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Abstract

With the proliferation of the electronic commerce e-
purchasing has become a daily practice for many pur-
chasing organizations. To embrace e-purchasing suc-
cessfully, these organizations should identify determi-
nants that are crucial for its successful adoption. In
an effort to identify such determinants, including or-
ganizational readiness, information technology infras-
tructure, and user characteristics, we propose a novel
genetic algorithm-based data mining technique. The
application of the proposed data mining technique to
empirical data that were collected through a mail sur-
vey proves to be useful for extracting hidden, but valu-
able insights into the successful implementation of e-
purchasing.

1 Introduction

Electronic commerce (e-commerce) generally refers
to an inter-organizational information system that is
intended to facilitate business-to-business electronic
communication, information exchange, and transac-
tion support through a web of networks. E-commerce
can take variety of forms such as electronic data inter-
change (EDI), Internet, Intranet, Extranet, online cat-
alog ordering, and e-mail [9]. The volume of electronic
commerce (e-commerce) for U.S. business transactions
is expected to increase to $327 billion by the year 2002
[11].

Despite all the potential managerial benefits that
e-commerce can bring to purchasing practices (e.g.
cost savings resulting from reduced paper transac-
tions, shorter order cycle time, and enhanced opportu-
nities for the supplier/buyer partnership through the
establishment of a web of business-to-business commu-
nication networks), some firms are slow in adopting e-
commerce as a purchasing tool. Therefore, there is a
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need to develop a profile of adopters and non-adopters
of e-purchasing and then to provide guidance for those
who may consider using electronic commerce in the fu-
ture.

Data mining has been used in e-commerce for some
time already. It has many applications in this field
such as: searching for patterns in transactional data,
preparation of personalization applications, etc. [7].
However, before this kind of data analysis will be ever
possible, an e-commerce system itself needs to be suc-
cessfully implemented.

Data used in this research project were obtained
from the survey in which the questionnaire was mailed
to about 3000 randomly selected members of the Na-
tional Association of Purchasing Management. The
questions were related to the size of the company, pur-
chase volume, extent of involvement in e-purchasing,
importance of advantages of e-purchasing usage, sever-
ity of barriers of e-purchasing application, etc.

In previous work on the same data performed by
Min and Galle [10], based on some preliminary sta-
tistical data analysis of the sample and the charac-
teristics of the problem, a few hypotheses describing
differences between adopters and non-adopters of e-
purchasing were then stated. The hypotheses were
verified using some traditional techniques (i.e. dis-
criminant analysis, test of independence and cross-
tabulation, chi-square test, etc.) and some conclusions
were drawn. This well-known and popular approach
produced some interesting insight into the domain of
the problem. However, it was clearly limited to the
confines of the predefined hypotheses and might have
overlooked some hidden and not-so-obvious, yet im-
portant, patterns in the data. Thus, there is a need
for an application of some automated and indirect data
mining technique that would be able to elaborate on
the previous findings and possibly discover some new
relevant information.



2 Research Methodology

One of the data mining techniques that aim at the
discovery of hidden knowledge is extraction of associ-
ation or pseudo-association (attributes are not limited
to the binary domain) rules in the form of IF-THEN
statements. The theory of association rules was intro-
duced in [1]. Since then, the methodology has been
continuously improved and modified and various al-
gorithms have been developed. Some of the modifi-
cations can be found in [2], [6]. However, very high
computational complexity of the task of searching for
association rules in large databases leaves the prob-
lem of the efficiency of those algorithms open. To deal
with the complexity problem of various rule discovery-
oriented data mining tasks in large datasets (including
association rules), many artificial intelligence-related
and heuristics-based solutions have been proposed re-
cently. Application of genetic algorithms with prop-
erly defined fitness function is one of them [3], [4],
[5], [8]. Most of those modern solutions apply a ge-
netic algorithm directly to the process of a rule pro-
duction by defining a fitness function in terms of the
rule’s support and confidence, its structure, classifi-
cation error, etc. This kind of approach is obviously
limited by the characteristics of the methodology of
genetic algorithms (i.e. quasi-optimal solutions), but
definitely tends to be more efficient. However, for re-
ally huge databases, computation of such created fit-
ness function can also become an “expensive” task. In
this paper, a slightly different approach combining the
power of genetic algorithms with the simplicity of stan-
dard association rule generation algorithms will be de-
scribed. This approach applies a genetic algorithm to
the problem of searching for repetitive patterns hidden
in data and then simply generates pseudo-association
rules based on those patterns.

2.1 Assumptions

The main goal of this project was to identify the
profiles of e-purchasing adopters. It was also very im-
portant to determine the most significant factors in
terms of the firm’s perceived importance of manage-
rial benefits as well as the obstacles related to the pos-
sible implementation of an e-purchasing system. The
methodology described in this paper, allows for an in-
troduction of some automation into such an analysis.
The whole knowledge that can be discovered with this
approach is hidden in data and can be extracted virtu-
ally with no assumptions. The only requirement that
must be fulfilled prior to the investigation of this kind
of relations in the data is to divide the attribute space

into two disjoint subspaces representing premise and
consequent parts of the decision rules. Obviously, in
most cases, this kind of division is determined already
at the time of preparation of the survey itself, since
the authors of such a survey know the target of their
investigation as well as the domain of the findings in
advance. What is usually unknown at that stage is
what questions in the survey are directly related to
the given problem, to what extent answers to those
questions affect the results, and what the intermedi-
ate relations and dependencies between some parts of
the survey are.

2.2 Searching for patterns

The theory of genetic algorithms is based on the
process of natural selection, according to which the
nature aims at the creation of organisms that will be
adjusted to the surrounding environment in the best
possible way. Basically, genetic algorithms can be used
for solving problems for which it is possible to con-
struct an objective function to estimate how a given
representative (solution) fits the considered environ-
ment (problem). In genetic algorithms, possible so-
lutions to the analyzed problem are encoded into so-
called chromosomes. Chromosomes consist of genes
that represent a solution numerically. Possible values
that can be assigned to a particular gene are deter-
mined by its allele (domain). By iterative application
of genetic operators (crossover, mutation, and selec-
tion) to a whole population of such chromosomes, ge-
netic algorithms create solutions that are usually not
perfect but quite satisfactory in terms of the fitness
function optimization.

In this project, the chromosomes that are being pro-
duced and modified along the process of evolution (a
sequence of generations) represent patterns covering
records in the data set. Each one of them has the
length of the number of attributes describing the data
(61 attributes in this case). The alleles of the chro-
mosome are constrained by the domains of those at-
tributes (i.e. depending on the number of possible an-
swers to a question). Hence, the alleles of such a chro-
mosome consist of all values valid for the attribute cor-
responding to a given gene and a “don’t care” asterisk,
which means that this attribute is not important, and
will not be used for generation of a rule. The “don’t
care” asterisk also represents a missing value from the
data set (i.e. no response at all). An example of such
a chromosome is shown in Figure 1.

Each of such patterns has a possible coverage in
the data (support), which is given by the number of
records matching the pattern. For the example shown



Figure 1: Example of a chromosome (set positions -
genes no. 4, 11, 13, 22).

t=0;
P(t) := InitializePopulation( no_of_attributes,
attributes_domains );
while ( t < max_number_of_generations ) do
EvaluateFitness( P(t), dataset );
t = t+l;
P(t) := Select( P(t-1) );
Crossover( P(t) );
Mutate( P(t) );
end while;

Figure 2: Pseudo-code for the general scheme of the
genetic algorithm used in the project.

in Figure 1 it will be the number of all records contain-
ing given values at fourth, eleventh, thirteenth, and
twenty second positions, no matter what are all the
other values. Obviously, we are mostly interested in
patterns that have relatively high support and this
will be the main feature of the fitness function used
for this algorithm. The minimal, desired level of sup-
port in data can be specified before the execution of
the genetic algorithm, so that all the patterns with
less coverage will not be included in the result at all.
Pseudo-code for the general scheme of the genetic al-
gorithm is shown in Figure 2.

Although the support of a pattern is a basic feature
of the fitness function implemented in the algorithm,
it cannot be its ultimate characteristic. The number
of “set” positions (other than “don’t care” asterisks) is
also very important. For example, a pattern consisting
only of asterisks will gain support of 100% of the data
records, but it has no meaning in terms of knowledge
discovery. The structure of the IF-THEN rules gener-
ated afterwards is also very important, and it should
be kept in mind that the patterns must contain at least
two “set” attribute values in order to stand as a basis
for any useful association rule.

Obviously, not all the chromosomes will have a
physical coverage in the data. Some of them (espe-
cially those with relatively large number of “set” posi-
tions) might not have a support at all, however some
parts of them (subsets of values) still can be very use-
ful and after an application of some genetic operators
(i.e. crossover) may produce a desired result. It is cru-
cial then to appropriately treat all those chromosomes
and assign them some credit in terms of the fitness

FitnessEvaluation( chromosome )
set_positions :=
CountSetPositions( chromosome );
if ( HasSupportinData( chromosome ) ) then

support := CalculateSupport( chromosome );
fitness := support * set_positions;
else

partial_support :=
CalculatePartialSupport( chromosome ) ;
fitness := partial_support * threshold_support;
end if;
FitnessEvaluation := fitness;
end FitnessEvaluation;

CalculatePartialSupport( chromosome )
for each record in dataset
matching :=
CountGenesMatchingRecord( record );
matching_ratio :=
matching / length_of_chromosome;
partial_support :=
partial_support + matching_ratio;
end for;
CalculatePartialSupport :=
partial_support / no_of_records;
end CalculatePartialSupport;

Figure 3: Pseudo-code for the fitness function evalua-
tion used in the project.

function even though they do not have support in the
data as a whole.

All these aspects have to be precisely encoded and
implemented into the algorithm and all the chromo-
somes (potential solutions) should be awarded or pun-
ished according to the criteria stated above during the
process of evolution. Thus the fitness function can be
completely defined as a multi-layer estimation of the
fitness of the chromosomes in terms of their partial
support in the data at first, and then total coverage of
the data weighted by the number of “set” positions.
More detailed description of the algorithm for the fit-
ness function evaluation is presented by the pseudo-
code in Figure 3.

Another very important feature of the proposed ge-
netic algorithm is a multi-point crossover option. In
many experiments on different types of data, this ap-
proach was found to be much more effective with re-
spect to both the number of discovered patterns, and
the time of convergence. The number of crossover
points for a given process of evolution, as well as the
crossover positions in chromosomes are selected ran-
domly based on some predefined constraints (i.e. max-



imal number of crossover points).

As an outcome of several evolutions modeled by this
genetic algorithm, a set of data patterns was created.
Those patterns, along with the information about the
level of their support, were then used as an input to the
second algorithm that generated pseudo-association
rules.

2.3 Rule generation

Association rules expose the existence of relations
between attributes in data (binary domain - exists
vs. does not exist) while pseudo-association rules dis-
cover relations between values of those attributes (do-
mains of the attributes themselves). Basically, pseudo-
association rules are simple IF-THEN statements:

“If the set of attributes X, included in the premise
part of the rule, has some values, described by a set of
values V(X), then the set of attributes Y, included in
the consequent part, tends to have values, described by
another set of values V(Y)”.

In our case, since we aim at the derivation of rules
of type:

“If a given company’s profile, in a sense of at-
tributes X, is described by the values V(X), then the
likelihood of the company being involved in adoption of
particular e-commerce solution(s), described by a set of
attributes Y, is determined by the level of importance
of the managerial benefits it looks for and concerns
with some obstacles V(Y)”
and:

“If a given company perceives managerial benefits X
important to the extent of V(X), then its likelihood of
adoption of a particular e-commerce solution(s) Y is
determined by the level of concern with some obstacles
V(Y)”,

this approach seems to be ideal.

Association and pseudo-association rules are char-
acterized by their support in data (number of cases
that a given rule applies to, i.e. how “popular” the
rule is) and confidence (ratio of the support of the
rule to the number of cases that contain its premise
part, i.e. how sure one can be that judging on the ba-
sis of the values from the premise part of the rule the
rule will be true).

An algorithm of extraction of association rules usu-
ally consists of two parts: searching for patterns hid-
den in data (in this project achieved by application of
the genetic algorithm) and generation of rules based
on those patterns.

The idea of the rule generation is relatively simple.
For a given partition of the attributes into two dis-
joint subspaces representing premise and consequent

parts of the expected rules, the algorithm takes the
set of all the “non-asterisk” values of a particular pat-
tern. Based on those values, it creates all possible pairs
(P,C), where P and C are non-empty, disjoint subsets
of that set, such that the attributes included in P and
C' are subsets of premise and consequent respectively.
This yields all the possible candidates for rules in the
form of IF P THEN C| based on this particular pat-
tern. After a validation of those candidates in terms
of the expected levels of support and confidence, the
rules are selected.

Both support and confidence parameters are stan-
dard features of association rules mining theory. They
allow the user to set a desired level of usefulness for
the discovered knowledge. By increasing and decreas-
ing them different sets of rules can be found (i.e. those
with small support but strong confidence vs. the ones
with higher support but less credibility). This also al-
lows the user to examine the data from different points
of view.

2.4 Algorithm complexity

Apart from the execution of the standard genetic
algorithms operators, the comparison of the chromo-
some to the data records is the most critical part of
the algorithm. Effectiveness of this portion of the algo-
rithm strongly depends on four parameters: the num-
ber of records in the database (N), the number of at-
tributes in the database (A), the size of the population
(P), and the number of generations (G) within a given
evolution process. In each generation, the algorithm
scans the data only once and matches all the chro-
mosomes to the records that are being scanned. The
size of the population is usually much smaller than
the size of the data sample, so it is much more effi-
cient to perform several scans on the population, than
to go through the data many times (the data is usu-
ally stored on a disk while the population resides in
the computers memory). Since the matching is noth-
ing more but a value-to-gene comparison of each chro-
mosome in the population against each record in the
database, the total number of such comparisons (C) is
given by:

C=NxAxPxG.

As for the second part of the methodology presented
in this paper - rule generation, its efficiency obviously
depends on the number of the attributes included in
a given pattern and on the constraints concerning the
rule structure in terms of its premise and consequent
parts (provided by the user).

The total complexity of this approach might seem
to be quite high at first. One must keep in mind that
due to the fact that the search space is radically lim-



ited, in practice, the algorithm works very effectively.
Because of the emphasis on the fast discovery of pat-
terns by the genetic algorithm in the first part, the rule
generation is rather fast. What is even more impor-
tant, it is very flexible and allows the user to generate
different set of rules (i.e. different points of view) on
the basis of the same set of patterns.

3 Results
3.1 Preliminary statistical data analysis

The first step of the data exploration in this project
was a basic statistical analysis of the answer frequen-
cies. On the basis of this stage of the investigation
some conclusions were drawn. Those conclusions were
quite interesting but at the same time very general.
However, one must not forget that such a prelimi-
nary insight into the data domain based on the fre-
quency analysis is always very useful in terms of any
further analysis. It may indicate some points of inter-
est that might be embraced by the knowledge hidden
in the data and, what is even more important from the
point of view of the data mining approach described
in this paper, it determines the levels of support and
confidence of potentially discovered patterns and rules
(the levels of support and confidence of the rules are
obviously directly related to the frequency of occur-
rence of the attributes’ values included in those rules).
Accordingly, the results of this preliminary statistical
data analysis were carefully analyzed and taken into
account while determining the genetic algorithm’s pa-
rameters.

3.2 Searching for patterns

In order to increase the variety of patterns, the ge-
netic algorithm was launched on several computers si-
multaneously. Because of the randomness aspects of
genetic algorithms, depending on the starting popula-
tion of chromosomes and the direction of the search
that a particular evolution process had taken, the re-
sults differed from one another in terms of attribute
selection (i.e. attributes used in particular patterns).
However, some of those results were duplicated, and
this had to be considered prior to the step of rule gen-
eration.

Because of the relatively small size of the data sam-
ple as well as the conclusions derived from the prelimi-
nary statistical data analysis (about small diversity of
the data), support threshold of desired patterns was
lowered to 3 - 5%. Obviously, having such a small

database of examples we usually cannot expect par-
ticular patterns to occur very frequently (it usually
takes quite large amount of data to allow for some
patterns to dominate the sample), however we should
be able to identify them even at a lower rate of occur-
rence. This level of support threshold might seem to
be extremely low, but it is valid because rules based
on patterns with relatively small support in data still
may have quite large level of confidence.

As a result of several evolutions (each consisting
of comparable number of generations) of the genetic
algorithm, 1564 patterns were found in the database.
Each of those patterns had at least two “set” values
for the corresponding attributes.

3.3 Rule generation

Patterns discovered and prepared in the previous
step were then used as the basis for rules generation.
At this level, the sets of attributes were divided into
premise and consequent parts of the rules adequately
to the problem specification. The input patterns were
also checked for overlapping, and those that were cov-
ered by another pattern were removed from considera-
tion. After this verification, 633 effective patterns were
preserved. On the basis of this final set of patterns, a
number of rules of given support and confidence was
generated.

Only, on the level of 10% of minimal support and
75% of minimal confidence, more than 100 interesting
rules were found. Some of those rules simply validated
the conclusions drawn from the preliminary statistical
data analysis and the previous work, but some of them
produced much more precise description of adopters’
and non-adopters’ profiles. A few examples of those
rules are presented below:

RULFE 1:

IF a company uses EDI system, THEN the company is
willing to help suppliers to establish an electronic com-
merce network WITH support of 32% and confidence
of 79%.

RULE 2:

IF a company uses electronic commerce in purchase
orders frequently, THEN the reduction of transaction
time is extremely important for them WITH support
of 21% and confidence of 81%.



4 Summary

All of the generated rules were definitely reasonable,
however not all of them were so obvious and could not
be easily anticipated. Some of them simply confirmed
the conclusions drawn from the statistical data anal-
ysis while others produced an interesting and novel
insight into the problem of profiling adopters and non-
adopters of e-purchasing.

On the basis of these results it can be stated that
this approach is appropriate and useful for the discov-
ery of the profile description hidden in data. It creates
an environment for automatic exploration of survey
data, as well as knowledge discovery based on mod-
ern, artificial intelligence-oriented methodology, which
is quite novel approach in the field. This methodology,
as it was shown above, can generate interesting rules
even from a quite small set of data and provided with
a larger database could only improve its performance.

Similar approaches (based on genetic algorithm-
driven search for association rules), had been ap-
plied to various data mining problems before, however
the complexity of the fitness functions used in those
projects was usually very high. This approach, on the
other hand, due to the decomposition of the task into
two separate phases (i.e. searching for patterns and
rule generation) not only effectively puts the limits on
the search space, but also allows for a flexible manip-
ulation of the rule structure in terms of its premise
and consequent parts and thus makes it possible to
analyze the discovered knowledge from different per-
spectives at a virtually no additional cost.
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