and 6 of the ten models, respectively.
HOMO is also a statistically significant predictor in 3 of the 10
random developmental toxicity models and is present in the best
subsets regression analysis of four additional random models
where it does not quite meet the statistical significance criterion
of p� 0.10. The random estimates of the prediction parameters
are, with the exception of random sample 2, generally consistent.
However, the mean sensitivity and specificity of 52.1% and
60.6%, respectively, indicate only minimal average predictive
ability for any physico-chemical model derived from this
database.  The 95% confidence interval for mean sensitivity
based on the assumption that this statistic is normally distributed
is 44% to 60%, which has a lower bound less than chance
prediction.  The 95% confidence interval for mean specificity,

similarly constructed, is 56% to 66%. 
The results for the neural network random models,  also

based on physico-chemical variables, are given in Table 3. An x
sign indicates the presence of the column variable as one of the
four most predictive independent variables based on the absolute
value of the final hidden weights.   Note that the weights
representing the variables WATER SOLUBILITY and  LUMO,
which were important in the discriminant models, as well as
HANSEN’S POLARITY, AND %HYDRO are represented in
10, 9, 6, and 5 of the ten random models, respectively, with
HYDROGEN DONOR and HOMO, variables also observed
with some consistency in the disciminant models, present in 3 of
the ten neural network models.  The mean sensitivity and
specificity are 51.1% and 61.1%, respectively, indicating only
minimal predictive ability and very similar to those measures
provided  by the discriminant analysis.  The individual estimates
of sensitivity and specificity are, again, reasonably consistent.
The 95% confidence interval for sensitivity based on the normal
assumption, is 45% to 57%,with lower bound less than chance
prediction.  The 95% confidence interval for specificity, similarly
constructed,  is 54% to 68%.

The results for the CASE structural random models are
given in Table 4.  A + sign indicates the presence of the column
structure that is statistically significant at p� 0.125 with a
positive association with activity  in the model ;  a - sign indicates
the presence of the column variable that is statistically significant
with a negative association with activity in the model.     Note
that the fragments 1, 5, 10, 36, 2, 11 and 35, respectively,
(NH2-C=, CO-NH2, CO-O-CH2-, O-C=CH-CH=C-CH=C-  <5-
CL>, CO-NH-, CH3-O-CH2-, and O-C=C-CH=C-CH=CH- <5-
CL>) are statistically represented at p � 0.125 in 8, 6, 6, 6, 5, 5,
and 5 of  the ten random models, respectively. The mean
sensitivity and specificity are 54.7% and 58.7%, respectively, a
result nearly identical to those of the discriminant analysis and
neural network analysis demonstrations. Note that the prediction
parameter estimates are generally consistent. The model using
structural predictors is only minimally predictive. The 95%
confidence interval for sensitivity based on the normality
assumption  is 47% to 62% with the lower bound of the CI below
chance probability.  The 95% confidence interval for specificity,
similarly constructed, is 54% to 63%.

              The CKA database provided discriminant, neural
network, and structural random models with weak prediction
signals, which  yield almost identical estimates of the
accuracy/error measures.  The chemicals  causing developmental
effects in the CKA database represent many  chemical classes
and thus implicate multiple mechanisms. 



Table 2.          Ten random physico-chemical CKA models based on discriminant analysis

                                                      physico-chemical variables                

random haccept wsolub homo lumo mwt hdonor solupar hanhyd sens% spec%

model #

1 + - + 57.9 55.5

2 - -  + 26.4 50.0

3 - - + 68.4 77.8

4 + - + 42.1 66.7

5       - + + 57.9 55.6

6      - + - +      63.2 61.1

7      - + + 42.1 66.7

8 - + + 52.6 55.6

9 - - + + 57.9 61.1

10 - - + 52.6 55.5

2/10 10/10 3/10 6/10 1/10 8/10 1/10 1/10

mean 52.1 60.6

95% CI 44-60 56-66

All variables are statistically significant at p� 0.10

Table 3.          Ten random physico-chemical CKA models based on neural network analysis

                                                    physico-chemicals variables                         

random wsolub homo lumo hdonor hanhyd hanpol dipmo log_p %hydr sens% spec%
model #

1 x x x x 63.2 66.7

2 x x x x 47.4 83.3

3 x x x x 42.1 66.7

4 x x x x 42.1 66.7

5 x x x x 63.2 61.1

6 x x x x 57.9 44.4

7 x x x x 36.8 55.6

8 x x x x 52.6 61.1

9 x x x x 63.2 44.4

10 x x x x 42.1 61.1

10/10 3/10 6/10 3/10 1/10 9/10 1/10 1/10 5/10

mean 51.1 61.1

95%CI 45-57 54-68

All variables are among four most important as indicated by absolute value of hidden weights

Because of this situation, it is difficult to uncover a strong general
prediction signal.   However, the models here are relatively
consistent in form, components, and predictive ability within
each of the specific model-building process demonstrations. This
consistency  may permit some cautious usefulness of a final
model, defined by strategic incorporation of  the random models,
and some cautious speculation regarding the underlying
biological mechanism(s) of developmental toxicity. 
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Table 4.          Ten random structural models based on the Chernoff Kavlock assay database
                 Results from CASE analysis

                random model #

frag 1 2 3 4 5 6 7 8 9 10

ment #

1 + + + + + + + + 8/10

2 + + + + + 5/10

3 - 1/10

4 + + + 3/10

5 + + + + + + 6/10

6 + 1/10

7 + + 2/10

8 + 1/10

9 + 1/10

10 + + + + + + 6/10

11 + + + + + 5/10

12 + 1/10

13 + 1/10

14 + + 2/10

15 + 1/10

16 + 1/10

17 + + 2/10

18 + + 2/10

19 + 1/10

20 + + + + 4/10

21 + 1/10

22 + 1/10

23 + + 2/10

24 + 1/10

25 + 1/10

26 + + 2/10

27 + 1/10

28 - 1/10

29 + 1/10

30 + 1/10

31 - - 2/10

32 + 1/10

33 + 1/10

34 + 1/10

35 + + + + + 5/10

36 + + + + + + 6/10

 37 + + 2/10

38 + + 2/10

39 + 1/10

95%

mean CI

sen% 68.4 47.4 73.7 31.6 52.6 47.4 57.9 68.4 47.4 52.6 54.7 47-62

spe% 55.6 64.7 58.8 70.6 70.6 55.6 55.6 50.0 50.0 55.6 58.7 54-63

 All structures are statistically significant at p � 0.125


