2008 IEEE International Conference on Research, Innovation and Vision for the Future in Computing & Communication Technologies
University of Science — Vietnam National University, Ho Chi Minh City, July 13-17, 2008

Innovative project resource allocation: estimating by
analogy based on linguistic values and fuzzy
Inference systems

Dr.S. Mohammadi

Department of Industrial Engineering, IT grou.
K N Toosi University of Technology
Tehran, Iran
Smohammadi40@yahoo.com

Abstract— Estimation models in software engineering are used
to predict some important attributes of future entities such as
software development cost, project resource allocation, and
software reliability and programmers productivity. Among these
models, those estimating software effort have motivated
considerable research in recent years. The prediction procedure
used by these software-effort models can be based on a
mathematical function or other techniques such as analogy based
reasoning, neural networks, regression trees, and rule induction
models. Estimation by analogy is one of the most attractive
techniques in the resource allocation estimation field. However,
the procedure used in estimation by analogy is not yet able to
handle correctly linguistic values (categorical data) such as 'very
low', 'low' and 'high'. In this paper, we propose a new approach
based on reasoning by analogy, fuzzy logic and linguistic
quantifiers to estimate project resource allocation when it is
described either by numerical or linguistic values; this approach
is referred to as Fuzzy Analogy. This paper also presents an
empirical validation of our approach based on the COCOMO'81
dataset.

Keywords- resource allocation, Fuzzy, estimation by analogy,
COCOMO'8

l. INTRODUCTION

What is project resource allocation? A wide variety of
engineering and business activities are structured as projects:
they have tasks, they require resources of various types, and
they are constrained in both time and budget. Many types of
projects are also subject to considerable uncertainty —
uncertainty in time to complete specific tasks, in the resource
requirements of those tasks, and in whether or not the resource
will produce an outcome judged to be “successful.” Programs
often have many such projects, and the program managers face
critical decisions about what projects to pursue, how much time
and money to invest in each one, and how to reach decisions to
terminate individual projects (or parts of projects) if they do
not seem promising.[4]

The resource allocation problem in its generic form has two
variants. The first is to obtain best quality software for a given
total resource. That is, the total resource to be spent on the
entire Quality Control (QC) process is given, and the goal is to
allocate this resource among the different QC tasks in the
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process such that maximum number of defects is detected by
the QC process. [3]

Resource allocation problems are widely encountered in
industrial as well as academic practices. Owing to its
combinatorial complexity, large-scale resource allocation often
proves mathematically intractable. [1]

Developing computing systems that are self-configuring
and self-optimizing in unpredictable environments is becoming
the central concern of industrial giants such as IBM, HP, and
Sun. For example, the recently popular “utility computing
paradigm” describes the environment where system
components (agents) “purchase” resources from each other to
respond to local spikes in demand. [2]

While this vision is very promising, only small steps have
been made so far toward achieving it. Developing fuzzy based
estimation by analogy is the key issue in well allocating the
project resources.

For the quality of the final software we will use the
commonly used measure of delivered defect density - the
number of defects present in the final product normalized by
the size of the product. One of the main objectives of a project
is to achieve the desired quality goal with least amount of
resources. [3]

Non-linear increasing functions is been used to represent
the resources, and use them to derive expressions for the
resource estimate of each (QC) stage, once the defect injection
rates are known. The problem of allocating resources then
reduces to a optimal resource allocation problem, which we
solve using sequential quadratic programming. [3]

We are about to discuss the problem of resource allocation
in IT projects by using fuzzy techniques as the most convenient
tool. An estimating method based of fuzzy analogy is been
proven to do the problem as our entire work. And the model
also is tried to be validated using the COCOMO'81 dataset as
the work carried out by Ali I, et al., [5].

The paper is organized as follows. A review of the
literature work on the subject will be referred to in section II.
The section Il consists of brief information about the fuzzy



logic and FIS, so that; the usage of them in our work will be
clearly announced. In section 1V, proposition of the problem is
mentioned. Problem solution, fuzzy based estimation by
analogy is discussed in section V in detail. In section VI
validation of the model using the COCOMQO'81 dataset is
presented. And finally our conclusion is lugged in section VII
as the main result of the work.

Il.  LITERATURE REVIEW

The “management-oriented” literature contains
considerable evidence of concern with uncertainty and risk in
managing projects.

Much of this literature is very qualitative, focusing on the

Determine what resources to make
available, within overall budget limits

Change resource allocation to
adjust task characteristics

Schedule tasks,
given resources
and task
characteristics

Figure 1 - A perspective on problem levels” within

process of managing to ameliorate risks. On the other hand, the
operations research literature is replete with articles on project
scheduling, but very few of these articles deal with uncertainty.
We believe this “disconnect” is the result of different
collections of researchers defining problems at different levels
of a hierarchy in a way that obscures their relationship to one
another. Figure 1 portrays a nested view of the problem that
highlights the potential connections between project scheduling
and the larger issues of resource allocation and risk
management. The innermost box represents the scheduling
problem, where it is assumed that the available resources are
fixed and specified, and the characteristics of individual tasks
(duration and resource use) are given. With those inputs
specified, the scheduling problem is to determine a likely
operational schedule for the tasks that “fits” within the
available resources. The project scheduling literature focuses
on this “inner” problem and generally does not deal with
uncertainty.

PERT, developed in the 1950°s, represented the first
consideration of uncertainty in project scheduling, focusing on
uncertain task durations. This technique allowed an estimate of
the overall duration of a project to be constructed. However,
PERT has major weaknesses. It does not consider constraints
on available resources and it assumes that all tasks will be
completed successfully. Using a PERT framework, Valadares
Tavares, et al. (1998) also consider uncertainty in the resource
requirements of individual tasks and the resulting effect on
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overall project cost, but they do not incorporate resource
constraints. [4]

Experience has shown that there does not exist a ‘best’
prediction technique outperforming all the others in every
situation. Indeed, Shepperd et al., Niessink and Van Vliet
found that estimation by analogy generated better results than
stepwise regression [9, 10, and 11]. However, Briand et al.,
Stensrud and Myrtveit reported opposite results [7, 8]. Recent
research has been initiated to explain the relationship between
different properties of historical projects dataset (size, number
of attributes, presence of outliers...) and the accuracy of a
prediction system [12]. This work deals with an important
limitation of all estimation techniques, which arises when
software projects are described using categorical data (nominal
or ordinal scale) such as ‘very low’, ‘low’ and ‘high’. These
qualifications are called "linguistic values" in fuzzy logic
terminology. Building cost estimation models based on
linguistic values is a serious challenge for the software cost
estimation community. Recently, Angelis et al. [6] were the
first to propose the use of categorical regression procedure
(CATREG) to build cost estimation models when software
projects are described by categorical data. This procedure
quantifies categorical attributes by assigning numerical values
to their categories in order to produce an optimal linear
regression equation for the transformed variables. This
approach has the following limitations: It replaces each
linguistic value by one numerical value. This is based on the
assumption that a linguistic value can always be defined
without vagueness, imprecision and uncertainty. Unfortunately,
this is not often the case. Indeed, linguistic values come from
human judgements that are often vague, imprecise and
uncertain. For example, let us assume that the experience of
programmers is measured by three linguistic values: ‘low’,
‘nominal’ and ‘high’. Most often the meaning of these values is
not defined precisely and consequently we cannot represent
them by individual numerical values. There is no natural
interpretation of the numerical values assigned by this
approach. It assigns numerical quantities to linguistic values in
order to produce an optimal linear regression equation whereas
the initial relation between resource and cost drivers may be
non-linear. A more comprehensive approach to deal with
linguistic values is by using "fuzzy set" theory. Consequently,
the purpose of this paper is to provide a new approach based on
analogy and fuzzy logic to estimate resource when software
projects are described either by numerical or linguistic values.

[5]

Pankaj Jalote and Bijendra Vishal (2003) proposed a model
for the cost of QC process and then view the resource
allocation among different QC stages as an optimization
problem. We solve this optimization problem using non-linear
optimization technique of Sequential Quadratic Programming.
They have used defect density as the metric for measuring the
quality of software at any stage and have used the defect
injection and removal stages as the basic model. We assume
that the cost of defect removal increases with the latency
between injection and removal and also with the defect
removal efficiency. Using these two assumptions we have
modeled the problem as an optimal resource allocation



s ]
s o westerve toemen e PGS
” e & . r
| i
ARy h
1 [
- A A
e \
i ¥ \
AL \
-~ —
rou cwate mT may
et Vet et s P fch on P b vty ot
e s lamnd I |
B
e o o =
s D010 I
Donpiry Farge. -
] o e p—
l = | '

Figure 2 — representation of fuzzy numbers as inputs and output, and
application of the fuzzy operation on fuzzy input values.

problem. They have also developed the software to determine
the optimal resource allocation among different QC stage. [15]

Tzy, et al., (2006) proposed a method based on the fuzzy
multi-criteria decision model for the evaluation of new IT/IS
investments. We compare prior studies to compile a list of
evaluation criteria. The final list of criteria is obtained using a
Delphi approach. This model provides the flexibility to change
the weights of the criteria, and uses those weights to reflect
special concerns about IT/IS, as well as organizational
characteristics such as cultural, and contextual issues. It can
also be used as an analytical tool to improve the project's
contract to attain to the ideal goal. [17]

IlIl.  FUZzY LOGIC AND FIS

In this section, some basic notions of the area of fuzzy
theory that have been defined by Kaufmann and Gupta (1985)
and Zimermann (1996) are introduced. As defined by Zadeh
[25], Soft Computing is composed of three criteria part of
human nature: tolerance of imprecision, learning, and
uncertainty.

A. Definitions

Definitionl: Let R be the space of real numbers. A fuzzy set
A is a set of ordered pairs

{(x.1;(0))|xe R }. where u;(x): R —[0.1] and is upper

5(x)
semi continuous. Function * s called membership
function of the fuzzy set.
Definition2: A convex fuzzy set, A, is a fuzzy set in which:
Yx.vER.VAE[0.1],
(A + (L= A)p) Zmin (%), k5(3) ]

Definition3: A fuzzy set A is called positive if its
membership function is such that

Uy(x)=0,Vx=0

Definition4: Trapezoidal Fuzzy Number (TFN) is a convex
fuzzy set which is defined as: [18, 19]
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A = (x. u(x)) where

0 x<a
x—a p
a<x=
b—a
- (x)= 1 b<x<c
x =t c<x=d
c—d
0 r<d

B. Operations on TFNs

Chen and Hwang (1992) and Dubois and Prade (1988) have
been defined a number of operations can be performed on
TFNs. The following are employed operations in the
development of the proposed method: [20, 21]

Let 4 =(a,.b,.c;.d;) and B = (a,.b,.c,.d,) be any two TFNs, then:

A®B = (a,+ay.b +by.ci+cy.d, +dy)
AOB = (a, —dy.b, —cy.c,-by.dy —ay)
MAX (A4, B)=(max(a,.qa,).max(h.b,). max(c,.c,).max(d,.d,) )

MIN(A.B)=( min(a,.a,).min(b,.b,). min(¢,.c, ). min(d,.d,) )

C. Fuzzy inference systems (FIS)

According to Stefan, S. et al., (2007) the usage of fuzzy
inference systems in modern technologies specially IT
researches is been a complex structure of an agent acting based
on what it percepts (its input) and its embedded "rule-base"
dictionary of fuzzy rules, and produces the fuzzy (or
somewhere non-fuzzy) output as the result of the FIS. The
structure of a formal FIS is shown in figure 2.

Stefan, S., et al., use the FIS as the reasoning machine for
their work on trust evaluation in multi agent systems. Using
FIS the input values to the system should be in form of fuzzy
sets, so the input values must be fuzzified. The FIS acts with
fuzzy numbers as well the fuzzy operations will be used by
such systems. Figure 3 shows the way fuzzified values are
represented and how the fuzzy operations are applied to them.
[22]

Discussion about the Fuzzy Rule Base used by the FIS,
leads to the pure definition of a rule-base agent that is: "an
agent who acts dependent on what its knowledge-base of
specific rules said about the specific input data”. More details
can be found in [22]. A fuzzy rule base is on rule-base wiz
contains the rules as fuzzy rules.

Main usage of FIS is to reasoning situations in controlling
systems. They are also useful to be used as perfect decision
makers acting with a number of vague parameters and
constraints.

Our approach to use FIS in order to manage the resource
allocation of an IT project is based on their ability to act
perfectly with the imprecise nature of the problem, "the task of



allocating the project resources is based on human abilities and
his complex process of making decisions".

IV. THE PROBLEM

There have been many detailed definitions for the problem
of project resource allocation. It's been meant to be Allocating
the project resources to several tasks so that it would be the
most perfect allocation” as it's mentioned in this paper. But,
what kind of resource allocation method is perfect? And; what
is the most perfect one. Resources utilized in a project
completion progress are also costy either non-resumption able.
Thus, there should be a reasonable method covering the
resource allocation process so that the resources don’t go short
in performance. As its clear enough, our problem is to develop
a respective well defined model to allocate the resources of an
IT project regarding to the vagueness and uncertainty
surrounding the situation, and the limitation of the existing
resources.

With this approach, we outlined the detail of the problem as
finding the best resource allocation wiz ever applied to a
project the same as ours. This is the basic rule of the Estimating
by Analogy method.

V.  THE SOLUTION: FUZZY BASED ESTIMATION BY ANALOGY

A. Overview

Estimation by analogy technique bases on comparing the
existing projects which are completed, to initiating project
which's resources are to be allocated. And then, when the most
similar project is found, we can imitate the way the allocated
their resources to allocate our resources.

Estimation by analogy is essentially a form of Case-Based
reasoning which has four steps:

1) Retrieve the most similar case or cases.

2) Reuse the information and knowledge in that case to
solve the problem.

3) Revise the proposed solution.

4) Retain the parts of this experience likely to be useful for
future problem solving.

Fuzzy Analogy is a fuzzification of the classical analogy
procedure. It is also composed of three steps: identification of
cases, retrieval of similar cases and cases adaptation. Each step
is a fuzzification of its equivalent in the classical analogy
procedure. In the following subsections, each step will be
further detailed.

5) identification of cases
6) retrieval of similar cases
7) case adaptation

B. ldentification of cases

The goal of this step is the characterization of all software
projects by a set of attributes. Selecting attributes describing
accurately software projects is a complex task in the analogy
procedure. Indeed, the selection of attributes depends on the
objective of the CBR system. In our case, the objective is to
estimate the software project resource. Consequently, the
attributes must be relevant for the resource estimation task. The
problem is to detect the attributes exhibiting a significant
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relationship with the resource in a given environment. The
solution adopted by cost estimation researchers and
practitioners is to test the correlation between the resource and
all the attributes for which data in the studied environment are
available. This solution does not take into account attributes
that can affect largely the resource, if they have not yet
recorded data. The objective of our Fuzzy Analogy approach is
to deal with linguistic values. In the identification step, each
software project is described by a set of selected attributes that
can be measured by numerical or linguistic values.

The use of fuzzy sets to represent categorical data, such as
‘very low’ and ‘low’ mimics in the way in which humans
interpret these values and consequently it allows us to deal with
vagueness, imprecision and uncertainty in the cases
identification step. Another advantage of the Fuzzy Analogy
approach is that it takes into account the importance of each
selected attribute in the cases identification step.

C. Retrieval of similar cases

This step is based on the choice of a software project
similarity measure. This choice is very important since it will
influence which analogies are found. In literature, most
researchers have used the Euclidean distance when projects are
described by numerical data and the equality distance when
they are described by linguistic values (categorical data) [24].

M vicivsey afl(x)

>

0.5 1
Figure 4 — A possible definition of the value “vicinity of 1’

These two measures are not suitable when linguistic values are
represented by fuzzy sets. Consequently, we have proposed a
set of candidate measures for software project similarity to
avoid this limitation [12]. These measures evaluate the overall

Similarity of two projects P: and Pz, d (Pi, P2), by
combining the individual similarities of P1 and P2 associated
with the various linguistic variables (attributes) (V;j) describing
P1and Pz, du(P1, P2). After an axiomatic validation of some
proposed candidate measures for the individual distances d v,
(P1, P2), we have retained two measures [13]:

maxminfu (B i (P))
k S R 0 )

max — min aggregation
d, (P,P, )=
! . Z Iy (P, )x 0y (P,)
T 4 “k

sum — product aggregation

(1.2)

where Vj are the linguistic variables describing projects P1

A4S . . K,
and P2, 4 are the fuzzy sets associated with V;j, ar]d "4 are the
membership functions representing fuzzy sets 4 To evaluate



the overall distance of P1and P2, the individual distances d v;
(P1, P2) are aggregated using Regular Increasing Monotone
(RIM) linguistic quantifiers such as ‘all’, ‘most’, ‘many’, ‘at
most (* or ‘there exists’. The choice of the appropriate RIM
linguistic quantifier, Q, depends on the characteristics and the
needs of each environment. Q indicates the proportion of
individual distances that we feel is necessary for a good
evaluation of the overall distance. The overall similarity of P1
and P2, d (P, P2) is given by one of the following formulas:

[all of (d_ (B.P))
most of (d, (F.P,))
d(R.P,)=<manyof (d, (B.F,))

there exists of (d_(R.B))

The overall distance,'d(Pl, P2), is calculated by means of
the following formula:

. .
A ﬁ.”* du,
wr)=$i00 )0

)de1("P,'"P_‘/'

D. Case adaptation

The objective of this step is to derive an estimate for the
new project by using the known effort values of similar
projects. There are two problems here. First, the choice of how
many similar projects should be used in the adaptation; Second,
how to adapt the chosen analogies in order to generate an
estimate for the new project.

Briand et al. have used a single analogy [7]. Angelis and
Stamelos have tested a number of analogies in the range of 1 to
10 when studying the calibration of the analogy procedure for
the Albrecht’s dataset [6]. Fixing the number of analogies to be
considered in the case adaptation step will not be considered
here neither as a requirement nor as a constraint. The principle
of this approach is to take only the first k projects that are
similar to the new project.

In Fuzzy Analogy, strategy to select projects that will be
used in the adaptation step is proposed. This strategy is based
on the distances d(P, Pi) and the definition adopted in the
studied environment for the proposition ‘Piis closely similar
project to P’. Intuitively, Piis closely similar to P if d(P,Pi) is
in the approximately of 1 (0 in the case of Euclidean distance).
A better way to represent the value “vicinity of 1’ is by using a
fuzzy set defined in the unit interval [0, 1]. Indeed, this fuzzy
set defines the ‘closely similar’ qualification adopted in the
environment. Figure 4 shows a possible representation for the
value ‘vicinity of 1°. In this example all projects that have
d(P,Pi) higher than 0.5 contribute to the estimated cost of P.

The second problem in this step is to adapt the chosen
analogies in order to generate an estimate for the new project.
The most common solutions use the (weighted) mean or the
median of the k chosen analogies. In the case of weighted
mean, the weights can be the similarity distances or the ranks
of the projects. Ali I. et al., (2002) used the weighted mean of
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all known effort projects in the dataset for their fuzzy analogy
approach. The weights are the values of the membership
function defining the fuzzy set “vicinity of 1’. The formula is
then: [5]

[+1=

ﬂ:fr.';-l.'r,'of."-rd(P"P! })}{Eﬁb}ffpll)’
COSt(P)=="—7%
H]frfa.-r'qq,l“a'rdr P.E))

Our suggestion is to use the analogy approach to estimate
the best prior project fitting in the current project to use its way
of resource allocation as a pattern. The main idea is that
"similar software projects consume similar resources". So that
by finding the best project(s) fitting in the initiating project we
can out come the problem of resource allocation by making use
of their resource allocation plan to make our plan. This
approach is been validated using the COCOMOQ'81 dataset by
[5]. We can, as well, refer to it as a proof to the mentioned
model solving the problem.

VI. MODEL VALIDATION

Main goal of the validation section is to show how the
represented model can be proved. The following section
presents and discusses the results obtained when applying the
Fuzzy Analogy approach on the COCOMO’81 dataset. The
results were compared with those of three other models:
classical analogy, the original intermediate COCOMO’81, and
“fuzzy’ intermediate COCOMO’81 [23, 24].

Ali |. et al. [5] compared the results of the Fuzzy Analogy
with the other three techniques in regards to two criteria: the
type of the technique and whether or not the technique uses
fuzzy logic in its estimation process. Our findings were the
following:

e Two advantages were found when using fuzzy logic
with the estimation by analogy. First, it tolerates
imprecision and uncertainty in its inputs (cost drivers)
and consequently it generates gradual outputs (cost).
This is why Fuzzy Analogy gives closer results for the
three datasets while classical analogy generates the
same or significantly different outputs when the inputs
are different (this is the same case between ‘fuzzy’ and
classical intermediate COCOMO’81, see [11] for more
details, Table 2 ). Second, it improves the accuracy of
the estimates because our similarity measures are more
appropriate than those used in the literature.

e Intermediate COCOMO’81 generates more accurate
results than classical analogy but when integrating
fuzzy logic in the estimation by analogy procedure, the
Fuzzy Analogy performs better than intermediate
COCOMO’81. This illustrates that fuzzy logic is an
appropriate tool to deal with linguistic values rather
than the classical logic (Aristote logic) used in the
original version of the COCOMO’81.

Taking into account these results, we suggest the following
ranking of the four techniques in terms of accuracy and
adequacy to deal with linguistic values:

1) Fuzzy Analogy



2) Fuzzy intermediate COCOMO’81
3) Classical intermediate COCOMO’81
4) Classical analogy.

VII. CONCLUSION

In this paper, we have proposed a new approach to estimate
the allocation of project resources based on the method
proposed to make the estimation of software effort mentioned
by Ali I. et al. [5]. This approach is based on reasoning by
analogy, fuzzy logic and linguistic quantifiers. Such an
approach can be used when the software projects are described
by linguistic and/or numerical values. Thus, our approach
improves the classical analogy procedure that does not take
into account linguistic values. In the Fuzzy Analogy approach,
both linguistic and numerical data are represented by fuzzy
sets. The advantage of this is to handle correctly the
imprecision and the uncertainty when describing a software
project. Also, by using RIM linguistic quantifier to guide the
aggregation of the individual similarities between two projects,
the Fuzzy Analogy approach can be easily adapted and
configured according to the needs specifications of each
environment. Also, we have tried to validate the Fuzzy
Analogy by using the COCOMO’81 dataset. The results of this
validation were compared to those of the classical analogy
approach, ‘fuzzy’ intermediate COCOMO’81 and original
intermediate COCOMO’81. We can conclude that fuzzy logic
improves the estimation process and consequently generates
more accurate estimates.

By using fuzzy logic in its estimation process, this approach
satisfies the first criterion of the concept Soft Computing,
which is the tolerance of imprecision.
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