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Abstract— A novel neural network based tech-
nique, called “data strip mining” extracts pre-
dictive models from data sets which have a large
number of potential inputs and comparatively few
data points. This methodology uses neural net-
work sensitivity analysis to to determine which
predictors are most significant in the problem.
Neural sensitivity analysis holds all but one in-
put to a trained neural network constant while
varying each input over its entire range deter-
mine its effect on the output. The least sensi-
tive variables are iteratively removed from the
input set. For each iteration, model bootstrap-
ping uses many combinations of training and test
data to determine an estimate of the model’s abil-
ity to predict the output for data points not used
during training. Elimination of variables through
neural sensitivity analysis and predicting perfor-
mance through model bootstrapping allows the
analyst to reduce the number of inputs and im-
prove the models predictive ability at the same
time. This paper illustrates this technique using
a cartoon problem from classical physics. It then
demonstrates its effectiveness an a pair of chal-
lenging problems from pharmaceutical chemistry
with over 400 potential inputs each.

I. INTRODUCTION

The purpose of this paper is to introduce and
illustrate a neural network methodology for solv-
ing problems with many more free parameters
than data points to support them — “data strip
mining problems.” Section II further defines this
class of problems. Section III introduces an il-
lustrative cartoon problem from classical physics
as a sample data strip mining problem for this
methodology to solve. Since a theoretical model
for this problem already exists, it will serve as a
benchmark to demonstrate how closely a neural
model approximates the theoretical model. The
solution depends on two subordinate methodolo-
gies. The first is neural sensitivity analysis, in-
troduced in section IV. This process determines
the most important variables in a system by suc-
cessively holding all but one input constant and

varying the other over its range of values to ob-
serve its effect on the system. It then eliminates
a fraction of the least sensitive inputs from the
system. At each step, neural bootstrapping is
used to estimate the performance of the model
with the remaining inputs. Bootstrapping, in-
troduced in section V, first produces an estimate
of the ideal training error at which to stop train-
ing the network before using it for prediction on
data outside the training set. This ideal training
error stop point, further described in section V-
C, is an innovation which allows a network with
many free parameters to train on a small data
set and still give good prediction. The bootstrap
methodology then divides the data into training
and test sets multiple times in order to gener-
ate more observations of prediction error than
one split would produce. These individual er-
ror predictions produce a correlation coefficient
r between the predicted values and the actual
values in the test set. Model comparison uses a
Q? = 1 — r? statistic introduced in section V-
B. Section VI proposes a automatic and repet-
itive process of sensitivity analysis, variable re-
duction, neural bootstrapping, and model com-
parison which produces, using fully connected
feed-forward neural networks trained by back-
propagation, the highest performing input set
for the problem. This methodology produced
good results on the sample problem from clas-
sical physics and on two challenging problems,
described in section VII, from pharmaceutical
chemistry with over 400 inputs each and as lit-
tle as 66 data points. It narrowed these inputs
to smaller subsets and produced neural network
models with good predictive ability.

II. THE STANDARD DATA MINING PROBLEM
AND “DATA STRIP MINING”

Data mining is the automated discovery of
non-obvious, novel, and potentially useful infor-



mation from large databases. This paper’s au-
thors define the standard data mining prob-
lem as a multivariate regression or classification
problem for which the analyst has many candi-
date inputs from which to choose. Furthermore,
the analyst should not only build a model which
predicts or classifies well, he or she should also
be able to explain to some degree how and why
the model works.

1. First, an input variable analysis must be per-
formed to evaluate which inputs contribute most
to the desired regression or classification model.
The goal is to narrow a large number of poten-
tial inputs into a smaller subset which offers good
prediction. This step is very important because
excess variables in the model cause two prob-
lems. In many models, excess variables cause
the parameter estimation methodology to fit the
model to excess data which actually has no pre-
dictive value. If one were attempting to build
a model which predicted a person’s heart attack
risk, the day of the week on which a person was
born would not enhance the model’s predictive
capabilities. If the model builder did include it
in the model, the parameter estimation method-
ology could include a coincidental correlation be-
tween days of the week and coronary risk in the
predictive model. If the modeling paradigm had
enough freedom, it may even attempt to force
the model to fit this day of the week data for
this data set. The second problem of excess vari-
ables is that they make the model more difficult
to explain. It is common practice to reduce pre-
dictor variables through correlation analysis, all
possible regressions, stepwise regression, princi-
pal component analysis, and intuition [3]. How-
ever, these methods break down as the number
of candidate variables becomes very large or if
the problem is highly nonlinear.

2. Second, a predictive model should be built.
There are many methods for this, all with some
advantages and disadvantages. Linear models,
if applicable, are easily explainable. As pre-
dicted properties become more complex, nonlin-
ear models such a neural networks offer better
predictive power. This step should also include
an evaluation of how well the model predicts or
classifies on data it has not seen before.

3. Finally, the model should have explanatory fa-

cilities. Its users will be unlikely to accept and
use a model they cannot understand, especially
if the results are counter-intuitive. This is a very
difficult challenge for complex nonlinear models.
The methods introduced in this paper reveal the
most important variables and their effects on the
system. This is a first step to formulating uni-
variate rules to govern its behavior.

As the number of potential inputs to the model
becomes large, and as the number of data ob-
servations becomes small, the problem takes on
an additional challenge. For most modeling
methodologies, there are no longer enough data
points to support the number of inputs. Mod-
els become difficult to manage and maintain in
many dimensions. If the model must also ex-
plain, the sheer number of possible interactions
bedevils human intuition. The most obvious so-
lution would be to get more data, but this is not
always so simple. Data points may be very ex-
pensive to obtain, or the conditions under which
the data was taken may no longer be available.
In this case, the modeler must get as much infor-
mation out of the data and variables available.
The problem is pivoted in the sense that there
are more variables than data points to support
them.

The authors of this paper term modeling this
type of pivoted problem data strip mining.
Typical data mining problems are much like an
in ground mine. The prospectors do not need to
figure out where to look. The inputs to the model
have already been identified. They go to the
same hole and dig deeper, gathering vast num-
bers of data points to produce a better model.
Strip miners must constantly search the space
of potential inputs to find combinations which
provide good prediction. Furthermore, the data
points they use to do this are limited. They can-
not dig deeper to get more data. They must use
what is available near the surface.

This paper presents a neural network method-
ology which iteratively performs the steps of this
data mining cycle. It builds a complex model
of the system with all possible inputs. It then
performs sensitivity analysis on that model to
eliminate some of the inputs which seem to have
little effect. A new model is built with this sub-
set, and the process repeats itself. It also eval-



uates the predictive ability of each model along
the way so that the model builder knows when
further simplification eliminates needed variables
and reduces predictive ability. Finally, this vari-
able reduction scheme, along with the sensitivity
analysis, is an initial step in explaining the model
in the terms of the domain for which it was built.

III. CARTOON EXAMPLE — WHAT IF SIR
IsaAAac NEwTON USED NEURAL
NETWORKS?

The physics problem shown in figure 1 illus-
trates the strip data mining approach to a prob-
lem for which a theoretical model already ex-
ists and may serve as a benchmark. Suppose
Sir Isaac Newton had access to a personal com-
puter and neural network software. He may have
chosen to build data driven models for his laws
of classical physics. Suppose further that after
conducting experiments and gathering ten data
points, his watch broke, and he was forced to
develop a model using only those data points.
In his ten experiments, he released a box on a
ramp equipped with rollers such that friction on
the ramp was negligible. He wanted to build a
model to predict how long the box would slide
once it reached the ground at the bottom of the
ramp before coming to rest. Since his laws were
undeveloped, he took data for several variables
for which he hypothesized were important in this
problem. These included [ — the length of the
ramp, # — the angle formed by the ramp and
the ground, u; — the coefficient of kinetic friction
between the box and the ground, h — the hour
at which the measurements were taken, 7' — the
temperature when the measurements were taken,
and m — the mass of the box. He also recorded
ts — the length of time in seconds the box slid
along the ground before coming to rest. These
data, made up by the authors, are shown in ta-
ble I. Note that, as equation 5 will show, ¢, only
depends on [, 60, and . The other variables are
potential inputs which may be correlated with
the output but are actually not important in our
problem. For reference purposes, a random vari-
able (rv) was also added to the data. The model
development methodology of section VI will filter
the unnecessary variables from the model.

This system is actually governed by a few laws
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Fig. 1. Cartoon physics experiment for a neural network
benchmark model: The model attempts to predict
for how many seconds the box will slide along the
ground once it reaches the bottom of the ramp.
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TABLE I
EXPERIMENTAL DATA FOR SLIDING BOX PROBLEM
SHOWN IN FIGURE 1. NOTE IN EQUATION 5 THAT
h,T,rv AND m ARE NOT NECESSARY TO CALCULATE
ts. THEY ARE ADDED ALONG TO ALLOW THE
METHODOLOGY OF SECTION VI REMOVE THEM FROM
THE MODEL.

[h T [m[m [0 [ro [8 |
815 |52 |1 |.10]5].09]0.913.03
930 |40 |2 | .14 |5 | .11]0.36 | 2.39
1215 | 72 |3 | .16 | 5 | .10 | 0.03 | 1.99
1330 | 85 |4 | .17 |5 | .20 | 0.63 | 2.65
1440 | 68 |3 | .16 | 4 | .15 | 1.00 | 2.18
1300 | 71 |4 | .17 |4 | .15 | 0.74 | 2.05
1330 | 75 | 5 | .13 | 4 | .32 | 0.54 | 3.90
1045 | 66 | 5 | .13 | 3| .19 | 0.09 | 2.61
1150 | 70 | 1 | .10 | 3 | .22 | 0.00 | 3.65
1155 | 70 | 2 | .14 | 3 | 44| 0.83 | 3.65

of classical physics. We must determine the time
(t) at which the velocity of the box becomes zero.
This is a function of its velocity at the bottom of
the ramp (vy) and its rate of deceleration (—a).

(1)

v =1+ at

Solving for ¢ at v = 0:

Vo
t=—
a

(2)

The velocity of the box at the bottom of the ramp
is governed by the following equation:

vo = 1/2¢glsind (3)



where ¢ is the acceleration of due to gravity
(9.8m/sec?). To determine the box’s decelera-
tion, we begin with the fundamental relationship
F' = ma. In this case, the force F' is the force
due to friction f; = ppmg. Therefore:

Urg (4)

Substituting equation 3 for vy and equation 4 for
a into equation 2, the desired model for how long
the box slides becomes:
o V2glsind (5)
’ 119
This is the relationship which Newton’s neural
model will attempt to find using his ten experi-
mental data points.

a:E:ukmg:
m m

IV. VARIABLE REDUCTION THROUGH
NEURAL NETWORK SENSITIVITY
ANALYSIS

Neural sensitivity analysis is the analysis
of the system responses generated in the output
layer of a neural network by changing the inputs
going into the input layer [1]. The authors hy-
pothesize that a neural network, given a large
set of input variables, will adjust its free param-
eters during training such that the most impor-
tant variables in the problem will be the most
sensitive.

Three different measures for sensitivity are
proposed. The first is simply the sensitivity ac-
cording to range S,. Consider the sensitivity re-
sults for the systems in in figure 2. The output of
the system y; is shown for n levels of a particular
input z;. For this system, the sensitivity accord-
ing to range is determined by S, = Ymaz—Ymin- A
second possible measure is the variance produced
in the output when the input is moved through
its entire range. This is the sensitivity according
to variance S, = > (y;—7)/(n—1). A third possi-
ble measure for sensitivity is the average gradient
over all the intervals. This is the sensitivity ac-
cording to gradient S, = X" |y — v |/(n—1).
The results in figure 2 show that all three mea-
sures capture the higher sensitivity of variable 2
compared to variable 1. However, only S, and
S, capture the higher sensitivity variable 3 com-
pared to variable 2. The analysis in this paper
uses Sy.

This paper proposes the following methodol-
ogy for performing neural sensitivity analysis.
Once a network has been trained on a large set
of input variables, calculate an average value for
each input variable. Then, holding all variables
but one at a time at their average levels, vary the
one input over its entire range and compute the
variability produced in the net outputs. Anal-
ysis of this variability may be done for several
different networks, each trained from a different
weight initialization. The algorithm will then
rank the variables from highest to lowest accord-
ing to the mean variability produced in the out-
put.

This sensitivity analysis procedure has two pa-
rameters. The first is the number of levels at
which to evaluate each input during the analy-
sis. All inputs but one will be held at their av-
erage values, and the net will be evaluated with
this input at [ values. If five values are selected,
these values will be 0.0, 0.25, 0.5, 0.75, and 1.0.
The data in figure 3 shows the effect this param-
eter has on S, for the chemistry data (see section
VII). The addition of levels beyond the first few
produces little change in S,. The analysis in this
paper is done with [ = 6.

Sensitivity of variability to number of levels
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Fig. 3. The variability produced in a sample system

using different numbers of levels for a given variable

The second parameter for this procedure is
the number of sensitivity runs r. This is the
number of differently initialized trained nets on
which to perform sensitivity analysis. Different
random initializations of a network will yield dif-
ferent sensitivity levels for the variables. As the
number of networks used increases, so does the
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| Variable | S, | Sy, | S, |
1 0.5 | 0.035 | 0.100
2 1.0 | 0.140 | 0.200
3 1.0 | 0.187 | 0.395

The theoretical sensitivity of a fictitious system to three different variables and the different sensitivity

measures for these variables calculated using I = 6 discrete points.

confidence level in the rankings. If these rank-
ings are to be used to eliminate variables from
the model, a higher degree of confidence will en-
sure that those variables with the smallest ef-
fect on the output are eliminated. For example,
the initial sensitivity analysis of the example sys-
tem calls for elimination of two variables, leaving
five. The sensitivity analysis for five variables
also called for elimination of two variables. Ta-
ble IT shows the results of sensitivity analysis on
the five remaining variables with 3 runs (r = 3).
These data allow the user to conclude with 78%
confidence that length of ramp produces a higher
standard deviation in the output S,; than time of
day S,,. However, more sensitivity runs (r = 5)
allows the user to make the same conclusion with
90% confidence. This leads to better decisions in
the variable reduction. The analysis in this pa-
per is done with r = 5.

TABLE II
THESE VALUES WERE TAKEN FROM SENSITIVITY
ANALYSIS FOR THE SEVEN VARIABLE PHYSICS MODEL
WITH [ = 6. INCREASING THE NUMBER OF NETS USED
FROM 3 TO 5 INCREASES THE CONFIDENCE THAT
LENGTH OF THE RAMP [ IS MORE SENSITIVE THAN
TIME OF DAY h FROM 78% TO 90%.

[r] Su | Sen | varSy, | var Sen | t-value [ Conf Sy > Spn |
3 [ 0.00946 | 0.00491 | 5.2510~° [ 1.20x107® .981 78%
5 || 0.00794 | 0.00402 | 1.09z107° | 3.122107® 1.35 90%

V. MODEL EVALUATION THROUGH
BooTsTRAP RUNS

A. Neural Bootstrapping

As long as the net structure has enough com-
plexity, a neural net can be trained to produce
any desirable error level on the training set.
Therefore, any measure of this error is a poor
criterion for the ability of the net to predict out-
puts for data points it has not seen before. In



order to determine a net’s ability to generalize,
it must be evaluated on a test data set which
was not used during the training. If the number
of data points is large, it is possible to have a
large number of data points in the test set and
a good estimate of the distribution of prediction
errors. However, if the number of data points
is small, the estimate of the mean prediction er-
ror produced by evaluation on the test set will
be highly variable. The presence of one outlier
in the test data set will significantly alter the
estimate of mean prediction error. Resampling
from this small data set allows better estimates
of prediction error.

The jackknife [7] is a process by which the vari-
ance of a statistical parameter is estimated for
small samples of size n by successively resam-
pling the data n times, leaving one observation
out for each sample. A bootstrap [2] estimates
the variance by creating N samples of size m,
m < n. For each sample, m observations are
taken with replacement from the population of n
observations, and the statistic of interest is cal-
culated for these N smaller samples. Neural
bootstrapping, motivated by these techniques,
is used to break the data into many combinations
of test and training sets. For each combination,
the net trains using the data in the training set
to a certain error level then generates observa-
tions of prediction error using data in the test
set. By this method, a large number of pre-
diction error observations may be taken from a
small data set. This allows statistical statements
about the mean and variance of prediction errors
to be made with greater confidence.

B. Network Evaluation Criteria

Multiple regression models typically evaluate
model adequacy by the adjusted coefficient of
determination or the mean square error in the
model [3]. These statistics may not be calcu-
lated for strip mining models where the number
of variables exceeds the number of data points.
The coefficient of determination (without adjust-
ment), R?, corresponds to the square of the cor-
relation coefficient between the actual and pre-
dicted values. This may be calculated regardless
of the number of variables in the system. How-
ever, it must be estimated for a test set, not used
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in model building, to determine a model’s ability
to predict. This can often lead to confusion since
many model building methodologies evaluate R?
for the training set along the way. To ease this
confusion, this paper will refer to a Q? statistic
which is simply one minus the correlation coeffi-
cient squared evaluated on the fest set.

( E(IE—T)(y—y) )2
VE@ - 7)2/S(y - 7)°
(6)

where z is the target value and y is the prediction
given by the model.

This statistic will be used in conjunction with
the bootstrap to evaluate models. Its advantages
are that it eliminates the confusion between anal-
ysis on the test and training sets and that it
is not specific to one particular model building
paradigm. It may be applied to linear regression,
neural networks, or any other methodology.

Q*=1-R=1-

C. Training Error Stop Point Determination

In the conduct of these bootstrap sessions, the
analyst must determine at what error level to
stop training the net on the training set and eval-
uate it on the test set. The authors call this value
the ideal training error stop point. This stop
point is the innovation which allows a network
with many free parameters to train on a small
data set and still give good prediction. Stopping
training too early will not allow the network to
fully learn the the complexity required for pre-
diction. Stopping training too late will allow the
network to fit the output to the data so well that
it no longer models the general trend in the out-
put but fits the output curve to the individual
data points exactly, even in the presence of data
error. On-line observation of network errors on
the test and training sets confirm that test er-
ror decreases continually to a certain point, at
which it begins to increase. The training error
level at which the test error is minimized is the
optimal training error stop point for this net-
work. This point will vary for different splits of
test and training sets.

One could simply monitor test error on line,
record the optimal point, and evaluate the net-
work using that error level. However, if the goal



of model evaluation is to estimate a network’s
ability to predict outputs for data it has not seen
before, this scheme will bias that estimate toward
an optimal test error for each split of the training
and test sets. A better method is to record the
optimal test error for several different splits of
the data set, calculate the average training error
stop point, and use this for all of the splits. Then
evaluate the network on different data splits than
those used to calculate this error. This produces
a better estimate of the net’s ability to general-
1Z¢e.

A modification to this procedure would be to
undertrain or overtrain the network by a cer-
tain amount. One could then calculate a stan-
dard deviation for the training error stop point,
and adjust the average value by positive or neg-
ative multiples of this standard deviation. Some
empirical evidence indicates that test error de-
creases more steeply as it approaches its opti-
mum and then begins a gentle increase. There-
fore, there is less penalty for overtraining than
undertraining. This was tested for a sample net-
work trained on the chemistry data set of section
VII as shown in figure 4. The best error occurred
when the net was overtrained to a training error
level adjusted downward by one half standard de-
viation. The worst errors occurred when training
was stopped too soon.

Sensitivity of Q-squared to different sigma shift values
T T T T T T T

Q-squared
o
=
w

0.12

-2 -1.5 -1 -0.5 0 0.5 1 15 2

sigma shift - ss

Fig. 4. The Q? produced by using different values for
sigma, shift ss when calculating training error stop
point a.
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D. Determining How Many Bootstrap Sessions
to Run

Another important consideration is how many
data splits to use in bootstrapping. This is
driven by three factors:

1. As the number of individual error estimates
increases, the confidence in the accuracy of
model evaluation statistics such as Q? increases.
2. As the test set grows smaller in comparison
to the training set, the model improves and Q?
increases.

3. Each network training and evaluation session
consumes processor time.

The goal of the bootstrap is efficiently get
an acceptable and accurate Q?. The plots in
figure 10 shows how Q2 improves as the num-
ber of bootstrap runs increases for the chemistry
data set of section VII. This progression sug-
gests that, for this data set, increasing the ratio
of training data points to test data points very
much beyond 5:1 yields little improvement in Q2.

Sensitivity of Q-squared to Training/Test point ratio
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Fig. 5. Improvement in Q% with increases in the ratio

of training set size to test set size. For each given
ratio, enough nets were evaluated to get three error
estimates for each data point in the test set.

VI. STRIP DATA MINING METHODOLOGY
UsING NEURAL NETWORK SENSITIVITY
AND BOOTSTRAP RUNS

The sensitivity analysis and bootstrap pro-
cedures may be combined into a methodology
which efficiently builds a very good predictive
model with a minimum number of input vari-
ables. The algorithm requires the parameters



and variables shown in table ITI. The flowchart
in figure 6 illustrates the methodology.

This methodology was applied to Newton’s
problem with the following parameters: N, =
10,t = 2, N; = 5,t; = 2,88 = 0.0, = 6,r = 5,
and f = 0.4. All of the neural networks used had
two hidden layers with 10 and 5 neurons respec-
tively. They were trained using backpropagation
with a learning parameter of 0.01 and a momen-
tum parameter of 0.5. It obtained very good re-
sults in four iterations, summarized in table IV
and figure 7. In the first iteration, the variables
mass (m) and random noise (rv)were eliminated
from the model. On the next iteration, time
of day (h) and temperature (T') were eliminated
leaving the angle (6), the length of the ramp (I),
and the coefficient of kinetic friction (uy) as the
three variables in the model. This corresponds to
the three variables in the theoretical model, and
these variables produced the lowest @* for any
model, as shown in table IV. The final iteration
eliminated [, a necessary input, and resulted in
a higher Q2. Sensitivity analysis on the three—
variable subset (figure 8) shows an increase in the
accuracy of the analysis and a decrease in its vari-
ability as compared to figure ??. The network is
no longer fitting unnecessary data to the prob-
lem. This sensitivity analysis may also be used as
a way to explain the model. Once can clearly see
the different positive relationships of # and ramp
length with slide time. The inverse relationship
between coefficient of kinetic friction and slide
time may also be observed. These relationships
make good sense if one uses intuition about the
expected relationships. Although this model is
no substitute for the theoretical model of equa-
tion 5, it has eliminated the unnecessary system
inputs and captured the approximate magnitude
and direction of the relationships between ¢y and
[,0, and py. It obtained these results despite the
fact that the initial system had seven potential
inputs, 141 free parameters, and only ten data
points.

VII. A TEsT CASE — PREDICTING
PHARMACEUTICAL PROPERTIES

A pharmaceutical manufacturer has a difficult
problem. This person is attempting to design a
drug which has a few desirable properties to ex-
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ploit and many undesirable properties to avoid.
There are too many candidate drugs to even con-
sider, let alone test. The researcher must care-
fully choose a very small subset of candidate
drugs to test in the laboratory for the target
properties. Unfortunately, these lab tests are
expensive and time consuming, ultimately con-
cluding with human subjects. The researcher
is armed with about 480 molecular descriptors,
both explicit and derived, to guide his or her
selection of good candidate drugs. But which
of these descriptors predict which properties?
There are too many interactions to consider ex-
plicitly. Expertise and intuition are good guides,
but they vary from individual to individual and
must be learned over time at great expense.

The data strip mining methodology was tested
on two pharmaceutical a data sets. The first
set which included 66 data points, each of them
molecules. Each molecule had 480 descriptors as
potential inputs to the model. It also had a tar-
get predicted value for concentration required to
inhibit binding with the Cholecystokinin (CCK)
molecule in the human blood stream. The fol-
lowing parameters were used for this test case:
Np = 4,6t = 17,N; = 4,1, = 17,85 = 0.0,] =
6,7 =5, and f =0.5.

Figure 9 and table V show the progression of
models vs. n. This progression indicates that
the best model occurs where n = 10. This @Q?
value is better than that obtained by any other
methodology for this problem.

This methodology also works very well for an
even more challenging data set related to can-
cer prediction. The original 400 variable struc-
ture offered no predictive ability at all. However,
stripping the data set of predictors allowed pre-
diction to progressively improve until Q% reached
0.49. The @? improvement as variables are re-
moved from the model is plotted in figure ?7.

VIII. CONCLUSIONS AND FUTURE ANALYSIS

This paper has introduced the standard data
mining problem and a subclass of those prob-
lems, called data strip mining problems, which
calls for the development and explanation of a
model from a data set containing too few ob-
servations to support the number of potential
input variables. Despite larger number of free



Data Strip Mining Methodology
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Fig. 6. Repeatable methodology for data strip mining which may also be automated.

parameters than data points, calculation of an
ideal training error stop point during backpropa-
gation allowed the model to give good prediction.
Neural sensitivity analysis was introduced as a
method to determine the most important inputs
to the system, allowing some of the least sensitive
inputs to be eliminated. The authors proposed
neural bootstrapping as a method to accurately
evaluate different neural models of the same sys-
tem when the number of data points from which
to draw training set and test set samples is very
small. All of these methods are combined and
automated in a well defined data strip mining

methodology. This methodology works well for
a benchmark problem from classical physics and
for two very difficult problems from pharmaceu-
tical chemistry for which other methodologies
have failed to provide sufficient performance. It
offers the following strengths:

—Handles case where candidate inputs exceed
data points.

—Produces very good prediction.

—Greatly reduces input considerations.

—Does not require extensive neural network or
problem domain expertise and intuition to im-
plement.



Physics model for 7 variables
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Fig. 7. Plots of actual vs. predicted values for four iterations of Newton’s benchmark model
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Fig. 10. Improvement in @? as variables are removed

from the cancer prediction data set.

—~The process may be automated.

The process also has a few weaknesses:
—Stochastic results. A different, and perhaps
poorer, ideal variable subset may be obtained

with a subsequent iteration using different ran-
dom seeds. A conservative choice of f and r may
reduce this variability, but at the cost of proces-
sor time.

—Some of the chosen predictors, even in late it-
erations, add no valuable data to the model.
—Selection of the ideal training error stop point
is a tricky, but essential part of the algorithm.

Based on these results, there are many directions
for future research in this area.

—~Further sensitivity analysis on the algorithm
parameters.

—Comparison of this variable selection method-
ology to a genetic algorithms or heuristic search.
—Application to other difficult problems to verify
its performance in other domains.

—Devise other ways to explain the model.
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TABLE III
INPUT PARAMETERS AND VARIABLES FOR “DATA STRIP
MINING” .

Input Parameters Determined in Advance

N, — Number of models. The number of neural models to
build for each candidate variable set. Each model will use
a different random sample of training and test points.

t — Number of test points. The number of test points to
be used for each model. All remaining points will be used
for training.

N; — Number of models for selection of ideal training error.
This is the number of models used to determine the ideal
training error stop point .

t; — Number of test points for selection of ideal training
error. This is the number of test points used to determine
when test error is minimized for each model.

ss — Sigma shift. Once an ideal training error ¢ has been
determined for a model, it is multiplied by ss to get an
actual training error stop point a.

I — Number of levels. The number of levels at which to
evaluate each variable in sensitivity analysis.

r — Number of sensitivity runs. The number of sensitivity
runs to perform with each subset of candidate variables.

f — Cut fraction. This is the fraction of variables eliminated
from the model at each step.

Other Symbols Used

n — The number of variables used in the model

N0t — The total number of variables in the system

e; — Ideal training error for one network

i — Ideal training error average for all N; networks

a — Actual training error stop point

o; — Standard deviation for all e;

x — Target value for a model prediction

y — Actual value for a model prediction

S, — Sensitivity according to variance produced in model
output by varying an input variable over [ levels
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TABLE IV
PROGRESSION OF THE DATA STRIP MINING
METHODOLOGY FOR NEWTON’S BENCHMARK MODEL.
THE BEST Q? VALUE IS GIVEN BY THE MODEL WHICH
CORRESPONDS TO THE THEORETICAL 3-INPUT MODEL
OF EQUATION 5

| Tteration | Inputs | Q* |
1 0, ur, T, 1, h,rv,m | 0.46
2 0., L, T | 025
3 9, g, | 0.17
TABLE V

PROGRESSION OF THE DATA STRIP MINING
METHODOLOGY FOR CCK PHARMACEUTICAL
CHEMISTRY PROBLEM . THE BEST Q? VALUE OCCURS
WHEN n = 10.

| Tteration | n

& ]

1 480 | 0.42
2 240 | 0.43
3 120 | 0.42
4 60 | 0.38
) 30 |0.28
6 20 |0.23
7 15 | 0.23
8 10 | 0.23
9 8 0.29
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Fig. 9. The progression of models as variables are removed from the system by the
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Molecular model for 280 variables
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“strip data mining” methodology



