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ABSTRACT
We present a real-world application utilizing a Genetic
Algorithm (GA) for exploratory multivariate association
analysis of a large consumer survey designed to assess potential
consumer adoption of Plug-in Hybrid Electric Vehicles
(PHEVs). The GA utilizes an intersection/union crossover
operator, in conjunction with high background mutation rates, to
achieve rapid multivariate feature selection. We experimented
with two alternative fitness measures based on classification
results of a naïve Bayes quadratic discriminant analysis; one
fitness function rewarded only for correct classifications, and the
other penalized for the degree of misclassification using a
quadratic penalty function. We achieved high classification
accuracy for three different survey outcome questions (with 3-,
5-, and 7- outcome classes, respectively). The quadratic penalty
function yielded better overall results, returning smaller feature
sets and overall more accurate contingency tables of predicted
classes. Our results help to identify what consumer attributes
best predict their likelihood of purchasing a PHEV. These
findings will be used to better inform an existing agent-based
model of PHEV market penetration, with the ultimate aim of
helping auto manufacturers and policy makers identify leverage
points in the system that will encourage PHEV market adoption.

Categories and Subject Descriptors
I.2.8 [Artificial Intelligence]: Problem Solving, Control
Methods, and Search – Heuristic Methods; I.6.5 [Simulation and
Modeling]: Model Development – Modeling Methodologies; J.2
[Physical Sciences and Engineering]: Mathematics and
Statistics; J.4 [Social and Behavioral Sciences]: Economics.
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1. INTRODUCTION
In recent decades, there has been an exponential explosion in
our ability to collect and store data for a variety of application
domains [31]. However, the development of new data analysis
tools to sufficiently mine these large data sets has lagged behind
[3]. Consequently, much of the information embedded in large
data sets remains undiscovered, resulting in a growing interest in
automated tools for exploratory data analysis. Some newer
approaches utilize crowd sourcing to help mine large volumes of
data, such as that found in astronomy [21] and protein folding
[17]. However, even these approaches require one to be quite
specific about the type of information desired. Recently, Reshef
et al., [27], proposed a promising new exploratory analysis
methodology for discovering interesting non-parametric
relationships between pairs of variables in large data sets.
However, it is not computationally feasible to extend this
approach to multivariate relationships.
When searching for unknown multivariate relationships in large
data sets, the number of features that can be statistically
associated with classified outcomes is ultimately limited by the
sample size of the dataset and the dimensionality of the feature
space [10]. Consequently, there has been significant work in the
field of feature selection to identify optimal feature subsets that
enable construction of a predictive classifier without simply
over-fiting the data. Various statistical approaches have been
applied to feature selection, including those based on entropy
and t-statistics [22]. However, since the optimal size of a feature
set depends on the problem, rather than the classifier [22], it
may be difficult to determine the number of needed features.

The ReliefF data-mining algorithm [28] provides a way of
estimating the relative strength of association between various
features and class outcomes. Because ReliefF considers all
features simultaneously, it can detect non-linear interactions
between multiple features. For this reason, it has been applied
with some success in wrapper-type iterative feature reduction
approaches [19][29]
designed to detect epistatic genetic
interactions associated with disease [7][8][14][15][16][23][28].
However, the power of all wrapper-type ReliefF-based
approaches is ultimately governed by the accuracy of the
ReliefF weights during each iteration; and once features have
been discarded (perhaps mistakenly), they are not recovered
using these approaches. On the other hand, evolutionary
algorithms are naturally attractive as feature selectors, because
they allow the size of the evolving feature sets to shrink and
grow as the space is explored and do not require prespecification of the size of the optimal feature set. Consequently,
many researchers have successfully applied genetic algorithms
(GAs) [9][20][23][24][26][33] as feature selectors. In [4], a GA
using a novel crossover method combining set intersection and
set union was found to be very effective in identifying small
non-linearly interacting sets of features in noisy data sets.

1.1

Real-World Application: PHEV
Market Penetration Survey Analysis

This paper is specifically motivated by a desire to detect novel
multivariate associations using real-world consumer survey data,
with the aim of discovering which demographic or attitudinal
characteristics might best predict whether consumers are likely
to become early adopters of plug-in hybrid vehicles (PHEVs).
PHEVs offer consumers many potential advantages over
conventional vehicles, including the potential to reduce
greenhouse gas emissions [5], while offering driving ranges that
are not limited by battery capacity (since these vehicles can also
utilize gasoline). However, it is not clear what combinations of
governmental policies and manufacturer marketing strategies
will be most cost-effective in promoting successful market
penetration of this new vehicle technology. In prior work [6],
we developed an agent-based model of PHEV consumer
adoption to identify nonlinear interactions among potential
leverage points and to inform policy-makers and manufacturers
of these interactions. Unfortunately, we discovered a paucity of
data regarding correlations and interactions between consumer
demographics and attitudes that are necessary for initializing
inputs in our agent-based model and designing accurate
consumer choice rules. To address this issue, in a joint project
between the University of Vermont and Sandia National
Laboratories, we conducted an extensive online survey of 1000
American adults using the Amazon Mechanical Turk (AMT)
crowd-sourcing platform [1][25]. The survey questions include
basic demographics, general consumer purchasing behaviors,
and more specific questions designed to extract opinions on the
environment and comfort in adopting PHEV technology (see
Table 1 for a sample of survey features) and to better inform
our agent-based PHEV model.
The specific goal of this work is to apply a GA-based approach
to explore the search space of over 1022 possible feature
combinations, to identify which combination of PHEV survey
questions (“features”) most accurately predict outcomes of

Table 1. Feature descriptions for a selected subset of features in
PHEV survey.
Description

#
Response
Classes

1

Age

7

2

Gender

2

12

My purchasing habits are influence by what
others buy.

7*

14

I often identify with others by making similar
purchases.

7*

15

To learn more about a brand/product, I often
ask my friends.

7*

17

I like to know what brands/products make
good impressions on others.

7*

18

I often gather info from friends/family about a
product before I buy.

7*

40

Manufacturer ads would influence a future
vehicle purchase.

5*

43

Observations of what others drove in my area
would influence a future vehicle purchase.

5*

48

How important do you feel it is for the USA
to reduce transportation energy consumption?

5*

How have concerns of foreign oil dependence
influenced your opinion in regards to feature
48?

5*

52

How have discussions with family/friends
influenced your opinion in regards to feature
48?

5*

54

55

How would car company ads influence your
opinion in regards to feature 48?

5*

57

How would battery lifetime affect your
comfort in purchasing new PHEV tech?

5*

How would the potential inconvenience of
recharging affect your comfort in purchasing
new PHEV tech?

5*

59

How would realizing your GHG emissions
could decrease significantly increase your
comfort in purchasing new PHEV tech?

5*

63

How would realizing your fuel costs could
decrease significantly increase your comfort
in purchasing new PHEV tech?

5*

64

5*

69

How would having PHEV battery swap
stations, so as to avoid unexpected costs due
to battery failure, increase your comfort in
purchasing new PHEV tech?

Feat.
#

*Indicates a Likert response scale
interest related to consumers’ stated willingness to purchase
PHEVs. In this preliminary study, we identify relationships for
predicting three types of categorical outcomes, with 3, 5, and 7
classes, respectively. A more complete analysis of the PHEV
survey data using this approach will eventually be used to better
inform the agent decision-making rules and model described in
[6], with the ultimate aim of helping vehicle manufacturers and
policy makers prioritize investments toward potential leverage
points in the system.

2. METHODS: TEST OUTCOMES
2.1 PHEV Survey Data Set

For this preliminary analysis, we selected 3 questions as test
outcomes that we felt would be informative regarding the
consumer’s potential to purchase a PHEV. The analysis aim was
to find subsets of the 74 features that could be used to predict
the response classes of each of these 3 outcome questions. The
first question had 3 possible response classes (designated as test
C-3); the second question had 5 possible response classes (C-5);
and the third had 7 possible response classes (C-7). These
selected questions, and their possible responses, are described in
Section 3. A preliminary analysis showed that none of the 74
individual features was strongly correlated with any of the 3
outcomes (maximum pairwise R2 ≤ 0.13), making a multivariate
approach essential.
Because the class outcomes for all three problems were highly
imbalanced, the data set was divided into a training set of 300
respondents and a prediction set of 642. These 300 respondents
were selected to ensure the same outcome distributions as the
entire survey. All reported resulting classification errors refer to
assessment on the prediction set.

2.1 Feature Selection with a GA
We employed the genetic algorithm that comes with the
®Matlab R2011a optimization toolbox to perform feature
selection. The GA utilized binary chromosomes comprising of
74 bits, each representing whether a feature was to be selected
for use as input to the fitness classifier. Twenty trials were
conducted for each outcome, and for each of two fitness
functions (described below). We used tournament selection
(tournament size of 4), with mutually exclusive crossover 80%
of the time and bit-flip mutation the remaining 20% of the time,
and elitism of 2 individuals.
We implemented an intersection/union type of crossover, which
previous work showed to be effective in feature selection
applications [4]. Specifically, to cross two parents, we applied a
bitwise AND operator 95% of the time (which returns the
intersection of the feature sets of the two parents) and a bitwise
OR operator 5% of the time (to help restore lost features) (see
Figure 1). Because the crossover operator is fairly aggressive in
reducing feature sets, we employed a relatively high mutation
rate of 0.2, to maintain diversity in the gene pool.
A preliminary population sizing study was conducted using
population sizes  {100, 500, 1000, 5000, and 10,000}
individuals. Results were strongest and most consistent for the
largest population size, so we used a population of 10,000 for all
subsequent runs reported here.

Figure 1. Sample illustration of intersect/union crossover
function. Logical ‘and’ reduces feature sets for 95% of
crossovers, and logical ‘or’ increases features sets for 5% of
crossovers to preserve diversity in population.
Fitness was assessed based on classification accuracy of the
prediction set, using a parametric discriminant analysis (DA)
using the ®Matlab “classify” function in the statistics toolbox.
Prior experimentation achieved the most robust classification
results with the “diagquadratic” version of the DA, which fits
multivariate normal densities, using a diagonal quadratic
covariance matrix.
The predicted classes were converted into contingency matrices
(P), as illustrated in Table 2 for a hypothetical example of a 5class outcome for a 100 respondent survey. For any element Pij
the ith row represents the observed class value reported by
survey respondents, and the jth column is the class predicted by
the DA. The interclass distance d = ||j-i|| indicates the degree of
misclassification represented by a given element. The elements
on the main diagonal of the contingency table have an interclass
distance of d = 0 and indicate respondents that the DA classified
correctly (shown in large red font in the hypothetical example in
Table 2). Those cells with interclass distance d = 1 (the
diagonals just above and below the main diagonal, and marked
in blue in Table 2) indicate the predicted class was only 1 level
away from the observed class. We use the term extreme
misclassification when a respondent is placed in the two
opposite corners of the contingency table (e.g., see Table 2,
elements P1,5 and P5,1, with d = 4). Adjacent to Table 2, we
display the percent of respondents predicted at d = 0, and the
percent of respondents found within the 3 center diagonals;
where d ≤ 1, fitness was computed from the values in P in two
different ways, as follows.
Table 2. Sample Contingency Table (P) with sample
calculated scores (see equation (1) and (2), and percentages
within Interclass Distances (d) of 0 and 1.
PREDICTED
OBSERVED

A total of 1,000 PHEV surveys were collected. After a rigorous
quality assurance analysis that rejected surveys with incomplete
or inconsistent responses, 942 surveys remained for analysis.
Likert-type ordinal responses (e.g., strongly agree, agree, neither
agree nor disagree, etc.) were treated as equally-spaced integers.
Responses that specified ranges of values were given real values
equal to the mean of the selected answer (e.g., an income range
of $75,000 to $99,999 was assigned a value of $87,500). Ranges
of all survey questions were subsequently normalized to the
range [0,1]. Of the over 100 questions in the survey, 74
questions were selected as potential features for this study. The
median Pearson correlation between all pairs of these features
was only 0.04, with a maximum pairwise correlation of 0.78, so
no features were excluded as being redundant.

6

7

4

3

0

Flat Score:

0.48

2

10

8

0

0

Quad Score:

2.38

1

3

12

3

1

1

1

3

12

3

Correct (d=0):

52%

1

1

0

6

12

Correct (d≤1):

87%

The flat penalty fitness function calculates the score of each
contingency table retuned by the DA based on the percent of
respondents classified exactly (i.e., when d = 0). All other values

of d are penalized equally, as illustrated in Figure 2. Since the
GA treats optimization as a minimization problem, fitness is
computed as the proportion of respondents not classified on the
main diagonal (i.e., where d ≥ 1):
∑

,

(1)

Table 3. List of feature sets returned by GA for all 3 questions;
survey questions corresponding to these features are shown in
Table 1.

Problem

Features Selected in Best
Individual

C-3

59, 69

C-5

43, 52

where P is the contingency table returned by the DA, is the
642 surveys in the prediction set, and ∑
is the
summation of all respondents in the prediction set that were
classified correctly. For this scheme, the best possible flat
penalty score is 0.
Alternatively, we employed a quadratic penalty fitness function
by differentially penalizing misclassifications according to their
interclass distance (d) using a quadratic penalty (see Figure 2).
For each cell of the contingency tables, its d value is squared
and multiplied by the number of respondents predicted to be in
that cell. This is summed over all cells and divided by the
number of respondents predicted to have d = 0, shown below:
∑

∑
∑

‖

‖

,

(2)

where P is the contingency table and d = ||j-i||. The best possible
quadratic score is also 0. This type of penalty is appropriate for
survey questions with more than 2 response classes where an
ordinal relationship exists between classes. For example,
misclassifying “strongly agree” as “agree” is better than
misclassifying it as “strongly disagree.”

1,2,12,14,15,17,18,40,

C-7

48,54,55,57,59,63,64

Table 3) that best predict the degree to which survey
respondents considered themselves to be early adopters of new
technology in general. One of these features (43) relates to the
degree to which social influences affect consumer vehicle
purchasing decisions, and the other (52) deals with the degree to
which concerns about foreign oil influence the respondents’
opinions about the need to reduce transportation energy
consumption (see Table 1). Although the DA was only able to
accurately classify 34% of respondents into the correct (one of
5) ordinal response classes, classification accuracy increased to
78% when allowing for up to 1-class classification error (d ≤ 1)
(see Figure 3b). Since the 5 response categories were (1)
strongly agree, (2) agree, (3) neutral, (4) disagree, (5) strongly
disagree, being able to predict these responses to within one
class value is quite useful.
We retrospectively used the DA to classify the C-3 and C-5
outcomes using exhaustive search for all possible 2-feature, 3feature, and 4-feature combinations of the 74 possible input
features. Of these 1,218,151 possibilities, the feature pairs
selected by the GA (see Table 3) proved to have the best fitness
according to both fitness functions (see Table 4). Thus, although
Table 4. GA statistics for all three cases and population size of
10,000 for 20 trials. Reduced Fitness and Number of Features
refer to analysis done in Figure 5.

Flat Penalty
Figure 2. Effective penalties (normalized so the two types of
penalties are shown on the same scale) for a 5 class problem,
showing how misclassifications are weighted as a function of
distance from the main diagonal of the contingency table.

3. GA RESULTS

Prob

Avg.
Fit.

Best
Fit.

Avg. #
Features

Reduced
Fit.

#
Feats.
≥ 50%

C-3

0.452 ±
0.000

0.452

2.00 ± 0

0.452

2

C-5

0.665 ±
0.000

0.665

2.00 ± 0

0.665

2

C-7

0.649 ±
0.003

0.643

31.5 ± 9.5

0.639

29

In each of 20 trials on problem C-3, the same two features were
identified as being those most strongly associated with survey
respondents’ stated willingness as to whether they (1) would not,
(2) might, or (3) would seriously consider purchasing a PHEV
for their next vehicle, while recognizing that these first
generation PHEVs will only be available in compact car models.
These features (features 59 and 69; see Table 3) were associated
with perceived risks associated with the new PHEV battery
technology (see Table 1). Using these two features alone, the
DA was able to accurately classify 55% of respondents into their
correct categories, and only misclassified 5% into the opposite
extreme category (see Figure 3a).

Prob

Avg.
Fit.

Best
Fit.

Avg. #
Features

Reduced
Fit.

#
Feats.
≥ 50%

C-3

1.11 ±
0.00

1.11

2.00 ± 0

1.11

2

C-5

4.78 ±
0.00

4.78

2.00 ± 0

4.78

2

Similarly, in each of 20 trials on problem C-5, the GA
consistently identified two features (features 43 and 52, see

C-7

16.3 ±
0.52

14.8

13.4 ± 4

17.9

7

Quadratic Penalty

Figure 3. Percentages of predicted classifications within various interclass distances for the best individuals found using both the flat
and quadratic penalty fitness functions applied to problem a) C-3, b) C-5, and c) C-7.
it is not computationally feasible to exhaustively explore all
possible larger multivariate feature subsets, these results provide
strong evidence that our evolutionary approach is effective.
The 7-class problem sought to determine what level of market
penetration PHEVs would have to achieve for the respondent to
feel comfortable in considering this new technology over a
comparable vehicle with a more conventional fuel type,
assuming that both vehicles had similar features and were within
the purchaser’s budget. The seven responses ranged from (1) the
respondent would consider being an early adopter of a PHEV,
even if they saw no other PHEVs in the current fleet, to only if
they saw that (2) 1%-10%, (3) 11%-25%, (4) 26%-50%, (5)
51%-75%, (6) 76%-100% of vehicles on the road were PHEVs
would they consider purchasing a PHEV, to finally (7) the
respondent would never consider purchasing a PHEV, regardless
of how many PHEVs they observed on the road. The GA results
on this more difficult classification problem were more variable,
between both fitness functions and across the 20 different runs
with the same fitness function (see Table 4). Out of the 74
possible features, the flat penalty fitness function selected an
average of 31.5 features, with a standard deviation of 9.5
features, whereas the quadratic penalty function found feature
subsets with only an average of 13.4 features, and a standard
deviation of 4 features. Despite these variations in feature
subset size, the actual classification accuracies of the 20 trials
were quite consistent for both fitness functions, as indicated by
the errorbar plots shown in Figure 3c, where the error bars
representing ± one standard deviation in classification errors are
so small they are not visible behind the markers.
For C-7, the flat penalty fitness function was able to correctly
classify a slightly larger percentage of respondents into their
exact class than the quadratic fitness function (35% vs. 30%
classification accuracy, see Figure 3c). However, there were
more than twice as many features selected using the flat penalty
fitness relative to the quadratic penalty fitness (see Table 4). By
taking into account the degree of misclassification, the quadratic
penalty approach excludes excess features that marginally
increase classification accuracy only along the main diagonal.

This is supported by the observation that the smaller feature sets
obtained from the quadratic penalty fitness yielded better overall
contingency tables. That is, if one allowed for slight
misclassification in adjacent categories, the quadratic fitness
function gave consistently better results (for example, accuracy
within 2 class levels was 76% for the quadratic penalty fitness,
but only 61% with the flat penalty fitness, see Figure 3c).
Because the number of selected features was so variable across
the 20 trials on C-7 (especially when using the flat penalty
fitness), yet the fitnesses of these different feature sets were so
consistent, we suspected that there were excess features in the
selected feature subsets that the DA was simply not assigning
much weight to, and so were not enhancing the classification
accuracy much if at all. In order to test this hypotheses, we
created smaller feature sets for C-7 that included only those
features that appeared in a consensus of at least 50%, 60%, 70%
80%, and 90% of the feature sets returned by the 20 trials of the
GA. In general, the fitnesses were relatively insensitive to this
reduction in set size for the flat penalty sets. For example, the
size of the 50% consensus feature set from the flat penalty
fitness function was reduced to 29 features with an actual
increase in the classification accuracy (see Table 4, columns 5
and 6, flat penalty). With a stricter 90% consensus requirement
the feature set was reduced to only 8 features, but there was only
a minor decrease in the classification accuracy (see Figure 4a),
indicating that there were many excess features in the nonreduced sets returned by the GA using the flat penalty fitness.
Furthermore, since the classification accuracy was only
noticeably degraded for d = 0 by this set reduction process (see
Figure 4a) this supports our hypothesis that the flat penalty
fitness was including extra features to maximize the number of
respondents that are perfectly classified.
In contrast, we see a clear decrease in performance for each
level of feature subset reduction of the sets returned using the
quadratic penalty function. For example, even at the relatively
weak consensus requirement of 50%, the consensus feature set
has been reduced to 7 features but shows a 21% degradation in
fitness (see Table 4, columns 5 and 6, quadratic penalty), and

Figure 5. Feature reduction using ®Matlab’s ReliefF algorithm
for the 7 class problem, applied to the entire 74-feature set and to
the 15-feature set found in the best individual returned by the GA.

4. DISCUSSION
Figure 4: Percentages of those classified within various
interclass distances (d). Percentages are of feature subset based
on number of times a feature appeared out of all 20 trials for a)
flat penalty fitness, and b) quadratic penalty fitness.
overall classification accuracy continues to decrease as the
consensus threshold is raised to 90% (see Figure 4b). This
provides evidence that the 15 features in the best individual
returned by the GA using the quadratic penalty fitness function
were probably all important contributors to the overall
classification accuracy.
In Table 3, we report the 15-feature subset returned by the GA
that had the best quadratic penalty performance. These features
included age and sex; several features related to social and
advertising influences on purchasing habits, and a desire to
reduce transportation energy consumption with commensurate
environmental and fuel savings benefits (selected feature
numbers in Table 3 correspond to the survey questions in Table
1). Although it is not feasible to validate the optimality of this
15-feature subset through exhaustive search, we did investigate
it in two ways. First, for comparison, we used an iterative
ReliefF-based feature selection mechanism on the same problem
(using the ®Matlab ReliefF function in the statistics toolbox).
Specifically, we discarded the single feature that had the lowest
ReliefF weight, assessed the fitness of the resulting feature
subset with the quadratic penalty fitness function, re-evaluated
the remaining feature set with ReliefF, and repeated the process.
The resulting fitness measures of these nested feature subsets are
shown in Figure 5, where it can be seen that the ReliefF
approach never found any feature subset with fitness that was as
good as that of the best 15-feature subset found by the GA. In
fact, the fitness of the 15-feature subset found by the GA was
over twice as good as that identified by ReliefF (see Figure 5).
Second, we tried further pruning of the best GA-identified 15feature subset with the ReliefF method; in all cases, the fitness
was made worse by removing any of the selected 15-features,
although minimally so for the first few removals (see Figure 5).

In this paper, we applied a GA to preliminary exploratory
analysis of a real-world data set comprising a consumer survey
related to potential market penetration of PHEVs. Specifically,
the GA was used to select subsets of survey questions that were
then provided as input features to a quadratic discriminant
analysis function for classifying respondents into categories for
three different questions (with 3-, 5-, and 7- outcome classes,
respectively) concerning attitudes likely to impact future
purchase of the new PHEV technology. Misclassifications were
penalized in two different ways. In one case, we penalized all
misclassifications equally, regardless of how far the predicted
class was from the reported class. In the other case,
misclassifications were penalized by an amount that increased
quadratically with the distance between the predicted class and
the reported class.
On the 3-class and 5-class problems, the GA performed very
consistently (see Tables 3 and 4, see Figure 3a-b), regardless of
which fitness penalty was applied. In both of these problems, the
GA selected 2-feature subsets that were subsequently verified to
be optimal (at least to within all subsets up to size 4).
The two features most strongly associated with whether or not a
consumer would consider purchasing a PHEV for their next
vehicle had to do with the respondent’s comfort level
concerning the new PHEV battery technology. This is consistent
with the findings of other recent surveys indicating that
consumer uncertainty about issues such as battery life,
replacement costs, and recharging time will present some of the
major obstacles to PHEV market penetration [30][34].
Somewhat more surprising, we found that the two features most
predictive of the degree to which survey respondents considered
themselves to be early adopters of new technology concerned
the degree to which social influences affected consumer vehicle
purchasing decisions, and the degree to which concerns about
foreign oil influence the respondents’ opinions about the need to
reduce transportation energy consumption. These results were
unexpected, since the question was phrased generically about
adoption of new technology of any kind, not just related to the
new PHEV technology, and the significance of these findings
requires further investigation.

In our recently published agent-based model for studying
potential PHEV market penetration [6], we implement a social
threshold effect designed to model different levels of consumer
comfort in adopting new technologies, motivated by the classic
works of Granovetter (1978) and Watts (2002) [11][32]. Each
agent assesses the proportion of PHEVs owned by other agents
in its local spatial neighborhood and/or within its social network.
If this proportion does not exceed the agent’s personal threshold,
then, the agent will not even consider purchasing a PHEV,
regardless of any other financial or environmental costs and
benefits. Individual agent thresholds are heterogeneous in our
simulated populations, reflecting the varying levels of
discomfort among people regarding adoption of the new PHEV
technology [2]. However, we found that there was little
published information to help us estimate reasonable
distributions for this threshold, to use in initializing the model.
The 7-class survey question (C-7) was thus designed to obtain
that information. It is interesting that the 15 features found to be
most predictive of these classes included basic demographics
(age and sex), social and advertising influences on purchasing
habits, and a desire to reduce transportation energy
consumption. We plan to use this knowledge to better inform
realistic distributions and correlation between these agent
attributes, all of which are already part of our agent based model
of vehicle consumers [6].
Although this preliminary analysis of the PHEV survey data is
interesting and informative, much work remains to be done. For
example, we plan to see how sensitive the feature selection is to
a non-parametric counter-propagation neural network (CPNN)
classifier [12]. Although it is computationally much more costly,
the CPNN relaxes parametric assumptions required by the DA
classifier and has proven useful in other similar applications
[4][13]. We also plan to apply the method to a much wider
range of potential outcome questions that are present in our
PHEV survey data set. Features selected by the described
method will be studied using other approaches. For example, we
plan to apply multivariate regression and symbolic regression
(using genetic programming [18]) to try to estimate the
functional relationships between the features and predicted
outcomes. These results will be used, in part, to further inform
agent choice rules in our agent-based model.
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