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Abstract

In order to understand, evaluate, predict, and control the software development process with regard
to such perspectives as productivity, quality, and reusability, one needs to collect meaningful data
and analyze them in an effective way. However, software engineering data have several inherent
problems associated with them and the classical statistical analysis techniques do not address these
problems very well. In this paper, we define a specific pattern recognition approach for analyzing
software engineering data, called Optimized Set Reduction (OSR), that overcomes many of the
problems associated with statistical techniques. OSR provides mechanisms for building models for
prediction that provide accuracy estimates, risk management evaluation and quality assesssment.
The construction of the models can be automated and evolve with new data over time to provide
an evolutionary learning approach (the Improvement Paradigm) to software modeling and mea-
surement. Experimental results are provided to demonstrate the effectiveness of the approach for
the particular application of cost estimation modeling.

*Research for this study was supported in part by NASA grant NSG 5123, Coopers & Lybrand (IAP member)
and Vitro Corporation (IAP member).



1 Introduction

Managing a large scale software development requires the use of quantitative models to
provide insight and support control based upon historical data from similar projects. This
implies the need for a quantitative approach.

e to build models of the software process, product, and other forms of experience (e.g.,
effort schedule, reliability, ...) based upon common characteristics for the purpose of
prediction.

e to recognize and quantify the influential factors (e.g., personnel capability, storage
constraints, ...) on various issues of interest (e.g., productivity improvement, effort
estimation, ...) for the purpose of understanding and monitoringthe development.

e to evaluate software products and processes from different perspectives (e.g., produc-
tivity, fault rate) by comparing them with projects with similar characteristics.

e to identify strengths and weaknesses in the current environment.

¢ to understand what we can and cannot predict and control so we can monitor it more
carefully.

In Section 2 of this paper, we discuss the needs and the constraints in building effective
models for the software development environment. In Section 3, we review the failings of
the classical statistical approaches with regard to software engineering data. We offer a
new approach for analyzing software engineering data in Section 4, called Optimized Set
Reduction (OSR), that overcomes many of the problems associated with statistical tech-
niques. The approach is based upon pattern recognition techniques tailored to the software
engineering field and offers advantages that overcome many of the problems associated with
statistical techniques.

Besides overcoming some of the drawbacks of statistical analysis for software engineering
model building, OSR provides mechanisms for building models for prediction that provide
estimates of the accuracy of the prediction, models for risk management evaluation for the
risk areas of interest, and quality assessment relative to the pertinent quality models.

The construction of the models can be automated and evolve with new data over time to
provide an evolutionary learning approach to software modeling and measurement in order
to support software development management.

In Section 5, experimental results are provided to demonstrate the effectiveness of the
- approach for the particular application of cost estimation modeling. The data set used
are the COCOMO [BOES81] and Kemerer [KEMS87] data sets. Although the particular
example of cost estimation is chosen, the approach is also being used for other forms of
model building, e.g., the building of models for maintenance.

Section 6 discusses some general issues related to multivariate data analysis in the context
of OSR. A paradigm that defines the learning aspects of software development and man-
agement (called the Improvement Paradigm) is described in Section 7 and it is shown how
OSR performs with the learning and model refinement issues in the IP framework.



2 Requirements for an Effective Data Analysis Procedure

Based upon the constraints associated with the data and the analysis procedures, we gen-
erate a set of requirements for model building approaches. In the text that follows, we will
refer the variable to be assessed as the “Dependent Variable” (DV)(e.g. productivity, fault
rate) and the variable explaining the phenomenon as “Independent Variables” (IV) (e.g.
personnel skills, data base size) [BOE81]. We will see later on that all the issues related
to prediction, evaluation and risk management may be formalized under this form. The
various IVs will form the dimensions of an Euclidian space called the “sample space” in the
following text.

2.1 Constraints related to Software Engineering Data

Model building in Software Engineering is faced with the following difficulties:

e Cp: There is no theory proven to be effective in any environment that would give a
formal relationship among measured metrics in the development process. Therefore
the capabilities of classical statistical approaches seem very limited and statistical
simulation (i.e. Monte Carlo approach) appear improbable.

e C3: The best we can do is make assumptions about the probability density distribu-
tions, with respect to the dependent and independent Variables of interest, with very
little evidence to support our assumptions.

e C3: The sample size is usually small relative to the requirements of the classical
statistical techniques, the quality of the data collected, and the number of significant
independent variables (IV). This is due to the nature of the studied objects in software
engineering and it is difficult to avoid (e.g. software system, module, change, defect

).

o C4: “Software engineering modelers” have to deal with missing, interdependent and
non-relevant independent variables: This is due to a lack of understanding of the
software development process.

e Cs: Both data defined on a continuous (i.e. ratio, interval) and a discrete (i.e. nomi-
nal, ordinal) range have to be handled. Collecting data in a production environment
is a difficult task and discrete data collection is sometimes performed to facilitate the
measurement process. Also, the nature of some of the data may be discrete.

2.2 Requirements to alleviate these constraints

Matching the constraints, we can define requirements for effective data analysis procedures
by the following list:

¢ Ry [matches Cy,C3): The data analysis procedure should avoid assumptions about
the relationships between the Variables regarding the probability density distribution
on the IV and DV ranges.



o R; [C3,C4): A mechanism is needed to evaluate accuracy for each performed estima-
tion. The variations of accuracy lie in a large range depending on the object to be
assessed. For example, you may want to assess a software project from the point of
view of productivity.

C3 The amount of available relevant data may differ according to the character-
istics of the project to be assessed (i.e. location of the project in the sample
space). For example, you may have more data with respect to data processing
business applications than with respect to real time systems. In small samples,
this phenomenon can have significant consequences.

C4 The performed data collection may be more suitable to certain kinds of ob jects
than others. For example, measuring objectively time constraints for real time
systems may be difficult and therefore may introduce uncertainty in assessement.

¢ Rj3 [C4): The data analysis procedure must be as robust as possible to missing, non-
relevant, interdependent IVs and outliers. Then, some procedures must be available
in order to detect and alleviate the effects related to these kind of disturbances in the
data set.

o R4 [Cs]: The data analysis procedure must be able to handle easily both discrete and
continuous metrics without biasing the results obtained.

3 Statistical Background in the Field N

Most of the studies in software engineering have been based on multiple regression and
related techniques (e.g. F tests, stepwise selection). These procedures do not seem to
match most of the previously defined requirements for the following reasons:

e The adjusted coefficient of correlation is a parameter globally calculated over all the
data points. It is the ratio of the variance explained by the calculated correlation
versus the variance still unexplained. This does not provide accuracy of individual
estimations (see requirement R,). Calculating confidence intervals does not seem pos-
sible with an acceptable accuracy. Their calculations are based on an approximation
of the distribution (i.e. normal) and variance of the residuals in the studied popu-
lation. Too few data are usually available to make a reasonable estimation of the
variance. Moreover, we should not expect a constant variance all over the regression
space. The disturbance dueto some missing independent variables in the regression
equation may have a variable intensity in different parts of the regression space. Con-
sidering that in the field of Software Engineering we already make approximations on
the mathematical shape of the regression function, with weak theories to support our
assumptions, this variability may be significant.

o This technique is very sensitive to perturbations related to missing, interdependent
and non-relevant metrics (i.e. independent variables) [DIL84]. Procedures to deal
with these problems are complex and errorprone (e.g stepwise selection, F partial



tests, detection of outliers). These problems make difficult any quantitative analysis
of the development environment and affect the accuracy of predictions.

¢ Continuous metrics are at times difficult to compare because the calculated re-
gression coefficients are dependent on their corresponding measurement units. The
classical way to solve this problem is to work with Beta coefficients (i.e. standardized
regression coefficients). The dependent variable and the independent variables are di-
vided by their standard deviation before calculating the regression equation. In other
words, IVs and DVs are normalized to their variability. This way, the used regression
parameters become unitless numbers and are independent of the magnitude of units.
However, the magnitude of the Beta coefficients are dependent on the variability of
the independent variables in the particular sample that provide the data. This is
another cause of innacuracy in the performed estimations.

¢ Discrete metrics are very difficult to handle because the notion of distance between
categories would be required to build Multiple Regression based models. Then, some
strong assumptions are necessary to integrate these data in a regression calculation
(i.e. assumptions about the relative distances between the defined categories). The
usual way to handle categorical data is to create a regression parameter for each
category of each categorical metric (i.e. dummy variable). For example, The value of
each parameter is either 1 or 0 according to the categories to which the object to be
assessed belongs. Two major drawbacks may be identified:

— The number of regression parameters increases rapidly with the number of cat-
egorical metrics.

— The discrete values (e.g. 0,1)assigned to these parameters are arbitrary and
then make the calculated regression coefficient meaningless for analyzing the
respective influence of the various regression parameters. No beta-coeficient can
be calculated.

There have been some significant attempts to develop alternative techniques to regression
based procedures to analyze software engineering data. The use of statistical classification
techniques has been used to make predictions with respect to errorprone modules in large
scale software systems [SEL88]. These experiments showed encouraging and interesting
results. However, if we consider the usual data availability in Software Engineering, the
used data set was very large (5000 data points). The objective was simply to classify
objects among two categories (i.e. non errorprone and errorprone modules) and not to
come up with a comprehensive data analysis procedure. These experiments opened a door
to a huge research field to be investigated.

4 A Pattern Recognition Approach for Analyzing Data

Based upon pattern recognition principles [TOU74], we propose a data analysis procedure
that is intended to fulfill, to a certain extent, the previously described requirements for
effective data analysis. This procedure and the main principles supporting are described in
this section.



4.1 Description of the Main Underlying Technique

The technique has as its goal the recognition of patterns in a data set. These patterns
are used as a basis for understanding and assessing the development process, product and
environment.

4.1.1 The Basic Concepts and Terminology

¢ A learning sample consists of N vectors (DV;, IVy4,...,I1V,.;), i € (1,...,N), con-
taining one dependent and n independent variables. These vectors are defined in an
Euclidian space called the “sample space”. These vectors, which we will call pattern
vectors, represent measurements taken in the environment.

¢ A measurement vector is defined as the set of independent variable values repre-
senting a particular object whose dependent variable value is to be predicted. That
is, it is a pattern vector without the dependent variable.

¢ To be able to make predictions on the dependent variable, its range has to be
sub-divided or grouped into what we will call DV classes. These classes correspond
to natural situations that can be encountered in the measurement environment, with
respect to the dependent variable, e.g. productivity. If the Dependent Variable is
either “ratio”, “interval” or “ordinal”, the dependent variable range is sub-divided
into intervals, if the Dependent Variable is “nominal”, categories may be grouped
into a smaller set of classes. They are called “states of nature” in decision theory and
“pattern classes” in the pattern recognition field [TOU74]. We have chosen the name
DV classes in order to make the connection with a classical statistical approach for
multivariate analysis.

¢ To be able to use the independent variables as a basis for predicting the dependent
variable, they, like the Dependent variables, must be mapped into IV classes by sub-
dividing or grouping.

e A pattern is defined as a non-uniform distribution of probabilities across the DV
classes.The further a distribution is from uniformity, the more the pattern is considered
as significant (measurable metric developed below).

4.1.2 A Particular Pattern Recognition Process

The problem of predicting the dependent variable for a particular project can be stated as
follows: Given a particular measurement vector (MV), determine the probability that the
actual dependent variable value lies in each of the DV classes. The shape of the probability
density function on the DV class range associated with MV is unknown. The goal and the
basic principle of this process is to find a subset of pattern vectors in the data set, whose
values for the independent variable are similar to the values for the independent variable of
MYV and show a significant pattern among the DV classes.



Taking this approach in the ideal, we can assume that given a learning sample, LS, and
a measurement vector, MV, we could select an ideal subset of all the pattern vectors in
LS having the exact same IV instances as MV (Figure 1). However, since we are usually
working with small samples and numerous independent variables the ideal subset is typically
too small to be useful, so this ideal approach is not applicable.

Figure 1 - Ideal approach

Measurement Vector = {IV1 := C1.x, IV2 := C2.x, IV3 := C3.x}
With Cn.x being any single class on the IVn range

V2 == C2x

Vi==Clx

Nevertheless, we need to find a subset, SS, of LS that contains pattern vectors similar to
MV with respect to some IVs and that yields significant patterns. SS must be large enough
to be usable (notion defined below) and must contain sufficiently homogeneous pattern
vectors to yield significant patterns. To extract SS from LS, we have to select a subset of
IVs among those available, that will be used to select the pattern vectors that will form
SS. The pattern vectors matching the MV instances with respect to the selected IVs will
be extracted from LS. This IV selection will be performed in a stepwise manner and based
upon a selection function SF (Figure 2). In other words, each pattern resulting from a
potential IV selection will be evaluated using SF which provides information on the degree
of significance of the pattern.



Figure 2 - Pattern recognition process
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Two reasons justify a stepwise process:

¢ We wish to stop the subsetting whenever the resulting subset SS is too small.

o If we increase the pattern significance progressively, set reduction after set reduction,
we increase the probability of not getting a good pattern purely by chance due to
the small size of the sample on which the pattern is based. A constant trend is more
convincing than a single pattern based on a small sample.

In the Software Engineering Laboratory at the University of Maryland, a set of experiments
have led us to develop the following pattern recognition process (called Optimized Set
Reduction) applied for any MV:

e Step 1: DV classes are formed either by dividing the DV range into intervals or by
grouping the defined DV categories. For optimal results, a similar number of pattern
vectors should be in each class. The mechanism for creating classes is further described
below.

o Step 2: IV classes are formed in a similar way.

e Step 3: The learning sample is successively decomposed into subsets. At each step, an
IV is selected (according to a selection function described below) and the objects
having the same instance for the IV as the object to be assessed are extracted to



form the reduced subset. This is done recursively on the reduced subsets. We call the
performed process an Optimized Set Reduction.

¢ Step 4: When a predefined condition is reached, the reduction stops. This condition
will be referred to as the termination criteria and will be discussed below. The
subsets resulting from this criteria are called the terminal subsets.

e Step 5: The pattern vectors in the terminal subset(s) are then used to calculate
probability that the actual dependent variable value lies in each of the DV classes.
Several alternatives may be considered for calculating these probabilities and two of
them are described below.

The resulting probabilities (that form the obtained pattern) may be used either for DV
predictions, risk management or quality evaluation in a way that will be described
in Section 4.3.

Despite an apparent simplicity, this approach opens up a set of research questions associated
with each of the steps, that need to be further investigated. The details of each of the steps,
as well as the open questions are discussed here:

¢ Which IV selection function should be used as a reduction mechanism (Step 3)?

The best we have found so far is Entropy (F). The measure of entropy generalized

for m classes from information theory can be used as the impurity evaluation function
[BRE84, SEL88]:

F= i —P(C;/z)log,, P(C;/z)

i=1
where P(C;/x) is the conditional probability of z of belonging to
the DV class C;, ¢ € (1, ...,m).

We assume that the lower the entropy the more likely we are to have found a significant
pattern. This assumption has been supported by the performed experiments: a good
correlation between Entropy and M RE (i.e. Magnitude of Relative Error) has been
observed. The selected IV is the one, that minimizes the defined selection function.

e How is the termination criteria determined (Step 4)?

The termination criteria needs to be tuned to the environment, i.e. the available data
set. Logically, if measuring the significance of a pattern by calculating its entropy is
reasonable, then the entropy should be strongly correlated to the observed prediction
accuracy (i.e. Magnitude of Relative Error for continuous DVs and Misclassification
Rate for discrete DVs). Therefore, an estimation of the prediction MRE/MR is
possible by looking at the decomposition entropy. There are two bounds on the
calculation. If there were no termination criteria, the reduction could decompose
to a subset of a single pattern vector, yielding the meaningless minimum entropy of
zero. On the other hand, if we stop the reduction too soon, we have not sufficiently
decomposed the data set to provide an the most accurate



