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which is validated using real project information (Section IV).
Finally the main conclusions are presented (Section V).

Abstract— Information Mining projects are a special type of
Software Engineering projects with the objective of extracting
non-trivial knowledge from available data repositories.
Information mining projects share similar problems with
Software Engineering projects. Most of these problems should be
handled at the initial activities of the project. But there is no
model to analyze and evaluate the project feasibility which could
be used to predict the main project risks. In this context, the
objective of this paper is to propose and validate an ad-hoc model
that can be used at the beginning of an Information Mining
project in order to analyze its feasibility.

II. ANALYSIS OF PROJECT FAILURE
Most Traditional Software Engineering projects can be
considered (at least) partial failures because few projects meet
all their cost, schedule, quality, or requirements objectives [8].
From the challenged or canceled projects, the average project
was 189 percent over budget, 222 percent behind schedule, and
contained only 61 percent of the originally specified features.
In 2005, it has been considered that from 5 to 15 percent of
projects were abandoned before or shortly after delivery as
hopelessly inadequate [9]. In other words, few projects truly
succeed. The most important reasons are, among others:
inability to manage the project complexity, poorly defined
system requirements, sloppy development practices,
commercial pressures, unrealistic / unarticulated project goals
and unmanaged risks.

Keywords-Feasibility Model; Information Mining; Software
Engineering; Small and Medium-sized Enterprises.

I.

INTRODUCTION

Information Mining projects are a special type of Software
Engineering projects with the objective of extracting non-trivial
knowledge which is located (implicitly) in the available data
from different sources [1]. Commonly, instead of developing
specific software, available software tools are used which
include the necessary techniques and algorithms [2]. As a
result, the features of Information Mining projects are different
from Traditional Software Engineering projects and, also, from
Knowledge Engineering projects, even though the algorithms
are based on artificial intelligence methods [3]. The most used
methodologies for Information Mining projects are CRISP-DM
[4], SEMMA [5] and P3TQ [6]. These methodologies are
considered as proven by the community, but they exhibit
problems when trying to define the phases related to project
management [7]. Some elements of project management are
mixed with project development process and tasks (such as
project monitoring, verification and measurement) and others
are not considered in the referenced methodologies.

Information Mining projects share similar problems.
Conducted studies about Information Mining projects have
detected that not all projects are successfully completed [10],
ending most in failure [11]. In 2000, it has estimated that 85%
of the projects have failed to achieve its goals [12]. In other
words, this means that in average only 15 projects had been
successfully completed from 100 developed ones. After five
years working, the community has been able to decrease this
project failure rate to approximately 60% [13]. Hence it can be
said that the community is working on the right lane but there
are still project elements that should be enhanced.
Most of these problems have to be detected in the initial
activities of the project. Before starting any Traditional
Software project, the organization normally decides whether it
is appropriate performing it or not. Making such decisions is
complex and depends on multiple factors as it is necessary to
know both the impact of the software on the organization and
the developing associated risks [14]. The project features are
required to be analyzed by assessing the technical and
economic feasibility of the project (commonly known as
feasibility study). In Expert System development projects,
something similar happens. As the initial specifications for
these systems are often uncertain, incomplete, and inconsistent,
it is necessary to develop several prototypes for coherently
define the system functionality, performance, and interfaces

In this context, it is detected the lack of a model to analyze
and evaluate the project feasibility which could be used to
predict the project risks. Therefore the objective of this paper is
to propose and validate an ad-hoc model that can be used at the
beginning of an Information Mining project in order to analyze
its feasibility and then identify its strong and weak points. First,
the problem is identified by analyzing the reasons of project
failures (section II). Then the corresponding solution is
proposed by specifying the feasibility model (Section III)
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information mining project. A project can be performed if
the following conditions are met: the available data
repositories have current and representative data of the
business problem to be solve, the business problem is
understood, and the team has a minimum knowledge about
the information mining process.

[15]. Since Knowledge Engineering (KE) projects use more
resources than Traditional Software development projects [16],
their feasibility study is highly more important in order to
identify the risks that should be monitored and controlled
during the project.
Information Mining project’s initial tasks ought to be
similar to a Traditional Software Development or KE projects.
By early detection of the risks, its effects could be reduced
during the project development. However, as the features of
Information Mining projects are different from Traditional
Software and KE projects, the models to study the feasibility
cannot be reused for this type of projects and it is necessary to
propose specific ones. In this domain, several studies have been
conducted to identify success criteria [17-20], but there is no
comprehensive model to analyze if the project is achievable or
not. While in [21] a model that uses a fuzzy expert system has
been proposed to measure the project success level from the
quality used in each of its phases of CRISP-DM, this study
may be performed once the project is completed because it
requires the quality level applied in each phase to be known.
On the other hand, in [22] a Bayesian analysis is used to
determine whether the company is qualified to implement a
data mining project (i.e. the enterprise characteristics are
valued to decide whether data mining can be applied or not),
but it does not consider important topics such as the business
problem. Furthermore, this analysis does not make the
classification of feasibility in different dimensions, considering
it as a whole.
III. PROPOSED FEASIBILITY MODEL
The proposal of the feasibility model for Information
Mining projects requires the identification of the main
conditions for considering a project as feasible (subsection A).
Such a task is dependent on the project features which can be
known in the initial stages. However, it is not usually easy to
answer these conditions by answering 'yes' / 'no' questions (or
by giving a numerical value). Thus the proposed feasibility
model should be able to handle a range of linguistic values to
answer each condition. From such values, and by applying a
pre-defined process, it would be possible to determine the
overall project feasibility (as detailed in subsection B).

Conditions that determine the adequacy of the project
include the factors that determine whether information
mining is the appropriate solution for the identified
business problem (i.e. it is the best solution for the
problem). It is appropriate to apply information mining
when the following conditions are met: the available data
repositories have digital format (they are not only in
paper), the business problem cannot be solved by using
traditional statistical techniques, the business problem will
not change during the project, and the data quality is good.
The following metrics are used for assessing the data
quality:
o
Quantity of attributes and records (measuring the
availability of enough data to apply the data mining
process).
o
Degree of credibility of the data (measures of how
much you can trust on the data accuracy depending on
the source and nature).

•

Conditions that determine the success of the project
include the factors ensuring the project accomplishment.
An information mining project will be successful if the
following conditions are met: data repositories are
implemented with technologies allowing easy data access
and manipulation (i.e. integration, cleaning, and formatting
tasks), the project stakeholders (either high level managers,
mid-level managers or end-users) support the project, it is
possible to perform the project planning considering best
practices with necessary required time, and the team has
experience in similar projects.

B. Proposed Procedure
The following five steps are proposed to assess the project
feasibility:
Step 1: Determining the value of each project features.
Looking for characterizing an Information Mining project and
evaluating its feasibility, 13 features are used which are
specified in Table I. Such features, based on the conditions
identified in subsection A, should be answered from the
interviews conducted with the organization stakeholders at the
beginning of the ‘Business Understanding’ phase of CRISPDM methodology. They should be valued by using one of the
following words: 'nothing', 'little', 'regular', 'much', and 'all'.
For each feature the following attributes are defined:
o
Category: used only to group the features according to
what or who is concerned.
o
ID: indicates a code to uniquely identify the property
and the dimension to which it belongs (Plausibility,
Adequacy, or Success).
o
Condition: describes the question associated to the
feature to be identified for characterizing the project.
o
Weight: indicates the relative importance of each
feature in the global model.

This model has been based on the feasibility test defined for
KE projects defined in [15, 16] which has been adapted and
validated using actual Information Mining projects. These
projects have been provided by researchers from the following
research groups: GISI-DDPyT-UNLa, GEMIS-FRBA-UTN
and GIEdI-UNRN. Be advised that all these projects had been
performed by applying the CRISP-DM methodology [4] within
Small or Medium-size Enterprises (SMEs). Therefore, the
models can be considered reliable only for small and mediumsized Information Mining projects developed with this
methodology.
A. Conditions
The main conditions are identified based on [17-24] and
classified into three groups (or dimensions):
•

•

Conditions that determine the plausibility of the project
include the factors that make it possible to perform the
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Note that features related to plausibility and adequacy
dimensions must have a value equal to or bigger than ‘little’,
otherwise the project can be considered as non-feasible. For
success features, there is no minimum threshold (they can be
valued with ‘nothing’).
TABLE I. PROJECT FEATURES EVALUATED BY THE MODEL.
Category

Data

Business
Problem

ID

Condition

Weight

P1

How much actual is considered the data from
the repositories?

8

P2

How representative is considered the data in the
repositories in order to solve the business
problem?

9

A1

How much the data repositories have digital
format?

4

A2

How many attributes and records are available
in the data repositories?

7

A3

How much credibility has the available data?

8

S1

In which degree the repository technology
supports the manipulation of the data?

6

P3

How much the business problem is understood?

7

A4

In which degree the business problem cannot be
solved by traditional statistical techniques?

10

A5

How stable is considered the business problem
during the project?

9

S2

How much the stakeholders support the
project?

8

S3

In which degree the project plan considers the
required time to perform best practices during
the project?

7

P4

How much knowledge has the team about
information mining?

6

S4

How much experience has the team in similar
projects?

6

Project

Project
Team

Value = ‘nothing’

Value = ‘little’

Fuzzy Interval= (0.0; 0.0; 1.2; 2.2)

Fuzzy Interval= (1.2; 2.2; 3.4; 4.4)

Value = ‘regular’

Value = ‘much’

Fuzzy Interval= (3.4; 4.4; 5.6; 6.6)

Fuzzy Interval= (5.6; 6.6; 7.8; 8.8)

Value = ‘all’
Fuzzy Interval = (7.8; 8.8; 10.0; 10.0)

Figure 1. Membership function graphical and fuzzy interval assigned.

TABLE II. FORMULAS USED BY THE MODEL.
#

Formula

nd
§
¨
Wd i
¨
¨1
I d = ¨ ⋅ i =1
¨ 2 nd § W
¨ di
¨
¨ Fd
¨¨
i
i =1 ©
©

¦

¦

1

Step 2: Converting feature values into fuzzy intervals.
Once the linguistic values have been defined for each feature of
Table I, they should be translated into numeric values to
calculate the project feasibility. This transformation process is
based on Fuzzy Expert systems [25]. For each word value, a
fuzzy interval is specified that is expressed by four numbers
(ranging from zero to ten) representing the breakpoints (or
corner points) of the corresponding membership function.
These intervals with the graphic representation of each
membership function are shown in Figure 1.
Step 3: Calculating the value of each dimension.
To calculate the project dimension values, the fuzzy intervals
(obtained in the previous step) are balanced considering their
corresponding weight (already defined in Table I). The interval
representing the value of each dimension ( Id ) is calculated with
the Formula #1 of Table II. This formula is formed by the
combination of the harmonic mean and the arithmetic mean of
the set of intervals (thus the influence of low values is reduced
when calculating the dimension value). As a result of the
formula, another fuzzy interval is achieved. To convert this
interval into a single numeric value ( Vd ) the arithmetic average
is used as specified in Formula #2 of the same table.

nd
· §
¸ ¨
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¸ ¨
¸ ¨1
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nd
·¸ ¨2
¸¸ ¨
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¸
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¸
¸
¸
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where:
Id: represents the fuzzy interval calculated for the dimension d
(using ‘P’ for plausibility, ‘A’ for adequacy, and ‘S’ for
success).
Wdi: represents the weight of the feature i for the dimension d.
Fdi: represents the fuzzy interval that has been assigned to the
feature i for the dimension d.
nd: represents quantity of features associated to the dimension d.
4

¦ I di

Vd = i =1
4

2

where:
Vd: represents the numeric value calculated for the dimension d.
Idi: represents the value of the position i of the fuzzy interval
calculated for the dimension d .
OV =

3
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8 ⋅ V P + 8 ⋅ V A + 6 ⋅ VS
22

where:
OV: represents the overall project feasibility value.
VP: represents the value calculated for dimension plausibility.
VA: represents the value calculated for dimension adequacy.
VS: represents el value calculated for dimension success.

the model (right part) indicating the minimum and maximum
values (thin line), standard deviation range (thick line) and
average value (marker).

Step 4: Calculating the overall project feasibility.
The numerical values calculated in the previous step for each
dimension ( Vd ) are combined by using a weighted arithmetic
mean (Formula #3 of Table II) obtaining the overall project
feasibility value ( OV ).
Step 5: Interpreting the results.
Finally, the numeric values for each dimension and the overall
project feasibility value (already calculated in steps 3 and 4
respectively) are analyzed. As a way to interpret the results of
the feasibility of each dimension, it is recommended to plot the
corresponding membership function of the obtained fuzzy
interval ( Id ). The feasibility of a dimension can be considered
as accepted if it exceeds the range of 'regular' value (that has
been shown in Figure 1). Examining the numeric value of the
dimension is another way to do it. If the dimension value ( Vd )
is greater than 5, the dimension can be considered as accepted.
On the other hand, for analyzing the feasibility of the project,
the following criteria can be used: whenever the three
dimensions are accepted and the overall project feasibility
(OV) is greater than 5, then the project is considered as
feasible. Otherwise, it is not feasible. In both cases, the project
weaknesses to be strengthened should be recognized by
identifying the dimensions with lower values.

TABLE III. PROJECT VALUES CALCULATED BY THE PROPOSED MODEL.

IV. VALIDATION OF THE PROPOSED MODEL
In this section the validation of the model proposed in
Section III is performed using the data of 25 collected
information mining projects. The first twenty-two projects (i.e.
P1 to P22) have been satisfactory finished (with some minor
problems) but the last three (i.e. P23, P24 and P25) have been
cancelled before completion.
To perform this validation the projects values calculated by
the proposed model are compared to an appraisal provided by
researchers who can be considered experts in the domain. On
one hand, the projects have been characterized by the paper
authors using the model’s features and applying the
corresponding steps to calculate the project dimensions and the
project feasibility value. Because of the paper’s strict length,
the results of applying the model in each project cannot be
reproduced here but it can be found in [26]. A summary of
these results is included in Table III.
On the other hand, a survey has been issued to each
researcher to assess one project. The researcher had examined
the project information (including the plan, meeting notes,
status reports among other things) and indicate a value between
1 and 10 (where 1 is the lowest value and 10 the biggest) to
appraise each project dimension (i.e. plausibility, adequacy,
success). Then the global feasibility has been calculated as the
average of them. The obtained values are shown in Table IV.
As soon as the previous values has been collected, the chart
graphs of Figure 2 have been prepared to show graphically the
comparison between the values appraised by the researchers
(shown with a light gray line) and the values calculated by the
model (dark gray bar) per dimension. As it can be seen the
values are very similar but not totally equal. This can also be
noted in the boxplot graphs included in Figure 3. These graphs
reflect the behavior of the values assigned by the researchers
(locate in the left part of the graph) and the ones calculated by

#

Value of
Plausibility
( VP )

Value of
Adequacy
( VA )

Value of
Success
( VS )

Overall Project
Feasibility
( OV )

P1
P2
P3
P4
P5
P6
P7
P8
P9
P10
P11
P12
P13
P14
P15
P16
P17
P18
P19
P20
P21
P22
P23
P24
P25

7.20
6.87
5.90
5.12
5.12
5.45
5.45
6.45
7.20
5.85
6.22
7.67
5.93
6.20
8.72
6.45
6.14
6.00
7.01
8.24
8.05
6.45
4.66
4.66
4.63

6.11
5.07
5.67
6.95
7.82
5.61
5.56
5.80
5.61
5.34
6.56
7.35
5.09
6.59
6.89
6.43
5.83
5.31
6.89
6.75
6.45
5.81
5.34
3.46
2.81

5.25
5.25
5.31
4.12
6.81
5.25
5.42
5.18
5.57
5.57
5.42
6.45
7.05
5.69
7.66
5.64
5.42
5.42
5.58
5.52
5.25
6.54
3.25
4.21
3.01

6.27
5.77
5.65
5.51
6.56
5.45
5.48
5.87
6.18
5.59
6.14
7.22
5.93
6.20
7.77
6.22
5.83
5.59
6.58
6.96
6.70
6.24
4.52
4.10
3.52

TABLE IV. PROJECT APPRAISAL PROVIDED BY RESEARCHERS.
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#

Plausibility
Value

Adequacy
Value

Success Value

Global Feasibility
Value

P1
P2
P3
P4
P5
P6
P7
P8
P9
P10
P11
P12
P13
P14
P15
P16
P17
P18
P19
P20
P21
P22
P23
P24
P25

8.00
7.00
8.00
6.00
6.00
6.00
5.00
6.00
7.00
6.00
8.00
7.00
7.00
7.00
9.00
7.00
6.00
5.00
8.00
9.00
8.00
7.00
3.00
5.00
4.00

7.00
6.00
5.00
6.00
8.00
5.00
5.00
5.00
6.00
5.00
5.00
8.00
5.00
7.00
7.00
6.00
5.00
5.00
7.00
7.00
6.00
6.00
4.00
3.00
2.00

4.00
5.00
6.00
4.00
7.00
5.00
5.00
6.00
6.00
6.00
6.00
7.00
6.00
6.00
8.00
5.00
5.00
6.00
7.00
5.00
5.00
6.00
3.00
2.00
1.00

6.33
6.00
6.33
5.33
7.00
5.33
5.00
5.67
6.33
5.67
6.33
7.33
6.00
6.67
8.00
6.00
5.33
5.33
7.33
7.00
6.33
6.33
3.33
3.33
2.33

As seen in the boxplot graphs of Figure 3, the model tends
to be more conservative because the total range is shorter than
the one assigned (particularly for the minimum values). But the
standard deviation range and average values are almost the
same (the bigger difference is lower than 0.30 for plausibility).
Thus from this preliminary analysis it can be said that the
model seems to be valid.

Plausibility

In order to assess the model, the Wilcoxon signed-rank test
is applied [27]. This non-parametric statistical test allows to
compare two related samples and define whether their
population means differ (i.e. it is a paired difference test). It is
an alternative to the paired Student's t-test when the population
cannot be assumed to be normally distributed but there is a
symmetric distribution of the differences around the median. In
this test, each project dimension is handled independently. This
means that for each dimension the values provided by the
researchers are tested against the calculated by the model. The
used null and alternative hypotheses are:

Adequacy

Success

H0: the valued assigned by the researchers and the values
calculated by the model for each dimension have a median
difference of zero (in other words, there are no meaningful
differences between the researchers and the model values and
they can be considered equivalent)
H1: the median difference is not zero (i.e. the researchers and the
model values are not equivalent)

The sums of signed-ranks generated by the application of
the Wilcoxon test are shown in Table V for each dimension
(where W+ is the sum of all positive ranks and W- is the sum of
all negative ranks). All the auxiliary tables used in this test are
available in [26].

Overall Feasibility

TABLE V. RESULTS OF WILCOXON SIGNED-RANK TEST

Figure 2. Comparison graph for each dimension

Dimension

Plausibility

Success

Plausibility
Adequacy
Success
Overall Feasibility

Adequacy

Sum Ranks+
( W+ )

97
227
175
181

Sum Ranks –
( W+ )

228
98
150
144

Quantity of
non-zero pairs

25
25
25
25

The null hypotheses ( H0 ) is accepted or rejected based on
comparison of the minimum sum of ranks ( W ) and a critical
value extracted from the statistical reference table
corresponding to the quantity of non-zero pairs and a level of
significance. If W is lower than or equal to the critical value
then the null hypotheses can be rejected (so in this case, it
means that the model is not equivalent to the assessment of the
researcher’s appraisal). Otherwise the null hypotheses can be
considered as valid (and, in this case, the model can be
considered as equivalent). For all dimensions, there are not any
zero-value pair, so the total of pairs is 25 (n=25). As a 0.01
level of significance is selected, the critical value is equal to 68.
This value is then compared to the minimum sum of ranks for
each dimension:
• For Plausibility, the minimum sum of ranks ( W ) is equal
to 97 because W+ is lower than W-. As 97 is bigger than
68, the null hypotheses is not rejected and then it can be
said that there is no meaningful differences between the

Overall Feasibility

Figure 3. Boxplot graph for each dimension
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researchers and the model plausibility values and they can
be considered equivalent.
• For Adequacy, the minimum value is of W- = 98 which is
also bigger than 68. This means that H0 is not rejected and
the model adequacy values are also valid.
• For Success happens something similar: W = W- = 150 is
also bigger than 68. This means that the success values are
also significant.
• Finally, the Project Overall Feasibility values calculated
by the model value can also be considered equivalent
because W = W- = 144 > 68.
Therefore it is confirmed that the proposed model has
calculated values equivalent to the appraisal performed by the
experts.

[4]

[5]
[6]
[7]

[8]
[9]
[10]

V. CONCLUSIONS
Information Mining projects are a special type of Software
Engineering projects with the objective of extracting non-trivial
knowledge from available data repositories. Conducted studies
for these projects have detected that not all projects are
successfully completed, ending most in failure.

[11]

[12]
[13]

This paper has the objective of proposing an ad-hoc model
to be used at the beginning of Information Mining project in
order to analyze its feasibility. Thirteen projects features (based
on the project conditions) are defined and utilized in a
procedure to calculate the project feasibility with three
dimensions: plausibility, adequacy and success. As it is
difficult to assign the features values at the beginning of the
project, the proposed procedure considers using fuzzy intervals
to calculate the project overall feasibility.

[14]
[15]
[16]
[17]
[18]

The proposed model has been validated using the
information of 25 projects which have been appraised by expert
researchers. A preliminary statistical comparison and the
Wilcoxon signed-rank test have been applied. As a result it is
found that the proposed model can estimate correctly the
plausibility, adequacy, success and overall feasibility of the
project in the initial steps.

[19]
[20]
[21]
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