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Abstract. The evaluation of project quality exhibits multivariable, VRS (variable
return to scale) and decision maker’s preference properties. In this paper, we
present a Data Envelopment Analysis (DEA) based evaluation approach. The
DEA VRS model, which handles multivariable and VRS effectively, is used to
measure project quality. And the DEA cone ratio model, which utilizes Analytical
Hierarchy Process (AHP) to constrain quality metrics with respect to decision
maker’s preference, is also adopted to analyze the return to scale of the projects. A
case study, which assesses 10 projects from ITECHS and 20 “Top active” projects
on sourceforge.net with the novel method, is demonstrated. The results indicate
that our approach is effective for quality evaluation and can get accurate estimates
of future possible improvements.

1 Introduction

Evaluation of project quality can lead to a better control of the schedule, cost and
resources allocation, furthermore smooth the way for process improvement efforts.
However, there are three characteristics embedded in the evaluation problem.

Firstly, defect, which is a key measure of software quality, consists of multiple
attributes, such as defect severity, defect priority, etc. Thus, the quality evaluation has
to deal with multi-attribute problem. Secondly, to evaluate project quality, we usually
take software scale and defect attributes as input and output. However, as is stated in
[5][6], the relationship between system size and the number of defects or defect-
density is nonlinear. Thus, the problem of evaluation exhibits VRS (variable return to
scale, i.e. the relationship between the input and the output is non-linear). Thirdly,
generally speaking, the evaluation should be consistent with managerial goal of the
organization. Thus, incorporating subjective managerial preference into quality
assessment must be taken into account [2]. In a word, an efficient evaluation method
is needed to fulfill these requirements of multivariate, VRS and decision maker’s
preference properties.

Data Envelopment Analysis (DEA) developed by A. Charnes and W. W. Cooper
[12] in 1978 is a non-parametric mathematical programming approach. It can be used
to evaluate the relative performance of a number of decision making units (DMU),
which may have multivariate input and output. Henceforth, dozens of DEA extension
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models have been brought into the world, Banker, Charnes and Cooper improved the
basic theory and established the first DEA VRS model (BCC) [9] in 1984. Five years
later, the C*WH cone ratio model [11] with respect to “preference of decision maker”
was brought forward by Charnes in 1989. At present, DEA has been widely accepted
in the computing industry.

In this paper, we present a DEA-based approach to evaluate the project quality.
The approach utilizes DEA CCR model and its extension models to calculate the
quality score, which is the basis of the evaluation result. Since the datasets used for
studies and analysis are collected from defect report and tracking systems, where cost
and schedule information is insufficient, we only extract defect-related attributes from
defect reports as input/output metrics in our approach. And then the quantitative
results to measure the further possible improvements of low quality projects are
discussed. Furthermore, the return to scale of each project with respect to decision
maker’s preference is also investigated.

2 Relate Work

[1] proposes to use DEA VRS model to measure the performance of ERP projects.
Their method can handle multivariate data and VRS well, but doesn’t take into
account subjective managerial goal. Since they only evaluate the productivity as
performance score, quality measurement is recommended to improve their work. Our
work can be thought an extension of their study.

[10] presents a case study on an OSS(Open Source Software) development project,
the FreeBSD project, and then compares the quality of OSS projects with that of
commercial projects. But the evaluation only focuses on defect-density, which is the
key quality metric, and ignores the impact brought about by other defect attributes.
Also, their measurement can’t deal properly with VRS.

J.C. Paradi et al. [2] introduce a DEA-based model to measure the performance
of a group of software development projects and investigate the effect of quality on
software maintenance projects. Decision maker’s preference is incorporated into
their model as well. However, the definition of quality used in their paper is quite
narrow and omits other quality indicators, which can be easily extracted from defect
reports.

In a word, compared with the existing models and methods for performance eval-
uation, our approach has the advantage of dealing with multivariate, VRS and decision
maker’s preference issues properly at the same time.

3 The DEA-Based Project Quality Evaluation Approach

In this section, we present our DEA-based project quality evaluation approach, which
can be divided into four steps: constructing project dataset; establishing the input/output
of DMUs; assessing project quality; analyzing Return to Scale. Figure 1 illustrates the
flow chart of our approach.
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3.1 Constructing Project Dataset

Constructing project dataset is to determine reference DMU sets. For the purpose of
project quality measurement, we select each project under evaluation as a DMU.
Moreover, because our DEA-based approach evaluates the relative quality among the
similar DMUs, the basic requirement of the DMU selection is that the DMUs must be
homogenous. The homogenous DMUs mean that they are project sets satisfying the
same conditions, such as they are both object oriented projects and developed by the
same language, so that the DMUs are comparable in quality.
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Fig. 1. DEA-based project quality evaluation approach

3.2 Establishing the Input/Output of DMUs

After constructing project dataset, we will establish input/output of DMUs [8] which
largely depends on the selection of quality metrics.

Firstly, the defect reports specification of the projects under evaluation should be
taken into account. It is because the selection of quality metrics is based mainly on the
indicators provided by these defect reports. For example, when we choose quality
metrics for the projects on sourceforge.net, we can’t gather the information of defect
priority and defect life-cycle, since defect reports on sourceforge.net don’t provide
any indicators of defect priority and defect life cycle at all.

Secondly, we must consider the relationship of the quality metrics. Because these
metrics are not isolated, they may influence the cognizance of other variables. For
example, we should discard a variable if its information has been covered by other
several variables or has strong relationship with some other input/output variables.

Thirdly, we filter out the metrics that can’t be quantified easily, for example, the
customer satisfaction (corresponding to the comments submitted by customers in
defect reports) and so on. Then we can generate the remaining metrics value for all
the DMUs. Note that they are all positive values.

Fourthly, according to the efficiency ratio principle of DEA model, we prefer the
smaller input values and bigger output values.
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3.3 Assessing Project Quality
In order to evaluate the project quality, we adopt DEA VRS Model (BCC) [9] to deal

with the nonlinear relationship inherent in the evaluation issue. The BCC model is
written as:
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From (1) we calculate the quality score 6 , the peer weight A and slack variable s. The
quality score is between 1 and +oo, A project with quality score of 1 is of relative
high quality, otherwise the project is of relative low quality. Each project
can be presented by a linear combination of the DMU sets, such as:

DMU , = ADMU, + A, DMU, +--+ A1 DMU . The peer weight A provides the

degree that high-quality project i for the relatively low-quality project jo to emulate.
The slack variable s can be divided into two parts: input slack variable s~ and output
slack variable s*. The former represents the over use of work effort scale, while the
latter represents the insufficient quality metrics. Since we focus on defect elimination,
we present the formula (2) to calculate the quantitative improvement of every quality
metric for low-quality projects:

B . 2
A= Hyjo +5, =Y,

3.4 Analyzing Return to Scale

After computing the results using DEA VRS model, we analyze return to scale
between software scale and the quality metrics represented by defect attributes. For
this purpose, we should take into account whether some specific managerial
preference exists. When there is no impact of managerial preference, we can combine
the results of DEA CRS model and VRS model to judge return to scale. First,
calculate the quality score 6 with DEA CRS model, then compare 6 with 6 , there are
three conditions: 1) <8, the project exhibits IRS ; 2) 6=6, the project exhibits
CRS; 3) 6> 0, the project exhibits DRS. —IRS (DRS) indicates that an increase in
one unit’s inputs will yield a greater (or less) proportionate increase of its outputs.
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Otherwise, when it is necessary to incorporate subjective managerial preference in
return to scale analysis, we should utilize the DEA cone ratio model [11] to fulfill
managerial goals. In order to constrain the weights of quality metrics according to
managerial preference, we adopt AHP (Analytical Hierarchy Process) [7]. Firstly, we
gather opinions of several project managers on “the importance of each quality
metrics”, then establish the AHP Decision Matrix A,, and calculate the max latent root

A of A,. Secondly, we construct weight constraint

max

P={ul(A,-1,E,)u=0} ©)
where p in I means the weights of quality metrics. Thirdly, incorporating I" into
DEA cone ratio model (4),(5) and calculate the parameter po which is the indicator of
return to scale. There are also three conditions: 1) p<0, the project exhibits DRS; 2)
Uo=0, the project exhibits CRS; 3) po>0, the project exhibits IRS;
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4 Case Study

In this section, an empirical study is presented based on the sequence in Section 3.

Firstly, we construct the evaluation data sets. The first dataset consists of 10
projects from one single organization —ITECHS [3]. On the contrary, our second
dataset consists of 20 “Top active” projects on sourceforge.net [4], which are
developed by different organizations. These projects of the two datasets are all
developed in Java. Especially the projects in the first dataset are all J2EE Web
Applications, so the DMUs can be regarded as homogenous.

Secondly, according to the specification of defect reports of selected projects (13
metrics in total), we have chosen the following metrics for the first dataset. While
only defect severity, system size and work effort are used in the second dataset as its
Input/Output metrics.

Table 1. Input/Output metrics for evaluation

Metrics Type | Meaning

Defect Severity | Output | Defects can be divided into four levels by severity: C,S,N,M.
Defect Output | Defects can be divided into five class by the length of its life
Life Cycle cycle: LS,M,L.E

Defect Priority | Output | Defects can be divided in to three level by priority: H,M,L

System Size Output
Work Effort Input
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Thirdly, the results of the quality measures on the ITECHS dataset using DEA VRS
model are presented in Table 2. We observe that only two DMUs 6,7 are of relative low
quality, while other eight DMUs are all of relative high quality. Moreover, the relative
low quality projects can be improved under relative high quality projects’ guidance in
the future. For example, DMU6 can be shown in the following form:
0.06*DMU1+0.48*DMU2+0.25*DMU9+0.20*DMU10, so the DMU?2 is of more
benefit to help quality improvement since its peer weight is larger than others’.

Table 2. Quality scores and peer weights obtained from DEA VRS model (Dataset 1)

DMU | Quality ,1| ,12 /L 24 25 /16 /17 28 ,19 ,1”)
score
1 1.00 1.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00
2 1.00 0.00 | 1.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00
3 1.00 0.00 | 0.00 | 1.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00
4 1.00 0.00 | 0.00 | 0.00 | 1.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00
5 1.00 0.00 | 0.00 | 0.00 | 0.00 | 1.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00
6 1.36 0.06 | 0.48 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.25 | 0.20
7 1.22 0.15 ] 0.31 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.55
8 1.00 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 1.00 | 0.00 | 0.00
9 1.00 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 1.00 | 0.00
10 1.00 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 1.00

In Table 3, the output slack variables s* can be used to calculate the margin of
quality improvement for each quality metric. For example, in order to reduce the
defects whose life-cycle is 6-10 days (“M”—Medium in defect life-cycle defined in
table 1) in project 6, we combine the slack variable sg* =217 with formula(2) in
section 3.3, then calculate the /A= 9. The result means that the defects, whose life-
cycle is “M” in project 6, can get an optimal reduction by 9 under the relative high
quality projects’ guidance in the future development.

Based on the Sourceforge dataset, we get the similar aggregate result. In Table 4,
we only show the quality scores of the 20 projects.

Table 3. Slack variables obtained from DEA VRS model (Dataset 1)

DMU | Work | System Defect Severity Defect Life-Cycle Defect Priority

Effort Size CI]S[NIM ITSI[MIJLJE[H][MTIJ]L

- + + +

6 248 0 [ 37104349 JoJe62[217[3]25]0] 98] 0

7 0 0 [ 2 134 [ 72106 |4 [77] 8 [ 755 [ 0] 131 [ 174
Table 4. Quality scores obtained from DEA VRS model (Dataset 2)

DMU | 1 2 3 4 5 6 7 8 9 10

0 3.79 5.59 5.38 3.02 3.65 1.00 1.98 2.78 7.39 6.53

DMU | 11 12 13 14 15 16 17 18 19 20

0 5.02 10.18 1.00 3.77 7.64 3.79 1049 | 6.74 5.49 3.58
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Fig.2 illustrates a comparison of two methods for quality evaluation of the two
datasets. The first method is our DEA-based approach, while the second is to assess
quality by defect-density (abbreviated as DD). In the chart, x-axis denotes project
number, y-axis denotes quality score. Fig.2 reveals that DEA-based approach can make
a more fair evaluation than DD, which can’t handle VRS. For example, the third project
in the second dataset is regarded as a project of the lowest quality by DD, since its
defect-density is nearly 20 times greater than that of project 13, whose defect-density is
the lowest. But using DEA-based approach, the quality score is only 5 times greater
than that of the highest quality project. The reason for this is that project 3 is the biggest
project with 409829 lines of code and 2113 defects, while project 13 has only 115144
lines of code and 43 defects. It is obvious that the comparison between a large project
like 3 and a small project like 13 in defect-density is inappropriate, since the evaluation
problem exhibits VRS. In general, it seems more reasonable to compare a project with
other projects of similar size. So applying our VRS approach is more appropriate to
solve the problem. Besides, as can be seen in Fig.2, the curve of dataset 1 is much
smoother and closer to 1 than that of dataset 2 in our approach. It means that the process
performance of ITECHS is significantly higher than that of the projects in dataset 2.
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Fig. 2. Comparison between DEA-based approach and defect-density

Table 5. Return to scale obtained from DEA cone ratio model (Dataset 1)

DMU | 1 2 3 4 5 6 7 8 9 10

vV, 2.04 1.00 | 1.38 1.17 1.46 1.86 1.61 1.44 1.35 1.35
Vv, 1.00 1.00 | 1.00 1.00 1.00 1.42 1.31 1.00 1.00 1.00
Uo minus | 0 minus | minus | minus | minus | minus | minus | minus | minus
result | DRS | CRS | DRS | DRS | DRS | DRS | DRS | DRS | DRS | DRS

In the last step, we present how to use our approach to analyze the return to scale
of each DMU. As we have consulted several project managers from ITECHS for their
preference on the quality metrics listed in table 1, we are convinced that the cone ratio
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DEA model should be adopted to investigate the return to scale for the first dataset.
After building the AHP Decision Matrix by incorporating the managerial goals, we
use the modified model (4),(5) to calculate the results which is shown in Table 5. As
we can see, all the projects except the second have DRS, which means the rate of
various defects attributes in these projects increases quicker than the rate of the
expending work effort. So the managers should consider of slowing down the scale
expansion of these projects, then turn to make improvements in process efficiency.

5 Conclusion

The paper focuses on three intrinsic characteristics of project quality evaluation:
multivariable, Variable Return to Scale (VRS) and preference of decision maker. To
overcome the difficulties caused by these characteristics, we advocate a DEA-based
approach which can fulfill these requirements. A case study illustrates the principle of
our approach well. The results of the DEA-based approach is helpful to assess the
project quality and estimate the margin of future possible improvement. The return to
scale analysis can also help managers to make a decision on an expansion or a
reduction in software scale.
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