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Introduction

Recently, we have reported a nonlinear experimental
design (n-DOE) method (Zhang et al., 2007)1 that is more ef-
ficient than traditional optimization methods (e.g., explicit
mathematical modeling techniques and statistical design of
experiment (DOE) methods)3–6 for the optimization of com-
plex multidimensional systems (Zhang and Block, 2009).2

The n-DOE method, RBFNN-TGA, includes a radial basis
function neural network (NN) modeling technique and a
novel search algorithm, a truncated genetic algorithm (TGA),
to suggest a new set of experiments based on a developing
knowledge base.1 Having this optimization algorithm that
can successfully deal with the dimensionality common in
bioprocess optimization overcomes a potential limitation of
most previously reported approaches to optimization.7–9

After evaluating this n-DOE method, we hypothesized that
the algorithm could be further improved by including a data
mining technique to ensure that only the critical variables of
the dataset are used for the optimization, whereas unimpor-
tant variables that do not have significant effects on desirable
responses/outputs are eliminated from the optimization pro-

cess. We felt that this data mining addition would make the
n-DOE more efficient for two reasons: (1) the NN model
used in the algorithm would be more predictive with unim-
portant variables excluded10,11 and (2) the size of the search
space is reduced as the number of factors included in the
optimization is reduced. Many data mining techniques capa-
ble of extracting critical features from a database have been
reported.10–14 In this work, we chose to process the variables
using a decision tree analysis (DTA) technique since it is
able to identify critical variables from a nonlinear database
with both continuous and discrete variables,10,11 before feed-
ing the variables into a NN model. By integrating the DTA
into our novel n-DO (termed n-DOE-DTA), our goal was to
extend our original method1 and decrease the number of
experiments necessary for the n-DOE method to find an opti-
mum, while maintaining its ability to find a true optimum.
To evaluate this, we used a complex simulated optimization
surface (a mathematical function) to assess the performance
(i.e., effectiveness and efficiency) of the n-DOE-DTA and n-
DOE approaches.

Methods

Response surface used

For optimization problems representative of the high non-
linearity and multidimensionality in practice, we created a
12-dimensional optimization surface
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to evaluate the performance of the new n-DOE-DTA optimiza-
tion method and compare its performance with the
n-DOE without integrated data mining. The bounds and types
of variables for the function (1) are given inTable 1. Function (1)
is composed of three complex two-dimensional functions
(modified Rosenbrock function, modified Himmelblau func-
tion, and Maechler Additive function)5 and six other nonlinear
terms, in which x12 is a random variable, the average output over
the constrained input space is 657, the globalminimum is 0 at the
coordinates (1, 1, �3.32, �4, 0.655, 0, 0, 1, �1, �1, �4,
random), and the global maximum is 3701.5 at the point of (�2,
�1, 5, 5, �1, 1, 4, �2, 1, 1, 0, random). The 12-dimensional
function was chosen so that x1 is the most critical parameter in
determining the response of the function with x2 next important
and so forth down to x12. Five-percent simulated noise was
added to the responses of the optimization surfaces.1

Decision tree analysis

Using different sizes of simulated datasets from function
(1), we have examined several widely used decision tree
algorithms based on different split criteria, including ID3
(based on information gain),15 C5 (a descendant of C4.5,
based on information gain ratio),16 CART (based on Gini
index, GI),17 and P0 null hypothesis probability (based on a
probability metric).18 By comparing the algorithms, we
found that a GI-based DTA can generally predict more sig-
nificant attributes from a small dataset (data not shown).
Therefore, in this work, the GI split criterion was then used
to select the split attribute to construct decision trees. Theo-

retical details on the GI can be found in earlier
publications.17,19

n-DOE method integrated with a DTA technique
(n-DOE-DTA)

A fractional factorial design method, a minimum run equi-
replicated resolution IV design,20,21 was used to generate ini-
tial datasets (namely, the first batch of experiments) for the
n-DOE-DTA and n-DOE approaches.

The n-DOE method (Figure 1a) is discussed in detail in our
previous report.1 A flow chart of the n-DOE method integrated
with a DTA technique (i.e., n-DOE-DTA) that we devised in
this work is shown in Figure 1b and can be contrasted with the
n-DOE approach. For the n-DOE-DTA, a GI-based DTA tech-
nique is applied to a database to identify the important features
(variables). The extracted critical variables are then fed into a
NN for a better model, which will eventually lead to a better
optimum by iterating the n-DOE method. We used three previ-
ously reported success indicators to evaluate the performance
of the n-DOE and n-DOE-DTA approaches.1 These indicators
are the mean output of optimum conditions identified by the
algorithm (meanopt), the mean number of experiments needed
to locate an optimum, and the successful decrease percentage
in terms of meanopt (SDPmean), which is a measure of how
close the algorithm comes to finding the true optimum.

The computing environment and statistical software for
this work can be referred to Zhang and Block (2009).2

(Zhang and Block, submitted).

Results

To examine this integrated approach, we used the complex
12-dimensional function in function (1) to assess the per-
formance of the n-DOE-DTA method and compared it with
that of the n-DOE method. The optimization goal is the min-
imum of the function. A dataset with 5% noise over
responses1 was simulated using this function in the form of
a minimum run equireplicated resolution IV design.20,21 This
dataset containing 26 experimental points [with a minimum
of 543.3 at the input coordinates of (2, 3, �5, �5, 1, 1, 0,
�2, �1, 1, 0, random)] was used as the initial dataset of the
n-DOE-DTA and n-DOE approaches. For each new batch of
experiments, eight new experimental points were suggested
for the next batch of experimentation for each of the two
approaches. Both algorithms were run five times to evaluate
algorithm variability.

For the n-DOE-DTA method, a GI-based DTA technique
was applied to the 12-dimensional initial simulated dataset
in the first batch of optimization to assess the ability of this
technique to choose the most important variables. Figure 2 is
the decision tree generated from the 12-dimensional initial
dataset using the DTA technique. As shown in the tree, the
first split chosen at the root is x2 (a critical variable), but not
the most critical variable of this function, x1. This tree then
identified two critical variables (x3, x4) in the second level, a
critical variable (x6) in the third level, along with the most
critical variable (x1), a critical variable (x5), and a less criti-
cal variable (x7) in the fourth level. In implementing the
n-DOE-DTA, we were able to eliminate five less significant
variables (x8, x9, x10, x11, x12) from the optimization using

Table 1. The Bounds and Type of Each Variable for a
12-Dimensional Optimization Surface

Variable (X)

Function (1)

Bounds Parameter Type

x1 [�2 2] D
x2 [�1 3] C
x3 [�5 5] C
x4 [�5 5] D
x5 [�1 1] C
x6 [�1 1] D
x7 [0 4] C
x8 [�2 2] D
x9 [�1 1] C
x10 [�1 1] D
x11 [�4 0] C
x12 [1 3] D

C, continuous variable; D, discrete variable (only integer values used).
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just the initial data set as these variables did not appear any-
where in the DTA of the initial dataset.

The cycle of NN model building and TGA selection is
repeated, with the NN model accumulating knowledge in

each cycle just as an experienced researcher would. A corre-
sponding new DTA was constructed after each subsequent
round of eight experiments to find if more factors could be
eliminated dynamically during the experimentation. Even after

Figure 1. Comparison of the two n-DOE methods assessed.

(a) An illustration of the previous n-DOE developed and (b) the new method in which critical inputs are extracted using a database mining
technique (e.g., DTA) and fed into neural network for a better NN model. The latter steps allow us to further reduce the necessary experi-
ments and achieve a better-targeted output.

Figure 2. Decision tree generated from the initial dataset of the 12-dim function (1).

The initial dataset was generated by the minimum run equireplicated resolution IV design. Five variables (x8, x9, x10, x11, x12) were
removed from the dataset at batch 1, whereas x7 was further removed from the tree at batch 5. N is the number of experiments, and STD
is the standard deviation.
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elimination of factors, the responses of new experiments were
still generated using the 12-dimensional function (1), with val-
ues of the critical variables suggested by the DTA technique
and the values of the eliminated insignificant variables chosen
to be the optimum from the initial dataset. Using this iterative
approach, factor x7 was further eliminated at batch 5 as it was
no longer identified as important by the DTA.

Figure 3 shows the optimization results of the n-DOE-DTA
method for function (1). We ceased the iterations of this algo-
rithm at batch 6, since no significant improvement over the op-
timum was achieved (i.e., a meanopt at batch 5 of 142 � 41
compared with a meanopt at batch 6 of 134 � 33). The optimi-
zation results for the control n-DOE method are also shown in
Figure 3. We terminated the simulation at batch 10, since the
meanopt (132 � 50) of the n-DOE method at batch 10 is very
close to that of the n-DOE-DTA method at batch 6.

As can be seen in Figure 3, the optimum (minimum) of
each batch generally decreased as the batches/experiments
increased. Comparing the results of the two approaches for this
complex function, the n-DOE-DTA method found a minimum
of 134 � 33 and a SDPmean of 79.6% in 66 experiments,

whereas the n-DOE method required 98 experiments to achieve
a similar minimum of 132� 50 and a SDPmean of 79.9%.

Conclusion

We have already shown that the n-DOE without data min-
ing represents a significant improvement over common tradi-
tional statistical approaches to experimental optimization.1

Here, we have shown that the incorporation of a DTA tech-
nique into our novel n-DOE method can dynamically reduce
the dimensions of a complex dataset and remove insignifi-
cant variables leading to even more efficient experimental
optimization of real complex processes.
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Notation

DOE ¼ design of experiment
DTA ¼ decision tree analysis
GI ¼ Gini index

meanopt ¼ the mean of all optima located from NN models
n-DOE ¼ nonlinear experimental design

n-DOE-DTA ¼ an n-DOE method integrated with a DTA technique
NN ¼ neural network

RBFNN-TGA ¼ radial basis function neural network-truncated genetic
algorithm based experimental design method

TGA ¼ truncated genetic algorithm
SDPmean ¼ the SDP in terms of meanopt
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