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ABSTRACT

CASE (Computer Aided Software Engineering) tools have played a critical role in
improving software productivity and quality by assisting tasks in software development
processes since the 1970's. Several parametric software cost models adopt “use of
software tools’ as one of the environmental factors that affect software development
productivity. However, most software development teams use CASE tools that are
assembled over time and adopt new tools without establishing formal evaluation criteria.
Several software cost models assess the productivity impacts of CASE tools based just on
breadth of tool coverage without considering other productivity dimensions such as
degree of integration, tool maturity, and user support. This dissertation provides an
extended set of tool rating scales based on the completeness of tool coverage, the degree
of tool integration, and tool maturity/user support. It uses these scales to refine the way in
which CASE tools are effectively evaluated within COCOMO (COnstructive COst
MOde) Il. In order to find a best fit of weighting values for the extended set of tool rating
scales in the extended research model, a Bayesian approach is adopted to combine two
sources of (expert-judged and data-determined) information to increase prediction
accuracy. The research model using the extended three TOOL rating scales is validated by

using cross-validation methodologies such as data splitting and bootstrapping.
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1.0 Introduction

It is common knowledge that CASE (Computer Aided Software Engineering) tools
have played a critical role in the software engineering process by improving software
quality and productivity. A huge number of CASE tools have been produced to assist tasks
in software development processes since the end of the 1970’s. Many initiatives in the
CASE field were pursued in the 1980’'s and the early 1990’s to provide more effective
CA SE technologies and environments. Even though the research in this field is no longer
as active, software development teams use a range of CASE tools that are typically
assembled over the period to support tasks throughout the software production lifecycle.
The diversity and proliferation of software tools in the current CASE market makes it
difficult to understand what kind of tasks are supported and how much effort can be
reduced by using CASE tools in software development processes. A big challenge is to
aleviate these difficulties in the software engineering community. The primary goals of
this dissertation are to establish a framework for classifying CASE tools according to the
breadth of their support in a software production lifecycle, to provide rating scales with
which CASE tools can be effectively evaluated, and to analyze the effect of software tools
on the software development effort.

Some classifications of software tools (Forte, G & McCully, K., 1991; Roger S.
Pressman, 1992; Alfonso Fuggetta, 1993; lan Sommerville, 1995) have been made to
understand what tasks are supported by software tools in a software production process.

Sommerville suggests three dimensions such as Functionality, Process Support, and



Breadth of Support with which software tools can be classified (Ian Sommerville, 1995).
However, most of the classifications are based on the dimensions of Process Support and
Functionality in the phases of a software development lifecycle. Thus, they do not account
for the mutual dependencies and relationships among CASE tools in an entire software
development lifecycle. Software tools can support one or more phases in the form of
Workbenches or Environments (Alfonso Fuggetta, 1993). Fuggetta's classification of
Workbenches does not show what degree of activities in the phases are covered. This
dissertation provides a classification of CASE tools and technologies based on the
coverage of activities supported in a software lifecycle.

Most software development teams use a variety of CASE tools with the hope of
delivering-on-time. Ed Yourdon pointed out the importance of CASE tools in a software
development process by suggesting the notion of a triage: “must have’, “should have”,
and “could have’ to avoid a Death-March project (Ed Yourdon, 1996). However, most
software project teams use CA SE tools that are assembled over time and adopt new CASE
tools without establishing aformal evaluation criteria. Several researches (Robert Firth et
al., 1987; Vicky Modey 1992) provide guidelines for the assessment of CA SE tools and
severa parametric software cost estimation models make “use of software tools” as one of
the environmental factors in order to assess the impact of CASE tools on the software
productivity.

During the last two decades, many software cost estimation models have been
developed to provide estimates of effort and schedule that are used to manage software

development processes. While most of those models are proprietary, COCOMO (Boehm,



B. W., 1981) is one of the available and widely accepted models in public and has been
updated to the COCOMO 1l to address the issues such as non-sequential and rapid
development models; reuse-driven approaches including commercial-off-the-shelf
(COTYS) packages, reengineering, application composition, and application generation
capabilities, object-oriented approaches supported by distributed middleware; and
software process maturity effects (Boehm, B. W. et al., 2000). The COCOMO Il uses
TOOL as one of effort multipliers to explain the impact on effort estimates and provides a
TOOL rating scale that gives a guideline to assess software tools. The latest version of the
COCOMO Il gives fairly good prediction rates that are within 20% of the actuals 56% of
the time, within 25% of the actuals 65% of the time, and within 30% of the actuals 71% of
the time (Sunita Chulani, Boehm, B. W., & Bert Steece, 1999). Therefore, thisresearch is
based on the COCOMO Il model.

Even if the COCOMO Il TOOL rating scale was updated with available tools in the
1990's CASE market, it may not be complete without considering other factors such as
tool integration, tool maturity and user support. Since the COCOMO Il TOOL rating scale
istoo simple and gives ambiguous definitions of tools, it is difficult to fit a set of toolsto
an equivalent level of a CASE tool set. Much of tool evaluation criteria (lan Sommerville,
1995; Ovum, 1995; Vicky Mosley 1992) considers the degree of tool integration, tool
maturity in the market, and services provided by vendors, which are very important
factors in software development processes to assess CASE tools in addition to the quality
of tools. For these reasons, this dissertation provides the extended three dimensional rating

scales such as Completeness of Tool Coverage (TCOV), Degree of Tool Integration



(TINT), and Tool Maturity/User Support (TMAT) from the one dimensional COCOMO |1
TOOL rating scale.

The result of the COCOMO |1 Bayesian analysis (Sunita Chulani, Boehm, B. W., &
Bert Steece, 1999) on data from 161 projects collected from USC-CSE (The Center for
Software Engineering at University of Southern California) affiliates such as Commercial,
Aerospace, Government, and FFRDC (Federally Funded Research and Development
Centers) shows that the TOOL variable is statistically significant in predicting effort
estimates. However, the Bayesian analysis focuses on only completeness of tool activity
coverage like other software cost estimation models. Hence, this dissertation provides a
mathematical model based on the 7-step COCOMO Il modeling methodology to
effectively identify the relative impact of the extended three dimensional TOOL rating
scales on a project’s effort estimation.

In practice, it is very difficult to get newly collected project data to validate a
regression model. Thus, this dissertation adopts two cross validation methods (cross-
validation by data splitting and Bootstrap methods) which are widely used in statistics.
Thereby, this dissertation shows how to use those methods to validate a regression model
and depicts the simulation results (with and without the three TOOL rating scales) of the

two cross validation methods.



2.0 Software Cost Models and Productivity I mpact

Appropriate use of CASE tools has led to the improvement of productivity and
quality by replacing human tasks in a software lifecycle with automated processes since
the end of the 1970’s. In spite of the availability of a huge number of CASE tools, thereis
no widely-accepted, systematic, and formal set of evaluation criteria to appraise their
usefulness for the improvement of productivity and quality. Many software estimation
models adopt the “use of software tools’ as one of the project factors which accounts for
the development environment to predict its impact on development effort and schedule.
COCOMO (COnstructive COst MOdel) uses TOOL as one of the effort multipliers which
accounts for differencesin project effort (Boehm, B. W., 1981). Since COCOMO provides
a categorization of the typical outdate set of tools available at each level, it requires some
amount of judgement to fit a mixture of tools to an equivalent level of tool support. Also,
it does not consider important factors such as the degree of tool integration, the maturity of
software tools, and user support. COCOMO has been updated to Ada COCOMO (Boehm,
B. W. & Walker Royce, 1989) and the COCOMO Il (Boehm, B. W. et a., 2000). This
chapter compares some popular, existing software estimation models to see how they treat
the “use of software tools’ in order to assess the impact on software development effort. It
also shows the impacts of CASE tools on software development productivity in much of

the literature.



2.1 CASE Impact in Software Estimation M odels

During the last two decades, many software estimation models have been devel oped
to accurately predict the cost of a software project. Many of them use the proprietary
information to drive their estimation models. Therefore, they can not be compared against
one another in terms of their model structure and how they deal with CASE tools to
estimate the productivity impact on software development effort and schedul e estimations.
This section discusses a few popular estimation models focusing on CASE tools by
examining how much CASE tools have an effect on the estimation of software

development effort.

2.1.1 SLIM (SoftwareLIfe Cycle Model)

SLIM (Software Life Cycle Model) is a quantitative and mathematical software
estimation model developed by Larry Putnam in the late 70’s (Lawrence H. Putnam &
Ware Myers, 1992). It uses a negative exponential curve called the Rayleigh-Norden effort
curve, which indicates the man-power distribution over time during the software lifecycle.
SLIM has been enhanced by Larry Putnam and his associates at QSM (Quantitative
Software Management). The main part of SLIM, the Software Equation, is shown in Table

2.1



Effort Equation

Parameters

Complete Moddl:
_ .o55(SLOCY® 1
Effort = 12 B(—P )
Simplified Model:

9
Effort = 56.4B(§%9)7

~Niw

Effort = 8.14(%9)

Schedule4

P: Productivity Parameter
B: Specia Skill Factor
SLOC: Source Lines of Code

Table2.1. SLIM Software Equation

SLIM is different from other software estimation models discussed later in that the
schedule equation needs to be solved before the estimation of an effort for a software
product can be made. The Complete Model equation shown in Table 2.1 is derived from
data of over 5000 projects collected by Larry Putham and his associates at QSM. The
Complete Model equation indicates that there is trade-off between effort and schedule.
The software development effort gets lower as the software development schedule
increases. The first equation of the Simplified Model is derived from projects that achieve
their minimum schedule. It can be used for minimal or large projects where the effort is
greater than or equal to 20 staff-months. The second equation of the Simplified Model can

be used for the projects for which the computed minimum development schedule is

greater than 6 calendar months.




The productivity parameter, P, is required to be determined prior to the effort
estimation. For the determination of the productivity parameter, P, Putnam provides
representative productivity parameters ranging from 754 to 3524578 for various types of
systems by clustering around certain discrete numbers (Lawrence H. Putham & Ware
Myers, 1992). A simple scale of integer valuesis called the Productivity Index (Pl) and is
assigned to those clusters. If there is no similar type of system in the database, SLIM
allows the user to determine the productivity parameter as a function of a project’s use of
modern programming practice, hardware constraints, personnel experience, interactive
development, and other factors by using historical data within an organization (Boehm, B.
W., 1984). However, it is difficult to produce accurate parameters for a given system’s

development.

The Productivity Index (PI) is a macro-level performance indicator which measures
project environments, tools, staff, complexity of the product and so on. It has a scale
ranging from 1 (low) to 36 (high). For example, if alow valueis assigned for a project, its
Pl is associated with primitive environments, poor tools, unskilled and untrained people,
weak |eadership, ineffectual methods, or a high degree of complexity in the product. Since
al environmental factors for the software product are aggregated into the productivity
parameter, it isimpossible to individually assess the impact of CASE tools on the software

development productivity.



2.1.2 Jensen Model

The Jensen model is a software development schedule/effort estimation model
which incorporates the effects of any of the environmental factors impacting the software
development cost and schedule (Randall W. Jensen, 1984). This model is an empirical
model that is similar to Putnam’s SLIM. Jensen proposed his software equation which
relates the effective size of the system and the technology to the implementation of the
system. Jensen’s software equation is formulated as

(EQT)

Se = CteDJE Dd

_ $:)\? 1
E =04 [( Cte) EE
S, = effective system size, ty = development schedule
Ci = effective devel oper technology constant

E = lifecycle effort

where

The effective technology constant , C;., measures the factors such as the availability

of computing resources, organizational strategies, development tools and methodologies,
personnel capability and experience, and familiarity with development and targeted
computers. The effective technology constant contains two aspects of the production
technology; technical and environmental. The technical aspectsinclude the factors dealing
with the basic development capability such as organization capability and experience,
development practices, and tools. Those factors determine a basic technology constant
ranging from 2000 and 20,000, with higher values characteristic of higher tool quality as

shown in Figure 2.1.



20000

16000

Wmﬂability
12000 ¢

8000

Basic Technology Constant, Cyy,

4000

2000 | |

Primitive Moderate Good Advanced
Tool Quality Rating

Figure 2.1. Basic Technology Constant

The environmental aspects are explained through the use of 13 adjustment factorsin

Table 2.2 applied to the basic technology constant as

(EQ2)
13
Cie = Cip |:||_| f;

i=1

where

Cip = basic technology constant
f; = iy, environmental factor

The impact of the environmental factors and the basic technology constant on the
development effort can be introduced by replacing the technology constant in (EQ 1) with
(EQ 2). The effort ratio of the technology constant is summarized in Figure 2.2. In the case
of Tool Quality, the effort ratio is between 1.36 to 1.51 influenced by some of the
environmental adjustment factors which are similar to the COCOMO effort adjustment

factors discussed later. The effort ratio indicates the impact of very poor tools on a

10



software project isacost increase of 36 to 51 percent depending on the available resources

over the cost achievable by an organization’s set of the chosen tools.

Number Environmental Factors
1 Specia Display Requirement
2 Operational Requirement Detail and Stability
3 Real Time Operation
4 Memory Constraint

()]

CPU Time Constraint

6 Virtual Machine Experience

~

Concurrent ADP Hardware Development

8 Developer Using Remote Computer

9 Development at Operational Site

10 Development Computer Different than Target Computer
1 Development at Multiple Sites

12 Programming L anguage Experience

13 System Reliability

Table 2.2. Constant Adjustment Factor

Jensen’s model considers the quality of software tools as one of the factors which
affects effort estimates. However, it does not capture what tasks are covered, what degree
of tool integration is supported, how mature software tools are in the CASE market, and
what kind of services are supported by software vendors. An updated version of the Jensen

model known as SEER is provided and evolved by Galorath Associates.

11



Specid Display [1.20
MultipleSite  ]1.25
Real-Time Operation | 1.33
Operational Site 1..39
Remote Computer 1143
Programming Language Experience | 1.46
Memory Congtraint | 150
Tool Quality | | 1.36t0151
Modern Practice | | 1.38t0153
Applications Experience | | 142t0159
Concurrent Hardware Devel opment IL67
Time Constraint | 170
Operational Requirements Detail and Stability |171
Virtual Machine Experience | 1.92
Resource Access | 1.00t01.96
System Reliability | 1.98
Programmer Capability | | 1.73t02.06
Analyst Capability | | 1.75t02.09
Development Computer Different than Target Computer (Rehosting) 2.22
Complexity 2.22

Figure 2.2. Jensen Softwar e Development Effort Ratio

2.1.3 Checkpoint

Checkpoint is an automated, knowledge-based software estimation tool developed
by SPR (Software Productivity Research) (Caper Jones, 1996). It uses the proprietary
guestionnaire designed by Capers Jones for carrying out large-scale baseline studies. It
also uses the proprietary knowledge database of over 8000 software projects. The
questionnaire consists of multiple choice questions built around a weight scale, the
software effectiveness level (SEL). The SEL scale ranges from 1 to 5 with 3 representing
the approximate U.S. average. A number lower than 3 represents situations that are better
than the average, while a number higher than 3 represent situations that are worse and
more hazardous than the average. The SEL scale is re-calibrated annually by the SPR

based on their proprietary database. It uses the Function Point and Feature Point as its
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sizing inputs. Its inputs focus on skill, experience, methods and tools, managerial and

technical cohesiveness, and so on.

The inputs for ng the productivity impact of CASE tools focus on the design

automation environment, CA SE Integration, project source code library, project document

library, support software novelty, support software effectiveness, and programming

debugging tools. Capers Jones suggests macro and micro estimation for the adjustment of

the function points (Caper Jones, 1998). The macro estimation aggregates adjustment

factors such as skill levels, tools, and methods into a single value. Table 2.3 shows an

example of macro estimation by combining two factors, tools and team. In the macro

estimation, it is difficult to assess the effect of individual factors on the software

development productivity.

Factor Combinations Multipliers
Superior team with superior tools 2.00
Superior team with average tools 175
Average team with superior tools 150
Superior team with marginal tools 125
Aver age team with averagetools 1.00
Average team with marginal tools 0.90
Novice team with superior tools 0.75
Novice team with average tools 0.65
Novice team with marginal tools 0.50

Table 2.3. Example: Adjustment Assumption of Macro estimation

In the micro estimation, each factor is applied individually rather than concurrently

with other factors for the adjustment. This micro estimation allows one to assess the
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impact of each individual factor. Table 2.4 shows the multiplier values of team and tools
for the function point adjustment. For example, if an average team with average tools has
a productivity rate of 10 function points per staff month, any other combination can be

explored like the following:

Excellent team with excellent tools:
10* 1.5* 1.2 = 18 function points per staff month
Poor teams with poor tools:

10* 0.5* 0.8 =4 function points per staff month

Evaluation Team capability multipliers Tool capability multipliers
Excellent 1.50 1.20
Good 1.25 1.10
Average 1.00 1.00
Below average 0.75 0.90
Poor 0.50 0.80

Table 2.4. Example: Adjustment Assumptionsfor Microestimation

To determine the multiplier values for the “tool use” factor, Checkpoint requires the
input of tool effectiveness raging from 1 (Excellent) to 5 (Poor). Tools are categorized by
the phases (Project Management, Requirements, Design, Coding, Testing and Debugging,
Documentation, and Maintenance methods/tools) they support. Checkpoint captures the
information about the degree of tools integration through the input of CASE Integration.

The criteriafor the CASE Integration is shown in Table 2.5. Even if Checkpoint evaluates
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CASE tools by quality and the degree of integration across phases/projects, it does not

account for the effect of tool maturity and user support.

Poor Below Average Average Good Excellent
No use of CASE Company/organiza- | Limited amount of Someuse of CASE | Integration of
toolsin the com- tionisusing CASE | CASE onthis toolsin multiple CASE across all
pany/organization tools, but not onthis | project phases phases of lifecycle
project

Table 2.5. CASE Integration Criteria

2.1.4 PRICE-S

PRICE-S is an empirical, parametric, shared, and macro software estimation model
originally developed by Martin Maritta Price Systems (initialy RCA Price, GE Price, then
Price Systems) asafamily of modelsfor hardware and software cost estimation devel oped
in 1977 by F. Freiman and R. Park (Robert E. Park, 1988; Parametric, 1995). Even though
PRICE-S is developed as a proprietary model for the estimation of military software
projects, it became popular model and is now available by PRICE Systems. The current
PRICE-S model consists of three sub models. the Acquisition Model, the Sizing Model,
and the Life-cycle Cost Model. The detailed description of those models are available in
the Price Systems web page (PRICE, 1998). The PRICE-S model is currently adopted by
ForeSight to address non-military software projects only. ForeSight has been tuned to the

commercia and non-military government records for the PRICE-S database.

PRICE-S performs a natural sequence of explaining the core computations to

transform product descriptions into project estimates. Table 2.6 describes the flow of the
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sequence briefly. Detailed information on the core computation is available in (Robert E.

Park, 1988).

No

Name

Description

Build Composite Descriptor

The application mix and fractions of new design and new code for
eight functional categories are used to construct weighted averages,
which serve as composite indices to describe the characteristic of the
application and the effective amount of new design and new code.

Size the Job

The magnitude of each of the three major development activities
(design, implementation, integration & testing) are estimated relative
to the efforts that would take place were there no reusable design and
reused code are not free, and that reuse has different consequences for
each phase of software development.

Estimate a Normal Schedule

Effective masses for major activity are derived as functions of soft-
ware volume (size), density (application) and component reuse (hew
design and new code). The concept of weight is introduced and used
as ameasure for software mass.

Adjust Software Weights for
Project Size

The normal schedule is used to adjust the software weights for the
three core phases. This adjustment accountsfor the effectsthat project
size has on application difficulty.

Estimate Key Costs

Key costs are estimated for each core devel opment phase. PRICE S
views systems engineering during design as the key to software
development.

Estimate Phases and Element
Costs

The core process breaks each phase down into five categories of effort
such as systems engineering and design, programming, configuration
management and quality assurance, documentation, and program
management. Estimates for these activities are obtained from a flow-
down model of ripple effects.

Adjust Costs to Match Local
Experience

The cost elements from stage 6 are multiplied by corresponding fac-
tors from the estimator’s customized cost adjustment table.

Satisfy Constraints on Time and
Resources

Schedules and costs are adjusted to account for the effects of man-
dated milestones and limited resources.

Inflate to Obtain As-Spent costs

If as-spent costs are requested, a profiling submodel isapplied to each
major activity to distribute the effects of inflation over time.

10

Convert Costs to Output Format

If requested, markups for G & A and profit are applied, and costs are
converted from dollars to specified manpower or currency units (per-
son-hours, person-months, pounds, lira, marks, etc.). the results are
scaled, per instruction, and areport is prepared.

Table 2.6. PRICE-S Core Computation Flow
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In stage 3, PRICE-S uses complexity adjustment factors such as Personnel,
Productivity familiarity, Software tools, and Complicating factors to estimate a nominal

schedule. The model isformulated as

(EQ3)
Ty = 0.027 0F w2 ropLxt?
Xc = 0013 (F oMY repLx®®
X, = 0024 F M2 [CPLX

Where

Tp: Time to perform design

X¢: Extension to complete coding and unit testing
Xt Extension to complete integration and testing
Wtp: Adjusted weight of software for design
Witc: Adjusted weight for coding and unit testing
Wty Adjusted weight for integration and testing

F: Parametric function that accounts for other factors such as the developer’s
resources, the nature of the customer and requirements, and the state of art in
software development

The complexity factors account for a fundamental difference between the inherent
complexity of a task and the apparent complexity of the product of the task. The
complexity value is determined as

(EQ4)
CPLX = (Reference Value) + (Complications)

The normalized value of 1.0 is used for the default Reference Vaue and then the
selected values of the adjustment factors shown in Table 2.7 are added to get the adjusted

project complexity value.

17



PERSONNEL SOFTWARE TOOLS

Outstanding CreW...........ceevveeeeereeresieesreneas -0.2 | Very highly automated............cccceevvvenvenenee. -0.2
EXtensive experienCe..........coeeeererneeerennnns -0.1 | Highly automated...........coevverernreenereenenne -0.1
NOIME CrEW......cveveireieieeeece s 0 | NOMINAL.....ciiirceneee e 0
Mixed eXPErience.......cccourrmrrernreeererenes FO.1 | LOWeeiiiicee e +0.1
Relatively inexperienced..........cccoeveunnee. F0.2 | VEY LOW..oooiciiceceececeee e +0.2
PRODUCT FAMILIARITY COMPLICATING FACTORS

Familiar type of product...........c.cccoerenrenee -0.1 | New Language.........ccccovermrvrreienmeenesneeenees +0.2
Normal, new product...........cccceeveevevveresienns 0.0 | Changing requirements...........cccccevverereenene +0.2
New Line of buSINess.........cccooeevrenercreenne +0.2

Table 2.7. Complexity Adjustment Factors

PRICE-S also uses “software tools’ as one of the environmental factors to estimate
the normal schedule. Since its value is aggregated into the complexity value, it is difficult
to individually evaluate the impact of CASE tools on the software development

productivity.

2.1.5 Softcost

Softcost is a mathematical resource and schedul e estimation model developed by Dr.
Robert Tausworthe (1981) of the NASA Jet Propulsion Laboratory. This model borrows
the good features from a number of different software estimation models such as PRICE-
S, SLIM, Waltson-Felix and so on. Softcost uses 68 parameters which relate to
productivity, duration, staffing level, documentation, and computer resources. It uses
another 69 parameters to apply the estimated effort, staff, and duration to a Work

Breakdown Structure (WBS). It applies a modification of Putham’s SLIM to check on the
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feasibility of resource estimates. The main outputs of the model are effort, schedule, staff

productivity, computer resources, staffing, and documentation.

SoftCost-R was devel oped to be applicable to all types of projects as a modification
of the Softcost model (D. Reifer, PKane, & D.Willens, 1989). As a part of family of
model, SoftCost-Adawas developed to match the object-oriented and reuse paradigm (D.
Reifer, PKane, & T. Pillsbury, 1989). A key input of SoftCost-R issize, either in SLOC or
computed SLOC from function points. It aso provides a more sophisticated sizing
submodel. The SoftCost-R uses four categories (product, computer, personnel, and
project) of parameters like COCOMO. However, it uses more than thirty unique
parameters such as peer review, customer experience, and degree of standardization. The
mathematical representation of the effort equation in the model is shown as the following.

(EQ5)
Effort = GAMMA [P, (A, [A, ({Size))®

Where
GAMMA: Application domain specific effort calibration
Po: Constant factor calculated from calibrated values

Aq: Reifer cost drivers  A,: Productivity adjustment factors
B: Calibrated effort exponent

SoftCost-R uses two tool-related cost drivers, Use of Software Tool SEnvironment

and Software Tool/Environment Sability which are parts of A, in (EQ 5). RCI (Reifer

Consultants, Inc.) has found that these factors are highly correlated. The SoftCost-R
accounts for this correlation using the matrix in Table 2.8 for the adjustments of estimates.

SoftCost-R captures the productivity impact of software tools/environment on effort
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through those factors. However, it does not take into account the maturity of tools and user

support from software vendors.

Software Tool/ Use of Softwar e ToolsEnvironment

Environment X - X X
Stability Very Low Low Nominal High Very High | ExtraHigh

Very Low 1.19 1.16 112 1.08 1.00 1.00

Low 113 1.10 1.07 1.00 0.94 0.90

Nominal 1.90 1.06 1.00 0.95 0.91 0.87

High 1.50 1.00 0.96 0.92 0.89 0.85

Very High 1.00 0.96 0.91 0.89 0.85 0.79

Table 2.8. Use of Software Tools and Software Tool/Environment Stability Matrix

2.1.6 COCOMO

COCOMO (Constructive Cost Model) is a software estimation package of three
models (Basic, Intermediate, and Detailed) proposed by Barry Boehm, B. W. (Boehm, B.
W., 1981). The Basic COCOMO provides quick, early, rough-order of magnitude effort
and schedule estimates in the early stage of the project development without considering
the project factors that account for the differences in hardware constraints, personnel
quality and experience, use of modern tools and techniques, and other attributes known to
have a significant influence on software costs. The Basic COCOMO effort equation is a
non-linear function of the project size shown in (EQ 6). A (Coefficient) and B (Exponent)
take different values according to the development modes such as organic, semi-detached,
and embedded which explains the differences in organizational understanding of the

project, experience in working with related software system, project size range and so on.
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(EQ6)

Effort = A(Size)®

The Intermediate COCOMO is a compatible extension of the Basic COCOMO. It
uses an additional 15 predictor variables called Cost Drivers or Effort Multipliersin Table
2.9 which have an influence on software development effort and schedule. The cost
drivers are multiplicativesin (EQ 7) to adjust a nominal estimate that does not reflect the

project attributes.

(EQ7)
15
Effort = A(Size)® [1EM

i=1

The Detailed COCOMO accounts for the impacts of the cost drivers on the efforts
from different in the development lifecycle. It provides phase-sensitive effort multipliers
used to determine the required effort for each phase and a three-level product hierarchy
(module, subsystem, and system levels) to avoid tedious and repetitive inputs of cost

driversfor different product components in the Intermediate COCOMO.

Product: Platform:

Required Software Reliability (RELY) Execution Time Constraint (TIME)

Database Size (DATA) Main Storage Constraint (STOR)

Product Complexity (CPLX) Virtual Machine Volatility (VIRT)
Computer Turnaround Time (TURN)

Table 2.9. COCOMO Cost Drivers
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Personnel: Project:

Analyst Capability (ACAP) Use of Modern Programming Practice (MODP)
Application Experience (APEX) Use of Software Tools (TOOL)
Programmer Capability (PCAP) Required Development Schedule (SCED)

Virtual Machine Experience (VEXP)
Programming Language Experience (LEXP)

Table 2.9. COCOMO Cost Drivef§ontinued)

The Intermediate COCOMO and the Detailed COCOMO have a cost driver caled
TOOL to assess the impact of CASE tools on software productivity. The TOOL rating
scale provides a categorization of the typical set of tools available at each level: Very Low,
Low, Nominal, High, and Very High. However, the rating scale requires some kind of
judgement to rate any particular set of tools and the quality/degree of the tool

environment.

Ada COCOMO is an updated version of COCOMO to determine the effect of Ada
and the Ada process model on software development efforts and schedules (Boehm, B. W.
& Walker Royce, 1989). The effort equation of the model is shown in (EQ 8). Unlike the
COCOMO, it uses the Ada process model factor for the scaling effect on project effort
rather than a fixed exponent value. The Ada process model factor has four elements:
experience with the Ada process model; design thoroughness. unit package specs
compiled, bodies outlined; risks eliminated by PDR; and requirements volatility during
development. Each element has a scale from 0.00 to 0.05. The Ada COCOMO uses 18
cost drivers rather than 15 cost drivers used in COCOMO. It adds two new cost drivers,

Required Reusability (RUSE) and Classified Security Application (SECU). The Virtual
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Volatility (VIRT) of COCOMO is splitted into host volatility (VMVH) and target
volatility (VMVT).

(EQ9)

104+ W 18
Effort = 2.8(Size) Dl—l EM,
i=1

The TOOL cost driver of COCOMO is extended with two additional rating levels:
Extra High and XX-High to reflect more fully populated and integrated tool sets. Table

2.10 shows the differences between the TOOL rating values in COCOMO and Ada

COCOMO.
Ada
Rating Level Rating Scale COCOMO COCOMO
Very Low Very few, primitive tools 124 1.24
Low Basic micro tools 1.10 1.10
Nominal Basic mini tools 1.00 1.00
High Basic maxi tools 0.91 0.91
Very High Extensive tools, little integration 0.83 0.83
ExtraHigh Moderately integrated environment (UNIX) 0.73
XX High Fully integrated environment 0.62
Productivity Range 1.49 2.00

Table 2.10. TOOL Ratingin COCOMO and Ada COCOMO

COCOMO has been updated to COCOMO |l since 1994 to address the issues on
non-sequential and rapid development process, reengineering, reuse-driven approach, and

so on. The COCOMO Il has three submodels: Application Composition, Early Design,
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and Post Architecture, to deal with the current and future software marketplace.

COCOMO Il will be discussed later in more detail.

2.1.7 Overall Summary of Cost Estimation M odels

Most of the software estimation models described in previous sections consider the
effect of CASE tools as one of the project factors to predict an adjusted project effort.
Since some models are proprietary, it is difficult to know the application of the tool-related
factors in the assessment of the impact and the productivity ranges in their model. Even
though many studies and much evaluation criteria have emphasized the importance of the
tool maturity and user support, al of the software estimation models do not capture CASE
tool impacts of those factors on the software development effort to predict an accurate
effort estimate. Table 2.11 summarizes the productivity dimensions the software

estimation models support on the basis of CASE tools.

While SLIM and COCOMO do capture the influence of CASE tools activity
coverages and integration on estimating project efforts as shown in the Table 2.11, the rest
of the models capture the impact of CASE tools on the basis of only Completeness of
Activity Coverage. As mentioned earlier, their productivity dimensions are aggregated
into one of the environmental factors. Thereby, it is difficult to assess the individua

productivity impact.
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SLIM Jensen Checkpoint PRICE-S Softcost COCOMO

“use of sofware Yes Yes Yes Yes Yes Yes
tools”

Completeness of

Activity Coverage No No Yes No Yes Yes
Degree of Tool
Integration No No Yes No No Yes

Tool Maturity and
User Support No No No No No No

Table 2.11. Summary of Cost Estimation Models

2.2 Tool Impact on Software Productivity

Besides the software cost estimation models mentioned earlier, there has been alot
of research efforts to assess the impact of CASE tools on software development
productivity. The two survey result shown in Figure 2.3 conducted on users of the ITE
(Index Technology’s Excelerator) product shows that users gain an average of 30- to 40-
percent productivity improvement in the analysis/design phases and 11- to 14-percent
improvement in the maintenance phase by using ITE product environments (Elliot J.
Chikofsky & Burt L. Rubenstein, 1988). But many of the user organizations report that
their key goa of using CASE toolsis in quality improvement of the developed systems.
They can find errors/ inconsistencies and refine specifications easily in the earlier stages
of the production life cycle. This leads to the productivity improvement by automated

error and incosistency checking.
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35 31985 survey

25 W 1986 survey

Figure 2.3. Productivity Improvement in alifecycle phases

The survey of users on 22 different projects conducted at 14 companies in Europe
analyzed the degree of facilitating project tasks supported by the CASE environment
EPOS. All degreesin the lifecycle phases have positive values from 0.0 to 1.25 on a scale
of -2 (much harder) to +2 (much easier) indicating higher productivity as shown in Figure
2.4. It shows the average degree for a whole lifecycle phases has a high value of 0.74
(Peter Lempp & Rudolf Lauber, 1988). The use of CASE tools for project management

and control has the highest relative productivity gain throughout the whole lifecycle.
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A. Definition of requirements

B. Rough conceptual design, development of
sub-system/software requirements

C. Feasibility study

D. System Design.

E. Development of the software in source
code

F. Program coding, integration, verification,
validation & test

G. Project management and control

H. User and system documentation

I. Coordination and communication b/w team
members

K. Control of change-related problems

Figure 2.4. Degree of facilitating project tasks (indicating higher productivity)

In (Caper Jones, 1998), the maximum positive and negative productivity impacts of

technology adjustment factors which affect predicting project effort are presented. Table

2.12 shows a part of the result focusing on CASE tool productivity impact. It indicates that

negative results are much larger than those of the positive results for technical CASE

tools. That means it is easier to make mistakes and lower the productivity when an

inappropriate tool set is used.

Positive, Plus Negative, Minus
Factor Range (%) Range (%)
Management tools 30 -45
Technical CASE tools 27 -75
Quality estimating tools 19 -40

Table 2.12. Impact of Software Tools on Productivity
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3.0 COCOMO Il and CASE Classification
3.1 COCOMO Il and Its Database

The COCOMO Il is one of the most popular and widely-adopted software cost
estimation models. It has been updated from the original COCOMO (Boehm, B. W., 1981)
and its Ada successor (Boehm, B. W. & Walker Royce, 1989) in order to address the
issues on new process models and capabilities such as concurrent, iterative, and cyclic
processes; rapid application development, COTS (Commercia-Off-The-Shelf) integration
and software maturity initiatives. The COCOMO |1 research effort targets the estimation
of software projectsin the 1990's and 2000's. The definition and rationale are described in
(Boehm, B. W. et d., 2000). The initial definition of the model has been refined as actual

project data points are collected and analyzed.

The COCOMO Il provides a talorable mix of three submodels: Application
Composition Model, Early Design Model, and Post-Architecture Model. These are
consistent with the granularity of the available information in a software development
lifecycle in order to support software estimation. The Post-Architecture model estimates
the effort and the schedule involved in the development and maintenance of a software
product after the lifecycle architecture of the software product is established. It is the most
mature model among the three models and has been calibrated for more accurate
estimation. This chapter discusses the Post-Architecture Model and the analyzed result of

the COCOMO |1 database focusing on the TOOL effort multiplier. It also describes a
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classification of available CASE tools and technologies based on the breadth of coverage

in a software development lifecycle.

3.1.1 COCOMO Il Post Architecture Model

The COCOMO |1 Post-Architecture model isthe most detailed model and is applied
when the system architecture is developed. It can be used in sectors of the future software
marketplace shown in Figure 3.1 such as Application Generators, System Integration or
Infrastructure to provide the estimates of effort and schedule for the actual development
and maintenance of a software project (Boehm, B. W. et a., 2000). This model has about

the same granularity as the intermediate model of the origina COCOMO and Ada

COCOMO models.
User progranming
(56M pafamersin USinyear 2006)
S/dem
Applicetion | Application conpasition | integration
generetors (0.6M) o) o)
\ Infrastructure (0.75M) /

Figure 3.1. The Future of Software Market Place

29



(EQ 9) is the base model for COCOMO Il Early Design and Post-Architecture
models. Many of software estimation models mentioned in Chapter 2 use this equation to
support linear and non-linear effects of the project factors. The effort estimate of the
COCOMO Il isexpressed in terms of a Person Month (PM), which is the amount of time
one person spends for the project in one calendar month. The key inputs for the base
model are the Size of the developing software project, a constant A, and a scale factor B.
The COCOMO |1 uses Object Points (Banker R., Robert J. Kauffman, & Rachna Kumar,
1992), Source Lines of Code (Robert E. Park, 1992), and Unadjusted Function Points
(IFPUG, 1994) with modifiers for reuse, adaptation, and software breakage as sizing
methods. The multiplicative constant, A, captures the linear effects of effort as the project
sizeincreases. It is also used to calibrate the model for a better fit.

(EQ9)

PM = Ax(Size)®

nominal

The B in (EQ 9) isthe exponential factor that accounts for the relative economies or
diseconomies of scale in different size of software projects. For example, if B < 1.0 and

the project size is doubled, then the effort for the project is less than doubled.

If B < 1.0: Economies of scale.
If B = 1.0: Economies and Diseconomiesin balance.
If B > 1.0: Diseconomies of scale.

The three modes of the originad COCOMO (Organic, Semi-detached, and

Embedded) respectively have different exponents: 1.05, 1,12, and 1.20. The scaling
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models in those three modes exhibit the diseconomies of scale. The exponent B of Ada
COCOMO varies from 1.04 to 1.24, depending on the project’s progress in reducing
diseconomies of scale via early risk elimination, solid architecture, stable requirements,
and Ada process maturity. It also displays the diseconomies of scale as the project size
increases. The detailed information about the economies and the diseconomies of scaleis

available in (Banker R., Chang, & C. Kemerer, 1994).

The COCOMO |1 uses five scale factors such as precedentedness, development
flexibility, architecture/risk resolution, team cohesion, and process maturity that combines
the original COCOMO and Ada COCOM O scaling approaches into a single rating-driven
model. The scale exponent B is determined viathe formula shown in (EQ 10).

(EQ 10)
5
B = 091+001x Y SF,
i=1

The list of those scale factors is shown in Table 3.1. The Precedentedness (PREC)
and the Development Flexibility (FLEX) capture the differences in the three modes
(Organic, Semi-detached, and Embedded) of the origina COCOMO (Boehm, B. W.,
1981). The Architecture/Risk Resolution (RESL) is the scale factor that combines Design
Thoroughness and Risk Elimination by Product Design Review (PDR) in the Ada
COCOMO (Boehm, B. W. & Walker Royce, 1989). The Team Cohesion (TEAM) captures

the difficulties in the cooperation of the project stakeholders such as user, customer,

developer, etc. The Process Maturity (PMAT) replaces the Ada COCOMO process
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maturity factor with the Software Engineering Institute's CMM (Capability Maturity
Modédl) level (Paulk, M. C. et al., 1993). There are two ways to determine the rating of the
Process Maturity. The first oneis based on overall maturity level. The second oneis based
on 18 Key Process Areas (KPAS) in the SEI CMM. The detailed procedure to determine

the rating of the PMAT is described in (Boehm, B. W. et al., 2000).

Sym Extra
. Scale Factors Very Low Low Nominal High Very High High

SF; | Precedentedness thor- largely somewhat | generaly largely thor-

(PREC) oughly unprece- prece- familiar familiar oughly
unprece- dented dented familiar
dented

SF, | Development rigorous occasional | some general somecon- | genera
Flexibility relaxation relaxation conformity | formity goas
(FLEX)

SF3 | Architecture/Risk | little some often generally mostly full
Resolution (20%) (40%) (60%) (75%) (90%) (100%)
(RESL)

SF, | Team Cohesion | very diffi- | somediffi- | basically largely highly seamless
(TEAM) cult inter- cultinter- coopera- coopera coopera- interac-

action action tiveinter- tive tive tions
action

SFs | Process Matu- CMM 1 CMM 1 CMM 2 CMM 3 CMM 4 CMM 5
rity (PMAT) (Lower) (Upper)

or an average of KPA Goal Compliance

Table 3.1. Scale Factor Ratings of the COCOMO 11

The COCOMO Il uses the Effort Multiplier (EM), (or Cost Drivers) to capture the
characteristics of the developing software project to adjust the nomina effort estimate
predicted via the formula in (EQ 11). The adjusted effort formula for the COCOMO |l

Post Architecture modedl is as follows;
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(EQ 11)

17
I:)Madjusted = I:)Mnominal x I_l EMi
i=1

The Post Architecture has 17 Effort Multipliers that have a multiplicative effect on
the effort estimation, while Early Design Model has 7 Effort Multipliers. Those Effort
Multipliers are grouped into 4 categories. Product, Platform, Personnel, and Project.
Table 3.2 shows the list of Effort Multipliers and a short description of those multipliers,
which take advantage of the greater knowledge available in the development stage of a

software lifecycle.
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Effort

Category Sym. Multiplier Description

EM4 Required Soft- Thisis the measure of the extent to which the software must perform
ware Reliability itsintended function over a period time. If the effect of a software
(RELY) failure isonly dight inconvenient, then RELY islow. If afailure

would risk human life, then RELY isvery high.

EM, Database Size This measures attempts to capture the effect large data requirements
(DATA) have on product development. The reason the size of the database is

important to consider it because of effort required to generate the test
data that will be used to exercise the program.

EM3 Product Com- Thisisdivided into five areas: control operations, computational

Product plexity (CPLX) | operations, device-dependent operations, data management opera-
tions, and user interface management operations. Select the area or
combination of areasthat characterize the product or a sub-system of
the product. The complexity rating is the subjective weighted aver-
age of these aress.

EM,4 Required Reus- This accounts for the additional effort to construct components
ability (RUSE) intended for reuse on the current or future projects. This effort is

consumed with creating more generic design of software, more elab-
orate documentation, and more extensive testing to ensure compo-
nents are ready for use in other applications.

EMg Documentation The rating for this cost driver is evaluated in terms of the suitability
match to life- of the project’s documentation to its life-cycle needs. The rating
cycle needs scale goes from Very Low (many lifecycle needs uncovered) to Very
(DOCU) high (very excessive for life-cycle needs)

EMg Execution Time | Thisisameasure of the execution time constraint imposed upon a
Constraint software system. The rating ranges from nominal (less than 50%) of
(TIME) execution time resource used, to extra high (95%) of execution time

resource is consumed.

EM< Main Storage Thisrating represents the degree of the main storage constraint
Constraint imposed on the software system or subsystem. the rating ranges from

Platform (STOR) nominal (less than 50%) to extra high (95%)

EMg Patform Volatil- | “Platform” is used to mean the complex of hardware and software

ity (PVOL) (OS, DBMS, etc.) the software product calls on to platform its tasks.

The platform includes any compilers or assemblers supporting the
development of the software system. This rating ranges from low,
where there isamajor change every 12 months, to very high, where
thereis major change every two weeks.

Table 3.2. Post Architecture Effort Multipliers




Effort

Category Sym. Multiplier Description
EMg Analyst Capabil- | Analysts are the personnel that work on the requirements, high level
ity (ACAP) design and detailed design. The magjor attributes that should be con-
sidered in thisrating are Analysis and Design ability, efficiency and
thoroughness, and the ability to communicate and cooperate. The
rating should not consider the level of experience of the analy<t; that
israted with APEX. Analyststhat fall in the 15th percentile are rated
very low and those that fall in the 95th percentile are rated as very
high.
EMqo | Programmer The evaluation of this cost driver should be based on the capability
Capability of the programmers as ateam rather than asindividuals. Mgjor fac-
(PCAP) tors which should be considered in the rating are ability, efficiency
and thoroughness, and the ability to communicate and cooperate. the
experience of the programmer should not be considered here; itis
Per sonnel rated with APEX. A very low rated programmer team isin the 15
percentile and a very high rated programmer team isin the 95th per-
centile.
EMq; | Application Thisrating is dependent on the level of applications experience of
Experience the project team devel oping the software system or subsystem. The
(APEX) ratings are defined in terms of the project team’s equivalent level of
experience with thistype of application. A very low rating isfor
application experience of lessthan 2 months. A very highrating is
for experience of 6 years or more.
EMq, | Platform Experi- | Thiscost driver captures the importance of understanding the use of
ence (PLEX) more powerful platforms, including graphic user interfaces, data-
base, networking, and distributed middleware capabilities.
EM,3 | Languageand Thisis ameasure of the level of programming languages and soft-
Tool Experience | ware tool experience of the project team devel oping the software
(LTEX) system or subsystem. A low rating is given for experience of less
than 2 months. A very high rating is given for experience of 6 or
more years.
EMq,4 | Personnel Conti- | Therating scale for PCON isin terms of the project’s annual person-
nuity (PCON) nel turnover: from 3%, (very high), to 48%, (very low).

Table 3.2. Post Architecture Effort Multipliers (Continued)
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Effort

Category Sym. Multiplier Description

EMq5 | Useof Software | Thetool rating ranges from simple edit and code, (very low), to inte-
Tools (TOOL) grated lifecycle management tools, (very high).

EMq | MultisiteDevel- | Determining this rating involves the assessment and averaging of
opment (SITE) two factors: site collocation (from fully collocated to international

Project distribution) and communication support (from surface mail and
some phone access to fully interactive multimedia)

EMq7 | Required Devel- | Thisrating measures the schedule constraint imposed on the project
opment Sched- team devel oping the software. The ratings are defined in terms of the
ule (SCED) percentage of schedule stretch-out or accel eration with respect to a

nominal schedule for a project requiring a given amount of effort.
Accelerated schedules tend to produce more effort in the later phases
of development because moreissues are | eft to be determined due to
lack of timeto resolve them earlier. A schedule compression of 74%
israted very low. A stretch-out of a schedule produces more effort in
the earlier phases of development where there is more time for thor-
ough planning, specification and validation. A stretch-out of 160% is
rated very high.

Each Effort Multiplier for the Post-Architecture Model has a set of six qualitative

rating levels from Very Low to Very High. The nominal rating for an Effort Multiplier is

Table 3.2. Post Architecture Effort Multipliers (Continued)

set to 1.0. Off-nominal values generally change the estimated effort. For example, if an

EM weight isless than 1.0, it causes a reduction in the development effort for the project.

The production of al 17 Effort Multiplier rating values is multiplied by the nominal effort

estimate as shown in (EQ 11) in order to produce an adjusted effort estimate. Since this

research is based on the COCOMO Il Post-Architecture model, the 5 scale factors and 17

Effort Multipliers are used as the predictors of a statistical research model except that the

extended new three dimensional tool rating scales discussed later are used instead of the

COCOMO |1 one dimensional TOOL rating scale.
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3.1.2 Analysisof the COCOMO Il Database

The COCOMO Il Post-Architecture model has been calibrated using actual project
data collected from the affiliates of the Center for Software Engineering at the University
of Southern California (USC-CSE) like other parametric software estimation models
mentioned earlier. Those affiliates represent Commercial, Aerospace, Government, and
FFRDC (Federally Funded Research and Development Centers) organizations. The initial
calibration for COCOMO 11.1997 was performed with 83 actual projects by using a 10%
weighted multiple regression approach, which used 10% of the data-driven and 90% of the
expert-judged values for the cost drivers (Bradford Clark, Sunita Chulani, & Boehm, B.
W., 1998). Since the initial calibration, the size of the COCOMO I database has grown
from 83 project data to 161 project data. The USC-CSE performed another round of
calibration known as COCOMO 11.1998 with the 161 project data by using a more
sophisticated Bayesian approach to alleviate the problems caused by imprecise sizing,
effort, and cost driver inputs in the 10% weighted multiple regression approach. The more
detailed information on the COCOMO Il Bayesian analysis is described in (Sunita

Chulani, Boehm, B. W., & Bert Steece, 1999).

The datain the COCOMO Il database is recorded from a data collection form asking
guestions regarding size, effort, schedule, 5 scale factors, 17 effort multipliers and quality
information of the completed projects (USC-CSE, 1999). For the size input to the Post-
Architecture model, Source Lines Of Code (SLOC) (Robert E. Park, 1992) or Unadjusted

Function Points (UFP) (IFPUG, 1994) can be used as a counting method. Also, the size
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input can be adjusted for breakage effects, adaptation, and reuse with the modifiers: the
percentage of design modified (DM); the percentage of code modified (CM); the
percentage of modification to the original integration effort required for integrating the
reused software (IM); software understanding (SU); unfamiliarity with the software
(UNFM); and assessment and assimilation (AA). The unit for the Software size is
thousands of source lines of code (KSLOC). A frequently asked question is what defines
source lines of code or Unadjusted Function Points. Even if the COCOMO |1 Model
(Boehm, B. W. et a., 2000) defines logical lines of code, the collected data exhibits local
variations in the interpretation of the counting rules. For the effort input, the COCOMO 11
uses a Person Month, which is 152 hours a month as the input unit. Since different
organizations have different definitions of PM, this information is transformed using
PM (152 hrs/month). Figure 3.2 shows the distributions of software size and actual effort

of 161 projectsin the COCOMO I database.
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Figure 3.2. Distribution of Sizeand Actual Effort for the COCOMO 11.1998 161 dataset
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The histograms in Figure 3.2 indicate that the distributions of Size and Effort are
very positively skewed to the right. This asymmetry is caused because the sample means
of Size and Effort are much larger than the medians of Size and Effort as shown in Table

3.3.

Mean Median

Size 130.87 46.92

Effort 711.20 195.00

Table 3.3. Mean and Median Valuesfor Size and Effort

For the scale factors and Effort Multipliers, the COCOMO |l uses a rating scale
ranging from Very Low to Extra High. Figure 3.3 shows the distribution of the TOOL
rating scale that captures the productivity differences of CASE tools. This histogram is

also skewed to theright (i.e. the dispersion is weak at the high end).
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The Bayesian Approach for COCOMO 11.1998 Bayesian calibration (Sunita
Chulani, Boehm, B. W., & Bert Steece, 1999) uses the a-priori (expert-judgment)
information and sample (data-driven) information to determine the posteriori distribution
for the model parameters. The weighted values for the two sources of information are
assigned according to their variance (or precision). That is, if the variance of a-priori
information is larger than that of sample information, a higher weight is assigned to the
sample information. Figure 3.4 shows how the posteriori productivity range (ratio
between the least productive parameter rating and the most productive parameter rating)
for the TOOL (use of software tools) rating is determined using the two sources of
information. In this case, a higher weight is assigned to the lower-variance sample
information causing the posteriori mean to be closer to the sample mean. The t-value
2.4888 in Figure 3.4 is the ratio between the estimate and corresponding standard error in
the log-transformed regression analysis for 161 project data. It shows that the predictor
TOOL has statisticaly a strong significance (t-value > 1.96) in estimating the effort of
software development. The practical interpretation of this result is that “increasing tool
coverage makes a statistically significant difference in reducing software development
effort, even after normalizing the effects of other variables such as process maturity. Given
that previous anecdotal data still generates controversy on this point (Terry Bollinger,

2000; Bill Curtis, 2000), thisis avaluable result.
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The productivity ranges for al parameters used in the COCOMO Il Bayesian
calibration is illustrated in Figure 3.5. This Figure delivers an overall perspective on the
relative software productivity ranges. The productivity range for the TOOL parameter

shows arelatively high-payoff in a software productivity improvement activity.
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As mentioned earlier, the COCOMO Il Bayesian approach uses a multiple
regression method to derive sample information from the COCOMO || database. The
multiple regression method will be discussed later in detail. In the COCOMO Il model,
PM (Person-Month) is a response variable (or dependent variable). 5 Scale Factors, 17
Cost Drivers, and Project Size are predictor variables (or independent variables). The
definition of those variables goes beyond this research. If a predictor variable in the model
is not independent of other independent variables, it is very difficult to determine the
contribution of the independent variable to software productivity activities. Figure 3.6
shows the correlations of other cost drivers, Size, and PM with the TOOL rating scale. All
correlations of the variables with the TOOL rating are smaller than 0.45. That means the

TOOL rating is largely orthogonal to other variables in the model.
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3.2 Software Tools Classification by Lifecycle Activity

The proliferation of CASE tools has compelled researchers in the CASE field to
focus on the classification to provide a conceptual basis for the evaluation of software
tools. However, it is a very difficult task to understand what tasks are supported by a
software tool in a development lifecycle and to compare it to similar kinds of tools
because there are inconsistent definitions for CASE technology. In this section, severd
classifications of CASE tools are discussed and an activity-based classification is
suggested, which provides a much clearer definition of the breadth of CASE tools in the

software development phases.

Sommerville addresses the possible classification dimensions such as Functionality,
Process Support, and Breadth of Support with which tools can be partitioned into classes
for easy assessment and comparison (lan Sommerville, 1995). Those possible
classification dimensions are explained as the following:

Functionality: What functions are supported by tools?

Process Support: What process phases are supported by the CASE technology? Tools
can be classified as design tools, programming tools, maintenance tools and so on.

Breadth of Support: What is the extent of process activity supported by the
technology? Narrow support means support for very specific tasks in the process

such as an entity-relation diagram, compiling a program, etc. Broader support

43



includes broader support for process phases such as design with the most general

support covering all or most phases of the software.

He proposed an activity based classification in Figure 3.7 which shows the process
phases supported by a number of different types of CASE tools. While CASE tools for
planning and estimating, text editing, document preparation and configuration
management may be used throughout the software process, other tools support one or two

specific phasesin the production lifecycle.

Test data generation tools *
Modeling & simulation tools * *
Program transformation tools
Interactive debugging systems
Program anadysistools
Language-processing tools
Method support tools *
User interface management system
Data dictionary tools

Diagram editing tools

Prototyping tools

Configuration management tools
Document preparation tools

Text editing tools

Planning & estimation tools

* X X ok
E I R
*

EE

EE R

E
E

* *

Specification Design Implementation Verification & Validation
Figure 3.7. Sommerville's Activity-based classification

Forte, G. and McCully, K. (1991) proposed a taxonomy of CASE tools which has
two levels. Thefirst level of the taxonomy classifies CASE tools by the domains such as
application areas targeted by the tool, tasks supported in the development lifecycle,
method and notations, hardware platform, operating systems, databases and transaction

processing subsystems supported by tool, etc. The second level specifies attributes for



each domain in two main classes (vertical and horizontal tools) according to development
tasks shown in Figure 3.8. While vertical tools support tasks in a specific lifecycle phase

or activity, horizontal tools cover tasks throughout the development lifecycle.

Planning | Anayss Design Construction Testing Maintenance

Project Management

Process/Quality Assurance

Workgroup and persona productivity

CASE environment

Documentation

Figure 3.8. Development tasksin Forte and McCully’s classification

Pressman suggested a taxonomy of CASE tools which can be categorized by
function, by their role as instruments for managers or technical people, by their use in the
various steps of the software engineering process, by the environment architecture, and by
their origin or cost (Roger S. Pressman, 1992). The categories of the taxonomy are the
following:

Business Systems Planning Tools: Toolsin this category provide a“Metamodel” from
which specific information systems are derived by modeling the strategic
information requirements of an organization.

Project Management Tools: This category encompasses CA SE tools, Project planning
tools, Requirement tracing tools, Metrics tools, Estimation & Scheduling tools,

etc.
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Support Tools: This category encompasses systems and application tools that
complement the software engineering process, Documentation tools, System
software tools, Database tools, etc.

Analysis & Design Tools: Tools in this category enable a software engineer to create a
model of the system to be built. Those tools are structured analysis/design tools,
Prototyping/Simul ation tools, Interface Design/Devel opment tools.

Programming Tools: This category encompasses compilers, editor, and debuggers
which are available to support most conventional programming languages. In
addition, object-oriented programming environments, 4th generation coding tools,
application generators, and database query languages also reside within this
category.

Integration & Testing Tools. This category includes three sub categories such as static
analysis tools, dynamic analysis tools, and test management tools which are most
widely used.

Prototyping Tools: Any tool that supports prototyping which isawidely used software
engineering paradigm.

Maintenance Tools: The maintenance tools category can be subdivided into the
following functions:

Reverse Engineering Tools - takes source code as input and generates graphical
structured analysis and design models, where-used lists, and other design

information.
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Code restructuring and analysistools - analyze program syntax, generate a control

flow graph, and automatically generate a structured program.

Re-engineering tools - used to modify on-line database systems (e.g., IDMS or

DB2 filesinto entity-relationship format)

Framework Tools: Software tools in this category provide database management,

configuration management, and CA SE tools integration capabilities.

Alfonso Fuggetta (1993) classified CASE products in the product-process

technology according to breadth of their support. He partitioned CASE tools into three

categories: Tools, Workbenches, and Environments. The first category, Tools, support only

specific tasks in the software-production process. The classes of the category are shown in

Table 3.4.
Class Subclass
Editing Graphical editors, Textural editors
Programming Coding and debugging, Code generators, Code restructurers

Verification & Validation

Static/Dynamic analyzers, Comparators, Symbolic executors, Emulators/Simul ators,
Correctness proof assistants, Test case generators, Test management tools

Configuration management

Configuration- and version management tools, Configuration builders, Change-control
monitors, Librarians

Metrics & measurement

Code analyzers, Execution monitors/timing anayzers

Project management

Cost-estimation tools, Project-planning tools, Conference desk, E-mail, Bulletin
boards, Project agenda, Project notebooks

Miscellaneous tools

Hypertext systems, Spreadsheets

Table 3.4. Classes of CASE Tools
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The second category, Workbenches, support one or a few software process activities
by integrating several tools in a single application. This category is partitioned into eight

classes of Workbenches:

1. Business planning & modeling: This class of Workbenches includes products to
support the identification and description of acomplex business. They are used
to build high-level enterprise models to assess the general requirements and
information flows, and identify priorities in the development of information
systems. (e.g. PC Prism)

2. Analysis & design: Products in this class automate most of the analysis and
design methodologies such as structured analysis/design, object-oriented
analysigdesign, and the Jackson System Development. (e.g. Exelerators,
Statemate, SIP, etc.)

3. User interface development: This class of Workbenches does not help with
specific process activities but rather user-interface design and development.
(e.g. HP Interface Architect, DEC VUIT)

4. Programming: The Workbenches in this class support programming activities
including compiling and debugging in a integrated form of a text editor, a
compiler/linker, and a debugger. (e.g. CodeCenter)

5. Verification & validation: Productsin this Workbenches help module and system
testing. They integrate tools from both the metrics/measurement class and the

verification/validation class. (e.g. Battlemap, ACT, Logiscope, €tc.)



6. Maintenance & reverse engineering: Tools used for development are used for
maintenance to modify requirement specification, design, and source code.
Also, testing procedures are required. Tools for reverse engineering that
support the extracting system information and design information out of the
existing system are code restructurers, flow charters, and a cross-reference
generators. (e.g. Recorder, Rigi, Hindsight, SmartSystems, Ensemble, etc.)

7. Configuration management: The Workbenches in this class integrate tools
supporting version control, configuration building, and change control. (e.g.
HP Apollo, DSEE, SCCS, etc.)

8. Project management: This Workbenches includes tools that support specific
project-management activities such as planning, task-assgnment, and

schedule-tracking. (e.g. Coordinator, DEC Plan, Synchronize, etc.)

The last category, Environments, supports al or at least a substantial part of the
software process with a collection of Tools and Workbenches. This category is divided into
five classes, Toolkits, Language-centered environments, Integrated environments, Fourth

generation environments, and Process-centered environments.

Toolkits are loosely integrated collections of products easily extended by
aggregating different tools and workbenches. Toolkits are environments
extended from basic sets of operating-system tools. (e.g. Unix Programmer’s

Work Bench and VMS VAX Set)
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Language-centered environments are development environments for specific
languages. The main drawback of a language-centered environment is that it
may not be feasible to integrate code in different languages. (e.g. Interlisp,
Rational, KEE, and Smalltalk)

Integrated environments operate using standard mechanisms with some
limitations. All products in an environment share data through the repository
concept. (e.g. IBM AD/Cycle, DEC Cohesion)

Fourth-generation environments are a subclass of integrated environments and sets
of tools and workbenches supporting the development of a specific class of
programs such as electronic data processing and business-oriented
applications. (e.g. Informix 4GL and Focus)

Process-centered environments are based on formal definitions of software
processes and guide development activities by automating process fragments,
automatically invoking tools and workbenches, enforcing specific policies, and

assisting people in their work. (e.g. East, Enterprise |1, Process Wise, etc.)

Sommerville's and Forte & McCully’s classifications of CASE tools provide

conceptual bases in understanding tool supports of the entire software process. However,

they do not take into account mutual dependencies and relationships among CASE tools.

Pressman’s classification is based on the functionalities supported by CASE tools and

does not provide any help in understanding software process supports. This research

extends Fuggetta’s classification to provide a much clearer conceptual basis in
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understanding the breadth of supports which CASE tools offer in a software development
process. Figure 3.9 shows the classification of software tools, workbenches, and
environments in the current market. It gives a visual coverage of CASE tools in a
production process. Unlike Fuggetta's classification, it enumerates general tools and
technologies according to the breadth of their support in a lifecycle instead of specific

commercial CASE tools.
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Integrated Project Database (Repository, Library, Dictionary, etc.)
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Figure 3.9. Activity Cover age of Software Tools

51



4.0 Research Approach

This chapter starts with the description of the COCOMO Il 7-step modeling
methodology which will support the development of the research model that can explain
the effect of software tools on the project effort. This chapter suggests three dimensional
tool rating scales that reflect the completeness of activity coverage, degree of tool
integration, and maturity and user support of tools as a extension of the one dimensional
COCOMO Il TOOL rating scale. Based on those three tool rating scales, The behavioral
analysisresults are also described. This chapter also discuss the development of aresearch

model based on the modeling methodology.

4.1 COCOMO Il 7-Sep M odeling M ethodology

This section describes the COCOMO |1 modeling methodology which will support
the process of this research. The 7-step process of the methodology shown in Figure 4.1
has been used to develop COCOMO Il and other related models like COQUALMO
(COnstructive QUALIty MOdel) (Sunita Chulani & Boehm, B. W., 1999). This
methodology is adopted to develop the research model that explains the effect of CASE

tools on the production process effort.
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Step 1

Analyze existing lite rature

Step 2

Pe rform behavioral analysis

Step 3

Identify re lative sign ificance

Step 4

Perform expert-judgement

Delphi assessment,

fommulate a-priori model

Step o

Gathe r project data

Step b

Deterrmine Bayesian
A-Posteriori model

Step 7
Gather more data;
Refine model

A-PRIORI MODEL

+

SAMPLING DATA

A-POSTRIORI MODEL

Figure4.1. The seven-step modeling methodol ogy

Sep 1: Analyze literature for factors affecting the quantities to be estimated

Thefirst step in devel oping a software estimation model isin determining the factors

(or predictor variables) that affect the software attribute (or the response variables) being

estimated. This was done by reviewing existing literature and analyzing the influence of

software tools on development effort. The analysis led to the determination of three

relatively orthogonal and potentially significant factors: tool coverage, integration, and

maturity/support.

Sep 2: Perform behavioral analyses to determine the effect of factor levels on the

guantities to be estimated.
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This showed the behavioral effects of higher vs. lower levels of each factor on
project activity levels.
Sep 3: Identify the relative significance of the factors on the quantities to be estimated.

After athorough study of the behavioral analyses was done, the relative significance
and orthogonality of each tool factor was qualitatively confirmed, and rating scales were
determined for each factor (Section 4.2). Also, a candidate functional form fro a more
robust COCOMO Il TOOL parameter was determined. This is a weighted average of the
three individual ratings:

(EQD)
TOOL = b, TCOV + b, TINT + b, TMAT

by,b,,0520
b;+b,+b; =1

Sep 4. Perform expert-judgement Delphi assessment of quantitative relationships;
formulate a-priori version of the model.
Here, cost estimation experts from USC's COCOMO |1 Affiliates were convened in

a two-round Delphi exercise to determine a-priori values of the weight by, b,, and bs

(Section 5.1.1). This model version is based on expert-judgement and is not calibrated
against actual project data. But it serves as good starting point as it reflects the knowledge
and experience of expertsin the field.

Sep 5: Gather project data and determine datistical significance of the various

parameters.



Fifteen out of 161 projects in the COCOMO |1 database were found to have valid
rating levels for TCOV, TINT, and TMAT. Section 5.1.2 shows the resulting regression

analysis.

Sep 6: Determine a Bayesian A-Posteriori set of model parameters.

Using the expert-determined drivers and variances as a-priori values, a Bayesian a-
posteriori set of model parameters was determined as a weighted average of the a-priori
values and the data-determined values and variances, with weights determined by relative
variances of the expert and data-based results (Section 5.1.3), including covariance
effects.

Sep 7: Gather more data to refine model
Continue to gather data, and refine the model to be increasingly data-determined vs.

expert-determined.

4.2 Sep 1. Tool Rating Scales by Productivity Dimensions

In a software engineering process, the main goal of the use of tools is the
improvement of productivity and quality as mentioned earlier. In Chapter 3, what tasks are
covered by various tools in the production process was discussed. However, this
classification does not explain how much effort can be affected by the use of software
tools. Since this research focuses on the impact of software tools on the development

effort, this section suggests three different profiles that can evaluate CASE tool by
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productivity dimensions such as completeness of tool coverage, degree of tool integration,

and tool maturity & user support.

4.2.1 Completeness of Tool Activity Coverage (TCOV)

It is not an easy task to classify CASE tools by their functionalities that support
specific tasks in the development process, since alarge number of features are offered by
current CASE technology (STSC, 1995). However, it is necessary to partition the same
kinds of tools by their functionalities to explain differences in the productivity impact.
This section provides an extension of the COCOMO TOOL rating scale with currently

available CASE toolsin the software market.
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(5) OPTIMIZING
Innovative tools and technol ogies evaluated
and adopted into the organization

(4 MANAGED
Process improvement is driven by quantitative
analysis of metric data

(3) DEFINED

Tool standards are set across the organization

Local tool selection isbased on organizational standards
Repository for organizational data established
Corporate reuse library established

Metrics gathered based on organizational standards
Metrics stored in org. repository for trends, profiling
Organizational tools training standards established

(2) REPEATABLE

Project-level commonality in use of tools

Some team-oriented tool-to-tool integration performed
Some local metrics gathered/analyzed (level of effort)
Project standards on tool use specified

Training in use of project tools given

Some limited reuse of designs and code

(1) INITIAL

Individualistic, Craftsman-like approach used

No guidelines or standards in the use of tools

No metric gathered

No support of reuse

High quality product produced only by skilled craftsmen
Effective software production limited to small team

Figure4.2. Tool-use characteristicsat CMM Levels

Alan M. Christie (1993) addressed that there is a clear relationship between tool
functionality and the needs of a particular Key Process Area of the Capability Maturity
Model that defines five levels of process maturity and provides guidelines to improve the
maturity level. Figure 4.2 shows the view of the CASE technology/process relationship.
The SEI CMM lists the provision of appropriate resources (including tool support) as a

key process areain maturity levels 2 to 5. For instance, if aorganizationisat level 1, only
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limited amount of functionalities may be effectively employed. The higher an organization
isinthe CMM levels, the much broader set of CASE tools can be applied.

Table 4.1 provides a classification of currently available tool sets based on how
completely they support the given activities in the software process and how effectively
they support CMM Tool characteristics at each level. Like the COCOMO TOOL rating
scale, it aso requires a certain amount of judgement to determine an equivalent tool

support level.

Rating TCOV

Very Low Text-Based Editor

Basic 3GL Compiler

Basic library Aids

Basic Text-based Debugger
Basic Linker

L ow Graphical Interactive Editor

Simple Design Language

Simple Programming Support Library
Simple Metrics/Analysis Tool

Nominal Local Syntax Checking Editor

Standard Template Support Document Generator
Simple Design Tools

Simple Stand-alone Configuration Management Tool
Standard Data Transformation Tool

Standard Support Metrics Aids with Repository
Simple Repository, Basic Test Case Analyzer

High Loca Semantics Checking Editor

Automatic Document Generator

Requirement Specification Aids and Analyzer

Extended Design Tools

Automatic Code Generator from Detailed Design

Centralized Configuration Management Tool

Process Management Aids

Partially Associative Repository (Simple Data Model Support)
Test Case Analyzer with Spec. Verification Aids

Basic Reengineering & Reverse Engineering Tool

Very High Global Semantics Checking Editor

Tailorable Automatic Document Generator

Requirement Specification Aids and Analyzer with Tracking Capability
Extended Design Tools with Model Verifier

Code Generator with Basic Round-Trip Capability

Extended Static Analysis Tool

Basic Associative, Active Repository (Complex Data Model Support)
Heterogeneous N/W Support Distributed Configuration Management Tool
Test Case Analyzer with Testing Process Manager, Test Oracle Support
Extended Reengineering & Reverse Engineering Tools

Table4.1. Rating Scale for Completeness of Activity Coverage
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Rating TCOV

Extra High Groupware systems ) o

Distributed A synchronous Requirement Negotiation and Trade-off tools
Code Generator with Extended Round-Trip Capability

Extended Associative, Active Repository

Spec-based Static and Dynamic Analyzers

Pro-active Project decision Assistance

Table4.1. Rating Scale for Completeness of Activity Coverage (Continued)

4.2.2 Degreeof Tool Integration (TINT)

In a software process lifecycle, each individual tool promises higher quality and
greater productivity. However, this promise has not been well realized since tool creators
can’'t overcome the difficulties associated with integrating tools in an environment (David
Sharon & Rodney Bell, 1995). The main goals of integrating tools are concurrent data
sharing and software reuse in a software development lifecycle. If tools are integrated
effectively without pertubing other tools in an environment, severa benefits such as the
reduction of training costs, easier addition of the new system, and software reuse can be
obtained (lan Sommerville, 1995). Thereby, effort and schedule for the software
development can be decreased.

Table 4.2 shows another dimension of the CASE tool rating scale to evaluate how
well tools are integrated and what kind of mechanisms are provided to exchange
information between tools in an integrated environment. This classification is based on
Wasserman's five level model for integration of tools in software engineering

environments (Wasserman, A. I., 1990). Those five models are:

Platform Integration: Tools run on the same hardware/operating system

platform.
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Data Integration: Tools operate using the shared data mode!.

Presentation Integration: Tools offer acommon user interface.

Control Integration: Tools may activate and control the operation of other
tools.

Process Integration: Tool usage is guided by an explicit process model and

associated process engine.

Thisrating scale classifies CASE toolsin the scale, ranging from Very Low to Extra
High, according to how well they support the above five integration models and the tool
characteristics of the CMM level in Figure 4.2. It provides a set of mechanisms at each
level to integrate tools in a development environment. If a different set of mechanisms are
used, some amount of judgment is required to fit it to an equivalent level of degree of

integration.

Rating TINT

Very Low Individual File Formatsfor Tools (No Conversion Aid),

No Activation Control for Other Tools,

Different User Interface for each Tool,

Fundamental Incompatibilities among Process Assumptions and Object Semantics

Low Various File Formats for Each Tool (File Conversion Aids),

Message Broadcasting to Tools,

Some Standardized User Interfaces among Tools,

Difficult Incompatibilities among Process Assumptions and Object Semantics

Nominal Shared-Standard Data Structure,

Message Broadcasting through Message Server,

Standard User Interface Use among Toals,

Reasonably Workable Incompatibilities among Process Assumptions and Object Semantics

Table4.2. Rating Scale for Degree of Tool Integration
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Rating TINT

H igh Shared Repository,

Point-to-Point M essage Passing,

Customizable User Interface Support,

Largely Workable Incompatibilities among Process A ssumptions and Object Semantics

Very H i gh Highly Associative Repository,

Point-to-Point Message Passing Using reference for Parameters,

Some level of Different User Interface,

Largely Consistent among Process Assumptions and Object Semantics

ExtraH igh Distributed-Associative Repository, (Continued)
Extended Point-to-Point Message Passing for Tool Activation,

Complete Set of User Interface for Different Level of Users,
Fully Consistent anong Process Assumptions and Object Semantics

Table4.2. Rating Scale for Degree of Tool Integration

4.2.3 Tool Maturity and User Support (TMAT)

It is very difficult to verify how mature an adopted tool set is for software
development. A general way to measure tool maturity isto see how long tools are used in
the CASE tool market. As mentioned earlier, the maturity of software tools has a great
effect on software quality and productivity. More errors are likely to be introduced during
the development with a less mature tool, and consequently more effort is required to
correct those errors. Table 4.3 categorizes CASE tools according to the survival length in

the software market after they are rel eased.

This rating scale also provides different sets of user support by software vendors.
User support is regarded as one of the very important factors to evaluate software tools by
Westinghouse's and Ovum’s Tool Assessment criteria (Vicky Mosley, 1992; Ovum, 1995).
These forms of evaluation criteria evaluates tools quantitatively according to the support
by the vendor. Likewise, CASE tools are categorized in a scale, ranging from Very Low to

Very High according to their user support.
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Very Low Low Nominal High Very High | ExtraHigh
Tool Matu- | Versioninpre- | Versionon \ersion on \ersion on Version on Version on
r ity and release beta- market/avail- market/avail- market/avail- market/avail- market/avail-
User Sup- test, Simple able less than ablebetween6 | ablebetweenl | ablebetween2 | ablemorethan
documenta- 6 months, Up- months and 1 and 2 years, and 3 years, 3years

port tion and help dated docu- year, On-line On-line User On-Site Tech-

mentation, help, tutorial Support Group | nical User

help available available Support Group

Table 4.3. Rating Scale for Tool Maturity and User Support

4.3 Sep 1. Research Model for TOOL Rating Dimensions

Most of software estimation models mentioned earlier are non-linear models and use
a multiple regression technique to calibrate the models. This section describes a multiple
regression technique and provides a research model based on the multiple regression

technique to analyze the TOOL rating dimensions on software effort estimates.

4.3.1 Multiple Regression Analysis

A multiple regression is a methodology that has the form shown in (EQ 12) with a
response (estimated) variable and more than one predictor (measured) variables
(Weisberg, S., 1985). This methodology is generally used to anayze the linear
relationships between the response variable and the multiple predictor variables. The main
goal of multiple regression analysis is to understand how the distribution of the response
variable y is determined by the possible values of the predictor variables by approximating
the true functional relationship with a relatively simple mathematical function. The

genera form of the multiple regression fitting model is the following.
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(EQ 12)
y = by+byx; +byx, + .:". +b X1 thx te

Where

y: response variable by: intercept

Xj: i-th predictor variable by: coefficient for i-th predictor variable
k: number of the predictor variables e random error

(EQ 12) isahyperplanein k-dimensional space for the predictor variable x; (William
W. Hines & Douglas C. Montgomery, 1972). To estimate the unknown regression

variables b, the method of least squares that minimizes the random error isused. The least

square function is as follows:

(EQ13)
n n
2 , — —..2
L = Z g = z [Yj -y —bl(xlj—xl)— —bk(xkj—xk)]
i=1 j=1
Where
n: number of observations g error for j-th observation
Xjj: j-th observation for i-th variable
n
-_1
X = HZ X;j

i=1
by = bg+byxy + by, + ... +byx

The number of observations, n, has to be at least k+1 for the regression. By

differentiating (EQ 13) and equating to zero for by’ and b; yields
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(EQ14)

n
oL _ o
T > [Yj—bol =0
i=1
oL _ " " " _
36 - Sy~ bS8, -~ =0
Where '
S;i: corrected sum of squares on the i-th predictor variable

n
-2
Si = D (x=x)
j=1
S;s corrected sum of cross products between x, and Xg
n

Ss = Z (% _;(r)(xsj —Xs)

i=1
Sjy: corrected sum of cross products between xi and the response variable Y

Sy =) (Xij_)_(i)(Yi_%

i=1

After some algebra, p = k + 1 normal equations can be obtained as

(EQ 15)
o = 3
i=1

b1S;+ ... +bS, = Sy

By solving the equations in (EQ 15), the unknown regression coefficients and
intercept can be obtained. These results can be expressed in matrix notations. However,
this research does not focus on statistical methods for multiple regression analyses.
Detailed information about the multiple regression analysis is available in (William W.

Hines & Douglas C. Montgomery, 1972; Weisberg, S., 1985).



As mentioned earlier, most of the software estimation models use non-linear
functions to predict effort since linear statistical models are not appropriate to model the
production effort with environmental project characteristics. (EQ 16) shows a non-linear,
multiplicative model (Bradford Clark, 1997). Since this model can assess the effect of the
different input parameters on the final result, this research will use the model to evaluate

the impact of tools on software development effort

(EQ 16)

The above non-linear model can be transformed into a linear model by taking the
logarithms of both sides. This logarithmic transformation allows the use of regression
techniques (W.E. Griffiths, R.C. Hill, & GG Judge, 1993). The transformed linear

function of (EQ 16) isasfollows:

(EQ17)

logY = B+ B;logX; +B,logX, + ...... +BylogX,

In the above equation, B; describes the percentage change in Y brought about by a
percentage change in X;. Since the complete data for a population is not available in the
real world, they can be substituted with the estimates b;, which can be derived by using the

multiple regression approach mentioned above. To perform the regression anaysis, the

response variableis replaced by the actual observed value Y.
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4.3.2 Research Model

COCOMO Il has a set of 17 independent variables, called Effort Multipliers, and 5
Scale Factors, mentioned in the previous section. Those variables except TOOL are used
as independent variables for the research model. Table 4.4 and Table 4.5 describe the
rating scales of the COCOMO |1 Effort Multipliers. Instead of using the COCOMO |1
TOOL rating scale, the three extended TOOL rating scales proposed earlier in this paper

are used. Each predictor variable has a scale ranging from Very Low to Extra High.

The research model in (EQ 18) is analogous to the COCOMO Il Post Architecture
Model. However, the TOOL rating value is determined by summarizing the product of
each weighting value and rating value as shown in (EQ 19) to reflect the three productivity
dimensions of software tools. The main objective of this model isto determine the best-fit
of weighting values for the three tool rating scales by combining expert information with
sampling information via Bayesian approach. The overall impact of software tools on
project effort can be captured by this model.

(EQ 18)
17
Effort = A(Size)® [1 EMi|TooL

i=1
iz15

(EQ 19)

TOOL = b, CTINT + b, OTMAT + b, (TCOV

3
Zbi =1
i=1
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Extra
m. ery Low ow omin ig ery Hig ig
Sy EM Very L L Nominal High Very High High
EMq RELY slightincov- | low, easily Moderate, high finan- risk to
enience recoverable | easily cial loss human life
losses recoverable
losses
EM, DATA DB bytes/ 10<=D/P< | 100<=D/P | D/P>=
Pgm SLOC | 100 <1000 1000
<10
EM;3 CPLX See Table 4.5
EM4 RUSE none Across Acrosspro- | Across Across
project gram product line | multiple
product
lines
EMg DOCU Many life- Some life- Right-sized | Excessive Very exces-
cycleneeds | cycleneeds | tolife-cycle | forlife- sivefor life-
uncovered uncovered needs cycleneeds | cycle needs
EMg TIME 50% use of 70% 85% 95%
available
execution
time
EM, STOR 50% use of 70% 85% 95%
available
storage
EMg PVOL major major: 6 major: 2 magjor: 2
change mo.; mo.; wKk.;
every 12 minor: 2 minor: 1 minor: 2
mo., minor- -y, wk. days
change
every 1 mo.
EMg ACAP | 15th percen- | 35th percen- | 55th percen- | 75th percen- | 90th percen-
tile tile tile tile tile
EMq9 PCAP 15th percen- | 35th percen- | 55th percen- | 75th percen- | 90th percen-
tile tile tile tile tile
EMqq AEXP <=2 6 months 1year 3years 6 years
months
EMqo PEXP <=2 6 months 1year 3years 6 years
months
EMq3 LTEX <=2 6 months 1year 3years 6 years
months

Table 4.4. Rating Summary for Effort Multipliers
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Extra
Sym. EM Very Low Low Nominal High Very High High
EM14 PCON 48% / year 24% [ year 12% [ year 6% lyear 3% lyear
EMg TOOL See Table 2.14, 2.15, and 2.16
EMg SITE Interna- Multi-city Samecityor | Samebuild- | Fully collo-
tional or Multi- metro. area | ing or com- | cated
company plex
EM SCED 75% of 85% 100% 130% 160%
nominal

Table 4.4. Rating Summary for Effort Multipliers (Continued)

Complexity is the combined rating of five areas: control operation, computational

operations, device-dependent operations, data management operations, and user

management operations. The complexity is the subjective average of these five areas.

Device- Data User Interface
Control Computational dependent M anagement M anagement
Operations Operations Operations Operations Operations
Very Low Straight-line Evaluation of Simpleread, Simplearraysin | Simpleinput
codewithanon- | simple expres- write statements | main memory. forms, report
nestedstructured | sion: e.g., with simplefor- | Simple COTS generators.
programming A=B+C*(D-E) mats. DB queries,
operators: DOs, updates.
CASEs,
IFTHENEL SEs.
Simple module
composition via
procedure calls
or simple scripts
Low Straightforward Evaluation of No cognizance Singlefile sub- Use of simple
nesting of struc- | moderate-level needed of partic- | setting with no graphic user
tured program- expres- ular processor or | datastructure interface (GUI)
ming operators, sions.eg., 1/0O device char- | changes, no builders.
Mostly simple D=SQRT(B**2- | acteristics. /0O edits, no inter-
predicates. 4*A*C) done at GET/ mediate files.
PUT level. Moderately
complex COTS
DB queries,
updates.

Table 4.5. Complexity Ratings




Device- Data User Interface
Control Computational dependent M anagement M anagement
Operations Operations Operations Operations Operations

Nominal Mostly simple Use of standard 1/0 processing Multi-file input Simple use of
nesting. Some math and statis- includes device and single struc- | widget set.
intermodule tical routines. selection, status | tural changes,
control. Deci- Basic matrix/ checking and simple edits.
sion table. Sim- vector opera error processing. | Complex COT-
ple callbacks or tions. DB queries,
message pass- updates.
ing, including
middleware sup-
ported distrib-
uted processing.

High Highly nested Basic numerical | Operations at Simpletriggers Widget set
structured pro- analysis: multi physica I/0 activated by data | development
gramming oper- | variate interpo- level (physical stream contents. | and extension.
atorswithmany | lation, ordinary storage address Complex data Simplevoicel/
compound pred- | differentia translations; restructuring. O, multimedia.
icates. Queue equations. Basic | seeks, reads,
and stack con- truncation, etc.). Optimized
trol. Homoge- roundoff con- 1/0 overlap.
neous, cerns.
distributed pro-
cessing. Single
processor soft
real-time con-
trol.

Very High Reentrant and Difficult but Routines for Distributed data- | Moderately
recursive cod- structured interrupt diagno- | base coordina complex 2D/3D,
ing. Fixed-prior- | numerical anay- | sis, servicing, tion. Complex dynamic graph-
ity interrupt sis: near singular | masking. Com- triggers. Search ics, multimedia.
handling. Task matrix equa- municationline | optimization.
synchroniza- tions, partial dif- | handling. Perfor-
tion, complex ferential mance intensive
callbacks, heter- | equations. Sim- embedded sys-
ogeneous dis- ple paraldiza tems.
tributed tion.

processing. Sin-
gle-processor
hard real-time
control

Table 4.5. Complexity Ratings (Continued)
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Device- Data User Interface
Control Computational dependent M anagement M anagement
Operations Operations Operations Operations Operations
ExtraHigh Multiple Difficult and Device timing- Highly coupled, | Complex multi-
resource sched- unstructured dependent cod- dynamic rela mediavirtua
uling with numerical analy- | ing, micro-pro- tional and object | reality.
dynamically sis: highly accu- | grammed structures. Natu-
changing priori- | rate analysis of operations. Per- ral language data
ties. Microcode- | noisy, stochastic | formance-criti- management.
level control. data. Complex cal embedded
Distributed hard | parall€elization. systems.
real-time con-

trol.

4.4 Hypothesis Testing

Table 4.5. Complexity Ratings (Continued)

In the COCOMO Il model, it is assumed that the weighting values for TINT and

TMAT are zero. Only the weighting value of TCOV is set to one to derive the TOOL

multiplier. The hypothesis for this research is that the benefit of increasing TINT and

TMAT also is a reduction in project development effort. Testing for significance of

regression in (EQ 20) is accomplished by testing the hypothesis

Ho: b1=b2=b3=0
H,: at least one of the above coefficient is not zero

In order to test the above hypotheses, the F-statistic can be used.
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(EQ 20)

__ Ssyk
(Fo= 570y PPkt
Wh
T sy =SS
& = Y (Y-
i=1

n: the number of observation
k: the number of predictor variables

If Fo > Fy k nk1 the null hypothesis (Hp) can be rejected. This test can be

conveniently donein an analysis of variance (ANOVA) table.

45 Sep 2 & 3. Behavioral Analysis: Project Activity Differences

This section describes the project activity differences at each level of the three
dimensional TOOL rating scales proposed earlier. Table 4.6, Table 4.7, and Table 4.8
indicate the project activity differences resulting from the differing levels of the three
productivity dimensions, respectively. In Table 4.6, the larger reduction in effort due to the
use of the higher tool set is due partly to the more complete support of the given tasks by
causing less errors and more error elimination in the earlier phases. Table 4.7 shows that
the larger effort reduction in the higher degree of tool integration is due partly to the more
tight integration of software tools that eliminates effort to exchange data, the more
automation of tool invocation, the larger levels of user interface support, and so on. Table

4.8 shows the larger effort reduction in the higher mature/support tool level is due to less
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error introduction, easier error detection/removal, and higher degree of support for solving

problems.
Phase Plans & Product Design Programming Test Implementation &
Ratin Requirements Modification

Very Low Moreeffort for smulation, prototyping,
requirement tracing, configuration management,
document generation, and cooperation/synchronization of team members
More requirements errors,
harder detection and removal

More effort for transforming
requirementsto design
More design errors,
harder detection and removal
More effort for transforming
design to code
More code errors;
harder detection and removal
More effort for generating
test cases, capturing project specific
metrics, and QA

Yvyvyvyyvyy

More effort for linking,
exercising subsystems,
reverse/re-engineering
Low Intermediate level of above effects
Nominal No change
High Easier simulation, prototyping,
requirement tracing, configuration management,
document generation, and cooperation/synchronization of team members
Fewer requirements errors;
easier detection and removal
Less effort for transforming
requirementsto design
Fewer design errors;
easier detection and removal
Reduced design effort
Less effort for transforming
design to code
Fewer code errors,
easier detection and removal
Less effort for generating
test cases, capturing project specific -
metrics, and QA

YYyvy vvyvyy

Less effort for linking,
exercising subsystems,
reverse/re-engineering

Very High  Higher level of above effects

ExtraHigh Highest level of above effects
Highly reduced effort for project management
Much easier rqt. spec. & update
Much easier rgt. spec. & update
Highly reduced errors,
Much faster detection & removal
Much faster communication among team members

Yy YYVYYY Y

Table 4.6. Project Activity Differences Due to Completeness of Activity Coverage
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Phase
Ratin

Plans & Product Design Programming Test Implementation &
Requirements Modification

Very Low  Weaker navigation through the information maintained by the integrated tools,
Weaker control of tool execution, Weaker transition of different user interfaces, -
More effort for translating incompatible process assumption & object semantics,
Weaker data management
Low Intermediate level of above efforts -
Nominal No change -
High Stronger navigation through the information maintained by the integrated tools,
Stronger control of tool execution, Easier transition of different user interfaces, >
Less effort for translating incompatible process assumption & object semantics,
Stronger data management
Very High  Higher level of above effects >
ExtraHigh  very strong support for data navigation, data management, user interface transition, -
tool execution control, translation of incompatible process assumption & object semantics
Table 4.7. Project Activity Differences Dueto Degree of Tool Integration
Phase Plans & Product Design Programming Test Implementation &
Ratin Requirements Modification
Very Low  Moreerrors; harder detection and removal -
More effort for solving problems due to weak user supports
Low Intermediate level of above efforts -
Nominal No change >
High Fewer errors; easier detection and removal -
Lesseffort for solving problems due to strong user supports
Very High  Higher level of above effects -
ExtraHigh Highly reduced errors, Highly reduced effort for detection and removal -

Highly reduced effort for searching problem solutions

Table 4.8. Project Activity Differences Dueto Tool Maturity and User Support
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5.0 Bayesian Approach for M odel Calibration
5.1 Bayesian Approach

This chapter describes a bayesian approach that combines two sources of (expert-
judgement and data-determined) information to find out the best fit of weighting values
for the extended tool rating scales in the research model. It also shows the comparison

results of prediction accuracies with the COCOMO I Bayesian effort estimates.

5.1.1 Sep 4. Delphi Process Result (A-Priori Model)

To obtain a consensus-based relative weighting value for each of the three TOOL
rating scale ratings, two rounds of Delphi analyses were carried out. This Delphi process
gives an opportunity to apply the knowledge and experience of expertsin the field to the
initial model. For this Delphi process, participants were selected from the COCOMO 11
affiliates such as Commercial, Aerospace, Government, FFRDC, and Consortia

organization. The steps taken for the 2-round Delphi process are described below.

First Round:
1. Provide participants with Delphi Questionnaire without initial weighting values
2. Collect responses
3. Ensure validity of responses by correspondence

4. Simple analysis of the responses
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Second Round:
1. Provide participants with Delphi Questionnaire with the result of the first round
2. Repeat the above steps (2, 3, and 4)

3. Convergeto Final Delphi results

Table 5.1 shows the results of the Delphi processinitially carried.

TCOV TINT TMAT
Mean 0.475 0.205 0.32
Variance 0.0025 0.0001 0.0029

Table5.1. Initial A-Priori Weighting Values

As shown in the above table, the variances of the weighting values are very small.
That is, most of the participants agreed to the mean values. Since it causes the problem
that all posterior mean values are closer to the prior values when those are combined with
sample information. Therefore, another two round of Delphi process was carried out to
more strong dispersion of expert inputs on the weighting values. In Table 5.2, the final
delphi results are shown and those mean values and variances are used to find out the best-
fit posterior weighting values in Bayesian. The participants agreed that the most
productivity gains can be obtained via the higher tool ratings in TCOV with 47%. Even
though differences in productivity gains in TINT and TMAT are 26% and 27%

respectively, the variance of TINT is much smaller than that of TMAT
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TCOV TINT TMAT

Mean 0.47 0.26 0.27

Variance

0.025694 0.005485 0.016875

Table5.2. Final A-Priori Weighting Values

5.1.2 Sep 5. Multiple Regression Analysis (Sample)

In order to find out the sampling information on the weighting value of three tool
rating scales, 15 projects that have information about TCOV (Completeness of Activity
Coverage), TINT (Degree of Tool Integration), and TMAT (Tool Maturity and User
Support) were available from the COCOMO 81 database (Boehm, B. W., 1981). Table 5.3
showstheratings of datafrom the 15 projects based on the three dimensional TOOL rating

scales.

Project No. TCOV TINT TMAT
1 Low High High
2 Nominal Low Low
3 Nominal Low Low
4 Nominal Low Very High
5 Nominal High Low
6 Nominal Low Low
7 Nominal Low High
8 Low High Very High
9 Nominal Very Low Low
10 Low Low High
1 Nominal Low High

Table 5.3. Three Rating Scale Values from the data of 15 Projects
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Project No. TCOV TINT TMAT
12 Nominal Low High
13 Nominal Low Low
14 Nominal High High
15 Very Low Nominal Nominal (Continued)

Table 5.3. Three Rating Scale Values from the data of 15 Projects

The TCOV ratings in the above table are the same as those in the original
COCOMO 81 TOOL ratings. Since the data from 15 projects came from 1970's and
1980's, all cost drivers are displaced from COCOMO 81 to COCOMO I1. Since the TOOL
rating scaleis displaced 2 places upward from the original COCOMO 81 to COCOMO I,

atransformation tablein Table 5.4 is used for the TCOV, TINT, and TMAT ratings.

COCOMO 81 Rating COCOMO Il Multiplier
Very High 1.00
High 1.09
Nominal 117
Low 1.29
Very Low 145

Table5.4. TOOL conversion from COCOMO 81 to COCOMO ||

In order to determine relative weighting values for TCOV, TINT, and TMAT, the

TOOL rating is determined by the regression model shown in (EQ 1).

(EQT)

TOOL = b, TCOV + b, TINT + b,TMAT
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Linear regression with the data from the 15 projects by Arc (Dennis Cook & Sanford

Weisberg, 1999) gives the following resultsin Table 5.5.

Data set = TOOL_15 data, Nane of Fit = L1
Nor mal Regressi on

Kernel mean function = Identity
Response = TOOL
Ter s = (TCOV TI NT TMAT)

Wth no intercept.
Coefficient Estimates

Label Esti mate Std. Error t-val ue
TCOV 0. 515982 0. 0888635 5. 806
TI NT 0. 282561 0. 107657 2.625
TVAT 0. 165480 0.111398 1. 485
Si gnma hat: 0. 048214

Nunber of cases: 15

Degrees of freedom 12

Sunmary Anal ysis of Variance Table

Sour ce df SS VS F p- val ue
Regr essi on 3 20.5056 6. 8352 2940. 40 0. 0000
Resi dual 12 0.027895 0. 00232459

Table 5.5. Regression Summary of the Sample

In the above regression result, Estimates are the estimated coefficients for the

weighting values of by , b, and bs, respectively. The Std. Error is the estimated standard

deviation for each coefficient. The t-value is the ratio of residual error and variance for
each predictor variable in the regression model and may be interpreted as the signal-to-
noise ratio with the corresponding predictor variables. Hence, the higher the t-value, the
higher the signal being sent by the predictor variable. In the Summary Analysis of

Variance Table, the RSS (Residual Sum of Sguares) is 0.027895 with 12 degrees of
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freedom. The sum of the estimated coefficients is not 1. Therefore, those values can be
nomalized. (EQ 2) shows the nomalized regression model obtained from 15 project
sample.

(EQ2)
TOOL = 0.54 TINT +0.29 (TMAT + 0.17 LTCOV

5.2 Sep 6. Bayesian Analysis (A-Posteriori Model)

Bayesian inference is a statistical method by which similar information is combined
to produce a posterior probability distribution of one or more parameters of interest. In
Bayesian analysis, probability is defined in terms of a degree of belief and an estimator is
chosen in order to minimize expected loss where the expectation is taken with respect to
the posterior distribution of unknown parameters (Gerge G. Judge et a., 1985). The
procedure that combines A-prior (expert-judged) information with sample information
about the parameters of interest to produce a posterior probability distribution is done by
using Bayes' theorem as follows:

(EQ3)

where
f(y|6) Co(6)
g(8ly) = ‘fT 8: the vector of parameters of interest

y: the vector of sample observations

In the above equation, f denotes a density function for y and g denotes a density
function for the unknown parameter vector b. f(y|0) is the joint density function which is
algebraically identical to the likelihood function for 8 and contains all the sample

information about unknown parameter 0. g(8) is the prior distribution function for 6
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summarizing non-sample information about 6. The posterior distribution function, g(8ly),
for 8 summarizes all information about 6. With respect to 6, f(y) can be regarded as a
constant and f(y|8) can be written as the likelihood function 1(8|y), then (EQ 3) can be

rewritten as follows:

(EQ4)
9(6ly) U 1(6ly) Lo(6)

In other words, the above equation can beillustrated as

Sampling
Information

e el

Priari Information

Fosiering
It i i i

Figureb5.1. Bayesian: Combination of Prior and Sampling I nformation

The regression model shown in (EQ 1) can be rewritten as

(EQY)
y = XB+e

where y is a (n x 1) vector of sample observation on a response variable, X is a (n x k)

matrix of observations on k predictor variables, e isa (n x 1) disturbance vector with the

properties e ~ N(O, 62I), and 3 and d are unknown parameters in the regression model.

thereby, (EQ 4) can be written as follows:
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(EQ¥6)
9(B. 3ly) L I(B, 3]y) Lu(B, 9)

To perform Bayesian analysis on the regression model, A-priori and small sample

information is explained in Section 5.1. The posterior mean and variance for the unknown

parameters B(or b™) and & (or Var(b™ ")) are defined as follows (Edward E. Leamer, 1978):

(EQ7)

b” :[iZX'x + H*]‘lx[iZX'xm H'b']
S S

Var(b™) = [i2 X'X+HT?
S

where X isamatrix of observations on predictor variables, sisthe variance of the residual
for the sample data, and b* and H” are the mean of prior information and the inverse of

variance matrix, respectively. The posterior mean b”” can be regarded as a matrix average
of the prior and sample mean with weight s given by the precisions of all information
about the unknown parameters. In other words, if the precision of the prior information is
greater than that of the sample information, the posterior values will be closer to the prior
values.

The code shown in Table 5.6 was used to obtain the matrices for b™* (denoted as b2)

and Var(b"") (denoted as v2) in Arc.
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(def x (send L1 :x))
X> (def y (send L1 :y))

Y

> (def xt (transpose X))

XT

> (def xtx (matmult xt X))

XTX

> (def xtxinv (inverse xtx))

XTXI NV

> (def xtxinvxt (matnult xtxinv xt))

XTXI NVXT

> (def b (matnult xtxinvxt y))

B

> (def bb (bind-rows '#(0.47 0.26 0.27)))

BB

> (def vl (bind-rows '#(0.025694 0 0) '(0 0.005485 0) '(0 O 0.016875)))
Vi

> (def vi1inv (inverse vl))

V1l NV

> (def v2inv (+ (matmult (/ 1 (~ (send L1 :sigma-hat) 2)) xtx) vilinv))
V21 NV

> (def v2 (inverse v2inv))

V2

> (def xty (matrmult xt y))

XTY

> (def 1s2xty (matmult (/ 1 (”~ (send L1 :sigma-hat) 2)) xty))
1S2XTY

> v1inv

#2A((38.9196 0 0) (0 182.315 0) (0 O 59.2593))

> (def vvlinv (bind-rows '(38.9196 0 0) '(0 182.315 0) '(0 0 59.2593)))
W1l NV

> (def vvilinvbl (matnult vv1inv (bind-colums '#(0.47 0.26 0.27))))
W1l NvB1

> (def b2 (matmult (+ 1s2xty vvlinvbl)))

B2

> b2

(9173.6 9404. 04 8798. 86)

> (def b2 (matnmult v2 (+ 1s2xty vvlinvbl)))

B2

> b2

(0.495104 0.259691 0.211617)

> v2

#2A( (0. 00461028 -0.00156482 -0.00307792) (-0.00156482 0.00335019 -
0.00191963) (-0.00307792 -0.00191963 0.00528472))

Table 5.6. Bayesian Analysis Procedurein Arc

The derived posterior result for unknown parameters, coefficients and variances

from (EQ 7) is summarized with the prior and sample values in Table 5.7. By combining
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two sources of information on parameters, the posterior variance gets smaller than those of

the prior and sample.

by by b3
Prior Mean 0.47 0.26 0.27
Variance 0.025694 0.005485 0.016875
Sample Mean 0.515982 0.282561 0.165480
Variance 0.0078967 0.011590 0.012409
Posterior Mean 0.495104 0.259691 0.211617
Variance 0.00461028 0.00335019 0.00525464

Table 5.7. Point Estimates of Coefficients

As shown in the above table, the sum of posterior means for the weighting values of
the extended three TOOL rating scales is not 1. Therefore, TOOL rating value in the
research model can be determined by using normalized posterior coefficient means as
follows:

(EQ9)
TOOL = 051 [TCOV + 0.27 [TINT + 0.22 (TMAT

This indicates that differences in tool coverage are the most important determinant
of tool productivity gains, with arelative weight of 51%. The next most important is tool
integration, with arelative weight of 27%. Tool maturity has the smallest effect but is till
significant at a 22% relative weight.

The Research model is calibrated with the data from the 15 projects to determine the

best-fit relative weighting values for the three TOOL rating scales. In order to compare the
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model with the COCOMO |l Bayesian estimation result, an evaluation criterion, the
percentage of predictions that fall within X% of the actuals denoted as PRED(X), is used.
The models are evaluated at PRED(.10), which is done by counting the number of MRE
(Magnitude of Relative Errors) (Conte, S., H. Dunsmore, & V.Shen, 1986) in (EQ 9) less
than or equal to 0.10 and dividing by the number of projects. The MRE for each project is
defined as the absolute value of the difference between the estimated project effort, E(Y)
and actual project effort, Y, relative to the magnitude of the actual effort.

(EQ9)

MRE, = ’E(Y)i Y

Table 5.8 summarizes the prediction accuracies of COCOMO 11, sample without
prior information, and posterior with prior information. Even though the prediction
accuracies of sample and posterior estimates are the same (87%), the variances of the
posterior coefficient estimates are smaller than those of sample regression model as shown
in Table 5.7. Both the sample and posterior model give better prediction accuracies than

the COCOMO Il Bayesian mode does due to 3 dimensional TOOL rating scales.

COCOMO Il Bayesian Sample without prior Posterior
(1 Dimensional TOOL) (3 Dimensional TOOL) (3 Dimensional TOOL)

PRED (.10) 67% 87% 87%

Table 5.8. Prediction Accuracy Comparison



6.0 Research Modd Validation

There are several cross-validation techniques such as K-fold, Leave-one-out,
Jackknife, Delete-d, and Bootstrap for regression problems (Phillip I. Good, 1999). In this
chapter, two cross-validation methodol ogies supported by the program Arc are described.
It also show the simulation results with COCOMO 1l 161 project data used for the
calibration of the COCOMO 11.2000 (Boehm, B. W. et al., 2000) (with one-dimensional
TOOL and with three dimensional TCOV, TINT, and TMAT) to validate the research

model.

6.1 Cross-Validation by Data-Splitting

6.1.1 Data Splitting

Cross-Vdlidation by data-splitting is a widely-used model checking method to
validate a regression model. This method randomly divides the original dataset into two
parts of subsamples - the first part of subsample (Construction, Model-building, or
Training subsample) for exploration and model formulation, the second (Validation or
Prediction subsample) for model validation, formal estimation, and testing (John Neter et
a., 1996). Although the most ideal validation method is through the collection of new
data, it is very hard to get new datain practice. So, data splitting is an attempt to simulate
replication of the study.

The validation set is used for the validation of the regression model in the same way

as in the newly collected dataset. The regression coefficients are reestimated for the
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selected model and then compared for the consistency with the coefficients obtained from
the construction subsample. Prediction accuracy can be determined from the data in the
validation subsample from the regression model built from the construction subsample. A
possible drawback of the cross-validation by splitting the original dataset is that the
variance of the estimated regresson model from the construction dataset usualy gets
larger than the variance obtained from the regression model with the entire dataset.

In order to diagnose the cross-validation method, the predicted residual sum of

squares (or PRESS) shown in (EQ 1) is used as a criterion function.

(EQY)
PRESS = S e()
where
. i o
en = Y%i—XiBa) = 7
|

If PRESS is small, it indicates that the estimated regression model is a good model.

Another criterion function is R? as shown in (EQ 2). If R?is 1, all datain the construction
set must fall exactly on a straight line with no variance.

(EQ2
2 NPRESS

R =1-
6.1.2 Cross-Validation in Arc
The Program Arc supports a very simple cross-validation by splitting the original
dataset. The basic outline used in Arc is (Sanford Weisberg, 1999):
1. Divide the data into two parts, a“construction” set and a“validation” set.
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2. Fit amodel of the interest to the construction set.
3. Compute a summary statistic, usually a function of the deviance and
possibly the number of parameters, based on the validation set only.
4. Select models that make the statistic chosen small (usually) when applied to
the validation data.
In Arc’s cross-validation, the fitted model excludes the validation from the fitting.
The output summary displays the weight sum of sguared deviations and the number of

completed observations in the validation set.

6.1.3 Cross-Validation ResultsUsing Arc
As mentioned earlier, the sample distribution of the COCOMO 11.2000 parameters
was cal culated with 161 project data under the log-transformed linear regression model as

the following.

(EQ3)

logPM = [,logA + 3,BlogSize + 3,SF,logSize + ... + BgSF;logSize +
B,logSizeEM; + BglogSizeEM, + ... + B,5l0gSizeEM ;

In order to validate the model, two dataset of the same size (161 project data) were
used. For the TOOL rating value of the first dataset, a one dimensional TOOL rating scale
is used. The TOOL rating value of the 15 project data used for Bayesian in the second
dataset is determined by a weighted sum of the products of the weighting value obtained

by Bayesian analysis and the extended TOOL ratings (TCOV, TIN, and TMAT). The
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TOOL ratings of the rest of the project datain the second dataset have the same valuesin
the first dataset.

For the first experiment, 15 project data that has information about the three TOOL
ratings are intentionally assigned to the validation dataset. For the exclusion of those data
from the construction set, they are moved to the top of the dataset and then removed by
using the following command:

>(send COCOMOII_1 TOOL :cross-validation :new t :validation-set (iseq 15))

In Arc, the above command sets a cross-validation by splitting the original dataset
(COCOMOII_1 TOOL) into two subsets in which the validation set is composed of the
first 15 project data. The arguments in the above command are explained as follows:

‘new - New must be set to t to start cross-validation. If :new is not set, then the
case numbersin the validation set are displayed.

:validation-set - An optional list of case numbers to be put in the validation set

iseq 15 - select cases (case numbers 0 to 14) from the dataset

Since the observations in the two construction sets are the same, the regression
coefficients obtained from the construction sets by OLS (Ordinary Linear Square) in Arc
are the same as shown in Table 6.1. However, the TOOL ratingsin the two validation sets
are different as mentioned earlier. The TOOL ratings for the observations in the first
validation set are the ratings determined by the one-dimensional TOOL, which isthe same
asin COCOMO 11.2000. The TOOL ratings for the observations in the second validation

set are determined by the extended three-dimensional TCOV, TINT, and TMAT.
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Data set = COCOMO | _TOOL, Nanme of Fit = L1
Del et ed cases are
(012345678910 11 12 13 14)

Nor mal Regressi on

Kernel nean function = ldentity
Response = | og[ PM
Ter s = (LOJ Sl ZE] PMATXLOJ Sl ZE] PRECXLOJ Sl ZE] RESLXLOJF S| ZE] FLEXX-

LOF Sl ZE] TEAMXLOG Sl ZE] | og[ ACAP] | og[ AEXP] | og[ CPLX] | og[ DATA] | og[ DOCY|
| og[ LTEX] | og[ PCAP] | og[ PCON] | og[ PEXP] |og[PVQOL] | og[RELY] | og[ RUSE]

| og[ SCED] | og[SITE] |og[STOR] |og[TIMg |og[TOO])

Coefficient Estimates

Label Estimate Std. Error t-val ue
Const ant 0.935116 0.112094 8. 342
LOd Sl ZE] 2.15392 0.117704 18. 299
PMATXLOF S| ZE] 0. 0168816 0. 0137407 1.229
PRECXLOJ S| ZE] 0. 0317152 0.0118288 2. 681
RESLXLOJ S| ZE] 0. 0310717 0. 0154430 2.012
FLEXXLOJF Sl ZE] -0.00147026 0.0178473 -0.082
TEAMKLOF SI ZE] 0. 0107892 0. 0194624 0. 554
| og[ ACAP] 0. 940347 0. 333022 2.824
| og[ AEXP] 0. 230921 0. 383999 0. 601
| og[ CPLX] 1.02384 0.247269 4.141
| og[ DATA] 0. 751994 0.246248 3.054
| og[ DOCY] 1. 88080 0.571091 3.293
| og[ LTEX] 0. 0664662 0. 474326 0. 140
| og[ PCAP] 1.37783 0. 364579 3.779
| og[ PCON| 0. 657545 0. 402296 1.634
| og[ PEXP] 0. 809292 0. 500946 1.616
| og[ PVQL] 1. 09463 0. 309514 3.537
| og[ RELY] 0. 867786 0. 383227 2. 264
| og[ RUSE] -1.16099 0. 686944 -1.690
| og[ SCED] 1. 26662 0. 331924 3. 816
| og[ SI TE] 0. 702753 0.568178 1.237
| og[ STOR] 0. 540300 0. 438909 1.231
| og[ TI ME] 1. 94306 0.451107 4. 307
| og[ TOOL] 0.940123 0. 386596 2.432
R Squar ed: 0. 964438

Si gma hat : 0. 326693

Nunber of cases: 161

Nunber of cases used: 146

Degrees of freedom 122

Summary Anal ysis of Variance Table

Sour ce df SS %S F p- val ue
Regr essi on 23 353. 124 15. 3532 143. 85 0. 0000
Resi dual 122 13. 0209 0.106728

Table 6.1. Fit for the construction of 146 project data
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In Table 6.2, the cross-validation summaries and PRESS for the two simulations are

displayed. The output for the cross-validation in Arc includes a few summary statistics

such as the weighted sum of squared deviations, mean of sguared deviations, and a

number of observationsin the validation set. The sum of squared deviations, 1.14945, and

PRESS (0.187743) in the cross-validation using the extended three dimensional TOOL

rating scales are smaller than the sum of squared deviations (1.29381) and PRESS

(0.189826) in the cross-validation using the one dimensional TOOL rating scale. That is,

the observations in the second validation set is a better fit to the regression model obtained

from the same construction set.

1% validationset | Cross val idation summary of cases not used to get esti-
(TOOL) mat es:
Sum of squared devi ati ons: 1.29381
Mean squared devi ati on: 0. 0862541
Sqrt (mean squared deviation): 0. 29369
Nurmber of observati ons: 15
>(/ (sum (™ (/ (send L1 :residuals) (- 1 (send L1
:leverages))) 2)) (send L1 :numincluded))
0. 189826
2"y qidation | Cross validation summary of cases not used to get esti-
=t mat es:
(TCOV, TINT, | Sum of squared devi ations: 1. 14945
and TMAT) Mean squared devi ation: 0. 0766299
Sqrt (mean squared deviation): 0.276821
Nurmber of observati ons: 15
>(/ (sum (™ (/ (send L1 :residuals) (- 1 (send L1
:leverages))) 2)) (send L1 :numincluded))
0.187743

Table 6.2. Cross Validation Summary and PRESS
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In the second experiment for the cross validation, the same datasets in the first
experiment are used except that the first validation set are selected at random with
probability fraction set by the following command.

>(send COCOMOII_TOOL :cross-validation :new t :fraction .3)

:fraction - The approximated fraction of cases to be put into the validation set. For
each case, a Bernoulli random deviate with probability :fraction of success is
generated. All cases with the generated value 1 are put in the validation set.

Table 6.3 shows the regression fit with the dataset in which TOOL rating are
determined by the one dimensional rating scale. For the regression fit, 115 randomly
chosen project dataiis used. 46 project datais assigned into the validation set. In Table 6.4,

Cross-validation summary and PRESS are displayed.
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Data set = COCOMO | _1 TOOL, Name of Fit = L1
46 cases have been del et ed.
Nor mal Regr essi on

Kernel nean function = ldentity
Response = | og[ PM
Ter ms = (LOJ Sl ZE] PMATXLOF Sl ZE] PRECXLOJ Sl ZE] RESLXLOJ Sl ZE]

FLEXXLOJ S| ZE] TEAMXLOJ Sl ZE] | og[ ACAP] | og[ AEXP] 1 og[ CPLX] | og[ DATA]
| og[ DOCU] | og[ LTEX] | og[ PCAP] | og[ PCON] | og[ PEXP] | og[ PVO.] | og[ RELY]
| og[ RUSE] | og[ SCED] | og[SITE] |og[STOR] |og[TIME | og[TOO])
Coefficient Estimates

Label Esti mate Std. Error t-val ue
Const ant 0. 857377 0.126932 6. 755
LOF Sl ZE] 2.20778 0. 125668 17.568
PMATXLOJ S| ZE] 0. 0136270 0.0147642 0.923
PRECXLQOJ S| ZE] 0. 0458109 0. 0123268 3.716
RESLXLOJ S| ZE] 0. 0328329 0. 0170526 1.925
FLEXXLOF Sl ZE] -0.0178236 0. 0180021 -0.990
TEAMXLOF S| ZE] 0. 00340669 0. 0209328 0. 163
| og[ ACAP] 0. 827577 0. 350431 2.362
| og[ AEXP] 0. 289507 0. 393476 0.736
| og[ CPLX] 0. 903131 0. 260106 3.472
| og[ DATA] 0. 725348 0.274620 2.641
| og[ DOCU| 2.29413 0.591367 3. 879
| og[ LTEX] -0. 304636 0.528984 -0.576
| og[ PCAP] 1. 37407 0. 390746 3.517
| og[ PCON| 0. 700669 0. 398075 1.760
| og[ PEXP] 0. 845777 0. 503937 1.678
| og[ PVOL] 0. 785673 0. 346415 2.268
| og[ RELY] 1.37687 0. 375584 3. 666
| og[ RUSE] -1.38177 0.723777 -1.909
| og[ SCED]| 1.10106 0. 302119 3. 644
| og[ SI TE] 0.907612 0. 608789 1.491
| og[ STOR| 2.29151 0. 600632 3.815
| og[ TI VE] 1. 44740 0. 486658 2.974
| og[ TOOL] 0. 607863 0. 391255 1.554
R Squar ed: 0. 967696

Si gna hat : 0. 296881

Nunmber of cases: 161

Nunber of cases used: 115

Degrees of freedom 91

Summary Anal ysis of Variance Table

Sour ce df SS VB F p- val ue
Regr essi on 23 240. 267 10. 4464 118. 52 0. 0000
Resi dual 91 8. 02061 0. 0881386

Table 6.3. Fit for the construction set using one dimensional TOOL
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Cross validation summary of cases not used to get estimates:

Sum of squared devi ati ons: 9. 76793
Mean squar ed devi ati on: 0.212346
Sqgrt (mean squared deviation): 0.460811
Nunber of observati ons: 46

> (/ (sum (™ (/ (send L1 :residuals) (- 1 (send L1 :leverages))) 2))
(send L1 :numincluded))
0. 262203

Table 6.4. Cross Validation Summary and PRESS for one dimensional TOOL validation set

In the second dataset for the cross validation, the TOOL ratings of data from 15 out
of 161 projects were determined as.
TOOL =0.51* TCOV +0.27 * TINT + 0.22* TMAT
In order to compare with the regression fit with the first dataset, the same
observations are assigned into the construction set and the validation set except that the
TOOL ratings of the 15 project data are different form those in the first dataset. Table 6.5
shows the regression fit obtained from 115 observations in the construction set. Of those

15 projects, 11 were in the construction set and 4 were in the validation set.
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Data set = COCOMO | _3 TOOL, Name of Fit = L1
46 cases have been del et ed.
Nor mal Regr essi on

Kernel nean function = ldentity
Response = | og[ PM
Ter ms = (LOJ Sl ZE] PMATXLOF Sl ZE] PRECXLOJ Sl ZE] RESLXLOJ Sl ZE]

FLEXXLOJ S| ZE] TEAMXLOJ Sl ZE] | og[ ACAP] | og[ AEXP] 1 og[ CPLX] | og[ DATA]
| og[ DOCU] | og[ LTEX] | og[ PCAP] | og[ PCON] | og[ PEXP] | og[ PVO.] | og[ RELY]
| og[ RUSE] | og[ SCED] | og[SITE] |og[STOR] |og[TIME | og[TOO])
Coefficient Estimates

Label Esti mate Std. Error t-val ue
Const ant 0. 848170 0. 126720 6. 693
LOF Sl ZE] 2.21762 0. 125242 17.707
PMATXLOJ S| ZE] 0. 0122937 0.0147512 0. 833
PRECXLQOJ S| ZE] 0. 0448272 0. 0123358 3.634
RESLXLOJ S| ZE] 0. 0337900 0. 0170215 1.985
FLEXXLOF Sl ZE] -0.0185370 0. 0179524 -1.033
TEAMXLOF S| ZE] 0. 00431776 0. 0208810 0. 207
| og[ ACAP] 0.817284 0. 347923 2.349
| og[ AEXP] 0. 322897 0. 393903 0. 820
| og[ CPLX] 0.911352 0. 258616 3.524
| og[ DATA] 0. 714569 0.273790 2.610
| og[ DOCU| 2.29158 0.589112 3. 890
| og[ LTEX] -0. 305819 0. 526855 -0.580
| og[ PCAP] 1. 38206 0. 388702 3. 556
| og[ PCON| 0. 686581 0. 396206 1.733
| og[ PEXP] 0. 776759 0. 508492 1.528
| og[ PVOL] 0. 800612 0. 344637 2.323
| og[ RELY] 1.37111 0.374211 3. 664
| og[ RUSE] -1. 35344 0.721037 -1.877
| og[ SCED]| 1. 08515 0. 301545 3.599
| og[ SI TE] 0. 953494 0. 608734 1. 566
| og[ STOR| 2.27612 0. 598619 3. 802
| og[ TI VE] 1. 43499 0. 485027 2.959
| og[ TOOL] 0. 672681 0. 380138 1.770
R Squar ed: 0. 967943

Si gna hat : 0. 295748

Nunmber of cases: 161

Nunber of cases used: 115

Degrees of freedom 91

Summary Anal ysis of Variance Table

Sour ce df SS VB F p- val ue
Regr essi on 23 240. 328 10. 449 119. 46 0. 0000
Resi dual 91 7.95946 0. 0874666

Table 6.5. Fit for the construction set using three dimensional TOOL
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Table 6.6 shows the cross validation summary and PRESS from 46 validation
observations which are the same as the case in Table 6.4. However, some of the
observations in the second validation set have the TOOL ratings by using the extended
tool rating scales. The sum of squared deviations (9.7475) with three dimensional TOOL
validation set is a little bit smaller than the sum of squared deviations (9.76793) with the
one dimensional TOOL validation set. The PRESS (0.260493) in Table 6.6 is also smaller
than the PRESS (0.262203) in Table 6.4. Therefore, afew better regression models can be
found by using the extended three dimensional TOOL rating scales. The differences are
not great, as only 9% (15 of 161) project data points have different values. But, they

indicate an improvement, and they indicate stability with respect to the other variables.

Cross validation summary of cases not used to get estinates:

Sum of squared devi ati ons: 9. 7475
Mean squar ed devi ati on: 0.211902
Sqgrt (mean squared deviation): 0.460328
Nunber of observati ons: 46

>(/ (sum (™ (/ (send L1 :residuals) (- 1 (send L1 :leverages))) 2))
(send L1 :numincluded))
0. 260493

Table 6.6. Cross Validation Summary and PRESS for three dimensional TOOL validation set

6.2 Cross-Validation by Bootstrap

6.2.1 Bootstrap
The bootstrap is a statistical simulation methodology that resamples from the
original data set (Michael R. Chernick, 1999). Initiatives of this methodology were done

to solve two of the most important problems (the determination of an estimator for a
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particular parameter of interest and the evaluation of that estimator through estimates of
the standard error of estimator and the determination of confidence intervals) in applied
statistics. Because of its generality, it has been used to wider application areas such as
nonlinear regression, logistics regression, spatial modeling, and so on.

Hereisaformal definition of the bootstrap by Bradley Efron & Robert J. Tibshirani,

Efron (1993): Given a sample that has n independent identically distributed radom vectors
X1, Xo, X3,..., X, @nd a real-valued estimator 8(X4, X5, X3,..., X},) (denoted by é), the

procedure for the bootstrap to assess the accuracy of é Is defined in terms of empirical
distribution function F,, that assigns the same probability 1/n to each observed value of the
random vectors X; (i = 1, 2,..., n) and is the likelihood estimator of the distribution for the

observations when no parametric assumption are made. The bootstrap estimatesis denoted

" that contains information to be used in making inference from data. The bootstrap

distribution for é— 0 can be obtained by generating é values by sampling independently

with replacement from empirical distribution F,. The bootstrap estimation of standard

error (9*—é) is the standard deviation of the bootstrap distribution for é -0.
From the bootstrap sampling, a Monte Carlo approximation of the bootstrap

estimates is obtained. The procedure is described below:

1. Generate a bootstrap sample of size n (where nisthe original sample size) with

replacement from the original distribution.
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2. Compute 8", the value of é obtained by using the bootstrap sample in place of
the original sample.
3. Repeat steps 1 and 2, k times.
This provides a Monte Carlo approximation to the distribution of 6°. The standard

deviation of the Monte Carlo distribution of 6 is the Monte Carlo approximation of the

bootstrap estimate of the standard error for é . As the number of times of repeating steps 1
and 2 gets larger, there is very little difference between the bootstrap estimator and the

Monte Carlo approximation. The main idea of the boot strap is that two distributions are
expected to be nearly the same. That means the distribution of é— 0 behaves like the

distribution of 8°-8.
In a few cases, the bootstrap estimator can be directly computed without Monte

Carlo approximation. (EQ 4) shows how to compute the bootstrap estimate of the standard

error of 0.

(EQ 4
Sboot = [(N—1)/n]" %3

Where

n 1/2
_ 1 -2
= {n(n—l)_z (X, —X) ]

i=1

o

x;: the value of i observation
x: the mean of the sample
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6.2.2 Bootstrap in Arc

For bootstrap sampling, the program Arc provides two paradigms to resample with
replacement from the origina sample (lain Pardoe, 2000). One way is the “resampling
residuals’ paradigm that takes the point of view that responses, y|x, are sampled from a
univariate distribution, F(y[x). The mean and variance of F(y|x) are given by the following

mean function and variance function:

(EQ5)
E(y|x) = E(y|u) = 65+ 8u; +... +6,_qU,_; = 6'u

Var(y|x) = 8%/ w

Where
u: k x 1 matrix driven from x, all e ements are constant 1

eT: k x 1 vector of mean function coefficients
w: weight >0

The above mean and variance function assume that E(e) = O, Var(e) = 5% and the
distribution errors are independent of X. Estimation of F(y|x) does not work directly
because of conditioning on x. Since x is assumed to be fixed under this paradigm, Arc
estimate the distribution of e by resampling residuals, defined to be weighted differences
between the observed values of the response and the fitted values under the linear

regression model. The weighted differences can be written as:

(EQ¥6)
e = Jw(y—E(y|x)) = ~Jw(y-y)
The bootstrap method by resampling residuals assumes that the linear regression

holds.
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The other way isthe “resampling cases’ paradigm that takes the point of view cases,
(y, x), are sampled from amultivariate distribution F(y, x). This bootstrap method in Arcis
very straightforward and estimate the distribution of (y, x) by resampling cases, defined to
be the multivariate vectors (y, x). It does not make any assumption about whether or not
the linear regression holds. The detailed information about the bootstrap methods

supported by Arc isavailablein (lain Pardoe, 2000).

6.2.3 Bootstrap Results Using Arc

Asshown in (EQ 3), COCOMO I uses alog-transformed regression model sampled
from a multivariate distribution, F(y, x). In order to estimate the distribution of (y, x) by
using the resampling cases paradigm in Arc, the same datasets used in cross-validation by
data splitting are used. As mentioned earlier, the TOOL ratings of al observations in the
first dataset are determined by the one-dimensional TOOL ratings and the TOOL ratings
for only data from 15 out of 161 project data points in the second dataset are the sum of

the products of the weighting values and the extended TOOL ratings.
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Data set = COCOMO | _1 TOOL, Nanme of Fit = L1

Nor mal Regression

Kernel nean function = ldentity

Response = log[ PM

Ter s = (LOd Sl ZE] PMATXLOF Sl ZE] PRECXLOJ Sl ZE] RESLX-
LOG Sl ZE] FLEXXLOF Sl ZE] TEAMXLOJ SI ZE] | og[ ACAP] | og[ AEXP] | og[ CPLX]
| og[ DATA] | og[ DOCU] | og[ LTEX] | og[ PCAP] | og[ PCON] | og[ PEXP] | og[ PVQL]
| og[ RELY] | og[ RUSE] | og[ SCED] | og[SITE] | og[ STOR] | og[ Tl Mg]
l'og[ TOOL] )

Coefficient Estimates

Label Estimate Std. Error t-val ue

Const ant 0. 952642 0. 106085 8. 980

LOF S| ZE] 2.13567 0.110230 19. 375
PVMATXLOJ Sl ZE] 0. 0175983 0. 0130047 1. 353
PRECXLOJ S| ZE] 0. 0288050 0. 0109798 2.623
RESLXLOJ Sl ZE] 0. 0312713 0. 0146951 2.128
FLEXXLOJ Sl ZE] 0. 00853516 0. 0166122 0.514
TEAMXLOGF SI ZE] 0. 00896105 0. 0185281 0. 484

| og[ ACAP] 1.05512 0. 310897 3.394

| og[ AEXP] 0. 120875 0. 356859 0. 339

| og[ CPLX] 0. 954477 0.222730 4. 285

| og[ DATA] 0. 800343 0.232736 3. 439

| og[ DOCU] 1.84820 0. 552754 3.344

| og[ LTEX] 0. 137340 0. 442661 0. 310

| og[ PCAP] 1. 30406 0. 334579 3. 898

| og[ PCON| 0. 645009 0. 373569 1.727

| og[ PEXP] 0. 966785 0. 440865 2.193

| og[ PVOL] 1.23328 0. 289703 4. 257

| og[ RELY] 0. 931019 0. 347286 2.681

| og[ RUSE] -0.722342 0. 609932 -1.184

| og[ SCED] 1.22439 0.281818 4. 345

| og[ SI TE] 0. 670258 0. 531335 1.261

| og[ STOR] 0. 935885 0. 374885 2. 496

| og[ TI ME] 1.51208 0. 368245 4.106

| og[ TOOL] 0. 929203 0. 367768 2.527

R Squar ed: 0. 963663

Si gma hat: 0. 318667

Nunmber of cases: 161

Degrees of freedom 137

Sunmary Anal ysis of Variance Table

Sour ce df SS VS F p- val ue
Regr essi on 23  368.948 16. 0412 157. 97 0. 0000
Resi dual 137 13.9122 0. 101549

Table 6.7. Fit of 161 project data (One-dimensional TOOL)
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Table 6.7 shows the regression fit by using the first dataset with the one dimension
TOOL rating scale. To begin a bootstrap analysis by using resampling cases from the
above fit, the following command can be used.

> (def c¢_1 (send L1 :bootstrap :nboots 1000 :method :c-boot))
:nboots - number of simulations
:method - bootstrap method
c-boot: resampling cases
r-boot: resampling residuals

This command creates a bootstrap object ¢ to be used for the “resampling cases’
paradigm. It makes 1000 boots that have the same size as that of the original dataset (161
project data). In order to get information about the bootstrap object, ¢, typed commands
can be used. For example, the following typed command creates the histograms for the
coefficient estimates.

> (send c_1 :histograms)

Figure 6.1 shows the histogramsfor Intercept and log[ TOOL]. All histogramsfor the

coefficient estimates are available in Appendix B. The two histograms with superimposed

Gaussian kernel density smooths indicates that there is a near-normality

101
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Figure 6.1. Histogramsfor Intercept and log[TOOL ]

Like the above command to get a histograms, the following command produces a
probability plot of the studentized bootstrap estimates with at distribution on n - p degree
of freedom.

> (send cl :probability-plots)

Here is the definition of the studentized bootstrap slope estimates that comes from
the* § *isto © as O isto 8” idea
(80 - 60)/se(Bp)
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where

éo*: the bootstrap estimate of 6, and éo: the usual estimate of 6,

se(éo*): the bootstrap estimate of the standard error of éo

Two probability plots for Intercept and log[TOOL] shown in Figure 6.2 with
superimposed lines indicate that there is near-normality. The points in the two plots are

close to astraight line. All probability plots are also available in Appendix B.

",

Intercept
a

—
@ .-;_

-4 =d [ £ 1 -4 -2 il i q
£ 138 quantiles t_128 guantiles

@ (b)

Figure 6.2. Probability Plotsfor Intercept and log[TOOL]

Another bootstrap object is created by using the resampling cases method in Arc
with the regression fit shown in Table 6.8 obtained from the second dataset in which the
TOOL ratings of data from 15 out of 161 projects are determined by using the extended
three TOOL rating scales. The histograms and the probability plots obtained from the
bootstrap object are also displayed in Appendix B indicating that there is also near-

normality.
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Data set = COCOMO | _3_TOOL, Nanme of Fit = L1

Nor mal Regressi on

Kernel nean function = ldentity

Response = | og[ PM

Ter ns = (LOF Sl ZE] PMATXLQOF Sl ZE] PRECXLOJ Sl ZE] RESLXLOJ S| ZE]
FLEXXLOJ S| ZE] TEAMXLOJ Sl ZE] | og[ ACAP] | og[ AEXP] 1 o0g[ CPLX] | og[ DATA]
| og[ DOCU] | og[ LTEX] | og[ PCAP] | og[ PCON] | og[ PEXP] | og[ PVO.] | og[ RELY]
| og| RUSE] | og[ SCED] | og[SITE] |og[STOR] |og[TIMg | og[TOC])
Coefficient Estimates

Label Esti mate Std. Error t-val ue

Const ant 0. 944937 0. 106041 8.911

LOF Sl ZE] 2.14319 0. 109983 19. 486
PMATXLOF S| ZE] 0. 0167201 0.0129698 1. 289
PRECXLOJ S| ZE] 0. 0279765 0. 0109755 2.549
RESLXLOJ S| ZE] 0. 0320644 0. 0146620 2.187
FLEXXLOF S| ZE] 0. 00773647 0. 0165750 0. 467
TEAMXLOF S| ZE] 0. 00948770 0.0184777 0. 513

| og[ ACAP] 1. 03455 0. 308768 3.351

| og[ AEXP] 0. 153244 0. 356819 0. 429

| og[ CPLX] 0. 970973 0.222219 4. 369

| og[ DATA] 0. 794825 0.231921 3. 427

| og[ DOCU| 1. 84466 0. 551029 3. 348

| og[ LTEX] 0. 130685 0.441287 0. 296

| og[ PCAP] 1. 31465 0. 333095 3.947

| og[ PCON| 0. 632973 0. 372297 1.700

| og[ PEXP] 0. 904631 0. 443070 2.042

| og[ PVQL] 1. 24179 0. 288457 4. 305

| og[ RELY] 0. 923364 0. 346244 2. 667

| og[ RUSE] -0.702669 0.608173 -1.155

| og[ SCED]| 1.20785 0.281471 4,291

| og[ SI TE] 0.713771 0.531717 1. 342

| og[ STOR] 0.916076 0. 374280 2.448

| og[ TI VE] 1.50943 0. 367092 4.112

| og[ TOOL] 0. 967892 0. 358490 2.700

R Squar ed: 0. 963891

Si gnma hat : 0. 317665

Nurmber of cases: 161

Degrees of freedom 137

Sumary Anal ysis of Variance Table

Sour ce df SS VB F p- val ue
Regr essi on 23 369. 036 16. 045 159. 00 0. 0000
Resi dual 137 13. 8249 0. 100911

Table 6.8. Fit of 161 project data (Three-dimensional TOOL)

Table 6.9 shows the standard error and bias estimates obtained from the two

bootstrap objects. The standard error estimates compare with the usual estimates in Table
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6.7 and Table 6.8, obtained from the usual estimates with the two datasets, respectively.

Note that the usual nominal regression estimates of standard error are the ideal bootstrap

estimates of standard error as the number of boots - o adjusted by ([n/ (n- K)] 1/2). The
bootstrap estimates of bias can be calculated as shown in (EQ 7) from the idea ” é "isto

é as é isto 8 ”. Those bootstrap estimates of bias for al predictor variables in the

regression are relatively small because the usual normal regression estimates are unbiased.

(EQ7)
BiaSyootstrap = 0 () - 6
Where
0; : it" coefficient in the regression

6; *(.): the average of 6;"'s
When compared with the bootstrap estimates of standard error and bias for
log[ TOOL] obtained from the one-dimensional TOOL dataset, the bootstrap estimates of
standard error are a little bit smaller. Also, the bias estimate is reasonably small. That is,
the norma regression model with three-dimensional TOOL ratings is better fit to the
observations in the second dataset. Again, the differences are not great, but the results are

stable and in the right direction.
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One-Dimensional TOOL Three Dimensional TOOL

Coefficients
Sd-Error Bias Sd-Error Bias
| nt er cept 0.129501 | -0.007315 0.124337 | -0.006441
LOd Sl ZE 0.129664 0. 024798 0. 125930 0. 027982
PVMATXLOF S| ZE] 0. 016358 | -0.002399 0. 016306 | -0.003945
PRECXLOJ S| ZE] 0. 014236 | -0.001885 0. 014023 | -0.001870
RESLXLOF S| ZE] 0. 016678 0. 000046 0. 016437 0. 001374
FLEXXLOF S| ZE] 0. 018616 | -0.000723 0. 018495 | -0.000424
TEAMXLOG SI ZE] 0. 020669 0. 001350 0. 020203 0. 000824
| og[ ACAP] 0.300547 | -0.015081 0.306939 | -0.015901
| og[ AEXP] 0. 458397 0. 099686 0. 408997 0.106427
| og[ CPLX] 0.214933 | -0.026814 0.206705 | -0.032947
| og[ DATA] 0.261370 | -0.015302 0. 251062 0. 010646
| og[ DOCU] 0. 672710 | -0.080994 0.677146 | -0.034751
[ og[ LTEX] 0. 553945 0. 056942 0. 545734 0. 078652
| og[ PCAP] 0.352869 | -0.019446 0.351389 | -0.016883
| og[ PCON] 0. 451627 0. 010159 0. 455042 0.011140
| og[ PEXP] 0.480671 | -0.126271 0.456292 | -0.136301
[ og[ PVAL] 0. 308297 0. 006236 0.318286 | -0.000514
| og[ RELY] 0.402958 | -0.011795 0.409612 | -0.039123
| og[ RUSE] 0.831980 | -0.052474 0.810184 | -0.052127
| og[ SCED] 0. 348284 0. 015908 0.331593 | -0.024937
[ og[ SI TE] 0. 584291 0. 086295 0. 589103 0.114096
| og[ STOR] 0. 969903 0. 382749 0. 967008 0. 438698
[ og[ TI ME] 0. 604294 | -0.155874 0.585690 | -0.192345
[ og[ TOOL] 0.392941 0. 030489 0. 359567 0. 042730

Table 6.9. Bootstrap standard-error and bias

Three confidence intervals for each coefficient estimate such as normal theory
confidence interval, bootstrap confidence intervals using both percentile method and BCa
method are calculated in Arc by typing the following command.

> (send c :display-confidence-intervals)

For the simplicity of the comparison, Table 6.10 shows the percentile bootstrap

confidence intervals for the coefficient estimates that use percentiles of the empirical

distribution of the bootstrap estimates to estimate percentiles of the true distribution of the
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coefficients. The detailed information on the three confidence intervals are available in

(lain Pardoe, 2000). The default level for the confidence intervals is 95%. In repeated

datasets, the true population mean will be included in the 95% confidence intervals. When

compared with the normal regression estimates for the coefficientsin Table 6.7 and Table

6.8, respectively, the percentile bootstrap confidence intervals indicates that the

resampling results agree closely with those obtained from standard methods.

Coefficients One-Dimensional TOOL Three Dimensional TOOL
| nt er cept (0.693841 1.18144) ((0.701122 1.20092)
LOF Sl ZE (1.90445 2.41717) (1.92887 2.42048)
PMATXLOJ S| ZE] (-0.0208585 0.0447204) (-0.0211637 0.0422511)
PRECXLCOJ S| ZE] (-0.00222309 0.0533572) (-0.00235009 0.0523237)
RESLXLCOJ S| ZE] (-0.0005743 0.0641629) (0.0016363 0. 0655087)
FLEXXLOJ S| ZE] (-0.0275789 0. 0452344) (-0.0277733 0. 0464793)
TEAMKLOF SI ZE] (-0.0303952 0. 0515796) (-0.0296432 0.0478585)
| og[ ACAP] (0.434194 1. 67577) (0. 449679 1.64775)
| og[ AEXP] (-0.689046 1.11136) (-0.505828 1.0968)
| og[ CPLX] (0.514885 1.34717) (0.530155 1.35197)
| og[ DATA] (0.269012 1.25981) (0.310233 1.29736)
| og[ DOCU| (0.490531 3.14065) (0.479138 3.08239)
| og[ LTEX] (-0.863201 1.38017) (-0.874451 1.30694)
| og[ PCAP] (0.618606 1.98188) (0.585507 1.99207)
| og[ PCON| (-0.212051 1.59456) (-0.211628 1.54548)
| og[ PEXP] (-0.0449577 1.82346) (-0.166268 1.70002)
| og[ PVQL] (0.647702 1.83542) (0.634722 1.91595)
| og[ RELY] (0.00599703 1.59866) (-0.117272 1.57073)
| og[ RUSE] (-2.32187 0.900462) (-2.21625 0.889567)
| og[ SCED] (0.592632 1.99417) (0.607387 1.9011)
| og[ SI TE] (-0.327599 1.92736) (-0.248572 2.02885)
| og[ STCR] (0.048242 3.24556) (0.0102692 3.18507)
| og[ TI ME] (0.194714 2.47158) (0.173605 2.36188)
| og[ TOOL] (0.184884 1.67873) (0.340032 1.71783)

Table 6.10. Percentile bootstrap confidenceintervals

Once again, most of the percentile confidence intervals from three dimensional

TOOL data set are narrower than those obtained from one-dimensional dataset.
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Especidly, the confidence interval for the coefficient of log[TOOL] from three-
dimensional dataset has a smaller region than that from one-dimensional dataset shown in
Figure 6.3. That is, the extended three dimensional TOOL rating scales (TCOV, TINT,
and TMAT) gives a better fit of regression estimates than the one-dimensional TOOL

rating scale does.

3 Dimensional TOOL | |
(TCOV, TINT, and TMAT) 0.340032 1.71783

1 Dimensional TOOL | |
0.184884 1.67873

| | | | |
0.0 05 10 15 2.0

Figure 6.3. Percentile bootstrap confidenceintervalsfor log[ TOOL ]

6.3 Summary of Cross Validation

The two cross validation methods (cross-validation by splitting data and bootstrap
supported by Arc) and their simulation results are described in the above sections. In the
cross validation by splitting data, two experiments are performed with 15 intentionally
selected validation subsamples and 46 randomly selected validation subsamples. In the
first experiment, the cross-validation result indicates that the observationsin the validation
dataset using three dimensional TOOL rating scale is better fit to the normal regression
obtained from the same construction dataset than those in the validation set using the one
dimensional TOOL rating scale. In the second experiment with the 46 randomly selected
validation dataset, the cross-validation result also shows that PRESS for the dataset using

the three dimensional TOOL rating scales is smaller than that for the dataset using one
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dimensional TOOL rating scale. That indicates that better regression models can be found
when the extended TOOL rating scales (TCOV, TINT, and TMAT) are used.

In the bootstrap simulations, the histograms and the probability plots for the
coefficient estimates with 1000 boots indicates that there is near-normality for both one
dimensional and three dimensional TOOL datasets. With comparison with standard error
and bias obtained from the dataset using one dimensional TOOL rating scale, the
simulation result indicates that those values can be reduced when the extended TOOL
rating scales are used. The percentile bootstrap confidence intervals also shows that better
regression models can be found with the dataset using three dimensional TOOL ratings.

Since only 15 out of 161 project data have information about the three TOOL rating
scales, the simulation results for the cross-validation show a little bit of improvement in
the values such as PRESS, standard error, and so on. If the TOOL rating for every
observation is determined by the extended three TOOL rating scales, there may show

more improvements in those values.
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7.0 Conclusions

This chapter summarizes the key contributions of this dissertation and suggests some

research directions to be pursued in the future.

7.1 Summary of Contributions

1. The classification of CASE tools based on the breadth of their coverage in a soft-
ware life-cycle is suggested to provide a clearer conceptual basis than any other classi-
fications. It gives a visual coverage of CASE tools and technologies horizontally and

vertically in a software production process.

2. As an extension of COCOMO |1, a set of three dimensional TOOL rating scales is
proposed to effectively evaluate CASE tools. In the Bayesian result of COCOMO
[1.2000, the productivity range of the effort multiplier TOOL shows arelatively high
pay-off in software productivity improvement activities. However, the TOOL ratings
focuses on only functionalities supported by CASE tools without considering other
important factors such as degree of tool integration, tool maturity, and user support.
Thus, the one dimensional TOOL rating scale is extended into the three dimensional

rating scales (TCQOV, TINT, TMAT) to reflect those factors.

3.1n order to find the best fit of the weighting values for the extended three dimen-
sional TOOL rating scales, the Bayesian approach is used to combine Delphi (expert-
judged) and Sampling (data-determined) information. When the TOOL rating is deter-

mined by the sum of the products of each weighting value obtained from Bayesian and
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rating, it yields a prediction accuracy of PRED(.10) = 87% on 15 projects. Whereas,
the COCOMO Il Bayesian that use the one-dimensional TOOL rating scale yields a

poorer accuracy of PRED(.10) = 67%.

4. The research model demonstrates a method to calibrate an individual contribution to
a set of multidimensional parameter contributions by breaking one TOOL rating scale
into three TCOV, TINT and TMAT. This method can applied to the other parametersin

the COCOMO Il model and also in other parametric models.

5.1t isvery hard to collect new project datain practice. The two cross validation meth-
odologies (Data Splitting and Bootstrap) are introduced to validate the research model.
The validation set in Data Splitting and the boots in Bootstrap are used for the valida-
tion of aregression model in the same way asin the newly collected dataset. The sim-
ulation results indicates that better regression models can be found when the extended

TOOL rating scales are used.

7.2 Future Research Directions

1. A huge number of CASE tools are produced every single day and new CASE tech-
nologies are introduced by researchers in the field. Thus, the extended TOOL rating
scales and the classification should be refined with more available CASE tools and
technologies in the future CASE market. The behavioral analysis of CASE tool effects

should be refined, too.
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2. For this research, only a small set of project data,15 projects, that have information
about the extended three dimensional TOOL rating scales are adopted from the
COCOMO |1 database. Once enough project data with three dimensional TOOL rating
scales is collected, the weighting values for the three TOOL rating scales should be

recalibrated via the Bayesian approach.

3.Data for interaction among the three TOOL rating scales should be collected to
assess the individual impact as well as the combined impact on software devel opment

effort.

4. The calibration for the next version of COCOMO Il should be performed with and
without the extended three dimensional TOOL rating scales. The analyzed results of

the calibration will be compared based on the prediction accuracy.

5. The Improvement of CASE tools to get a higher productivity involves many eco-
nomic problems such as software acquisition, training, maintenance costs, and so on.
TOOL ROI (Return On Investment) should be analyzed to determine under what con-
ditions the investment on CASE tools can be economically justified to improve soft-
ware development productivity. It would be very useful to support ROI analysisviaa

software tool and integrate it with USC-COCOMO |1 software.
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Appendix A. Delphi Questionnaire

Delphi Questionnaire of COCOMO Il TOOL Components

Obj ective: Obtain consensus-based weighted value for each of the extended three TOOL
rating scale parametersto initiate Bayesian analysis.

Coordinator:

Participants:

Approach:

Jongmoon Baik

Graduate Research Assistant
USC-CSE
jobaik@sunset.usc.edu
Phone: 1-213-740-6470
FAX: 1-213-740-6470

COCOMO Il team at USC and interest Affiliates

Coordinator provides participants with Delphi Instrument. Participants
input weighted values for three TOOL rating scales matching their experi-
ence. They provide the response to the coordinator. The results obtained by
Delphi technique will be provided to the participants.
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Delphi I nstrument

As one of extensionsto COCOMO Il model, we devel oped three dimensional TOOL
rating scales such as completeness of tool coverage, degree of tool integration, and tool
maturity/user support to assess the more accurate impact of software tools on predicting
software development efforts. we plan to do a Bayesian analysis for calibrating the
weighted values of three new TOOL rating scales. This Bayesian analysis requires infor-
mation on the relative dispersion of the expert-judgement-based a-priori weighted value
for each of the extended three TOOL rating scales.

We plan to do this Delphi exercise involving the COCOMO |1 affiliates. Attached is
the delphi questionnaire on which you enter your best estimate of the initial weighted val-
ues based on your valuable experience. The result of the Delphi will determine the a-priori
values and dispersions for the new three TOOL rating scale calibration. We estimate that
thiswill take you less than 10 minutes to compl ete.

Thefollowing istheinitial experimental result of the weighted values for the three TOOL
rating scale we found by using Bayesian analysis. You can input just those val ues based on
your experience.

TCOV TINT TMAT TOTAL

Weighted Values 0.444 0.349 0.207 1.00
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Partici

Delphi Data Collection | nstrument

pant’s | nfor mation:

Name E-mail address
Phone No. Fax No.
Snail Mail

USC-CSE Contact Point:

For any questions or comments, please contact:
Jongmoon Baik

Graduate Research Assistant

USC-CSE

jobaik@sunset.usc.edu

1-213-740-6505

Data Submission Address:

Jongmoon Baik

Center for Software Engineering
Department of Computer Science
Salvatori 329

University of Southern California
941 W. 37th Place

Los Angeles, CA 90089-0781
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COCOMO 11 TOOL Components

1. Completeness of Activity Coverage (TCOV)

This measure captures how well the software tools support given tasks in a software
life-cycle process based on functionality and breadth of life-cycle coverage. It rangesfrom
simpletools, Very Low, to Groupware and Distributed systems, Extra High.

Very Low Low Nominal High Very High | ExtraHigh
Compl ete- Text-Based Graphical Local Syntax Loca Seman- Globa Seman- | GroupWare
f Editor, Basic Interactive Checking Edi- tics Checking tics Checking systems, Dis-
nesso 3GL Com- Editor, Simple | tor, Standard Editor, Auto- Editor, Tailor- tributed Asyn-
Activi ty piler, Basic Design Lan- Template Sup- matic Docu- able Auto- chronous
I library Aids, guage, Simple port Docu- ment matic Requirement
overage Basic Text- Programming | ment Generator, Document Negotiation
based Debug- Support Generator, Requirement Generator, and Trade-off
ger, Basic Library, Simple Design Specification Requirement tools, Code
Linker Simple Met- Tools, Simple Aids and Ana- Specification Generator with
ricsAnalysis Stand-alone lyzer, Aidsand Ana- Extended
Tool Configuration Extended lyzer with Round-Trip
Management Design Toals, Tracking Capa- | Capability,
Tool, Standard Automatic bility, Extended
Data Transfor- Code Genera- Extended Associative,
mation Tool, tor from Design Tools Active Reposi-
Standard Sup- Detailed with Model tory, Spec-
port Metrics Design, Cen- Verifier, Code based Static
Aidswith tralized Con- Generator with | and Dynamic
Repository, figuration Basic Round- Analyzers,
Simple Reposi- | Management Trip Capabil- Pro-active
tory, BasicTest | Tool, Process ity, Extended Project deci-
Case Analyzer Management Static Anadysis | sion Assistance
Aids, Partially Tool,
Associative Basic Associa-
Repository tive, Active
(Simple Data Repository
Model Sup- (Complex Data
port), Test Model Sup-
Case Analyzer port),
with Spec. Ver- | Heteroge-
ification Aids, neous N/W
Basic Reengi- Support Dis-
neering & tributed Con-
Reverse Engi- figuration
neering Tool Management
Tool,
Test Case Ana
lyzer with Test-
ing Process
Manager, Ora-
cle Support,
Extended
Reengineering
& Reverse
Engineering
Tools
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2. Degree of Tool Integration (TINT)

Thisisthe measure of how well integrated software tools in development environ-
ments. If software tools are highly independent of each other, TINT is Very Low. If soft-
ware tools are very tightly integrated, TINT is Extra High.

Very L ow Low Nominal High Very High | ExtraHigh
Degree of Individual File | VariousFile Shared-Stan- Shared Reposi- | Highly Asso- Distributed-
Tool Inte- Formats for Formats for dard Data tory, Point-to- ciative Reposi- | Associative
ar ation Tools (No Each Tools Structure, Mes- | Point Message | tory, Point-to- Repository,
Conversion (File Conver- sage Broad- Passing, Cus- Point Message | Extended
Aid), No Acti- sion Aids), castingthrough | tomizableUser | Passing Using Point-to-Point
vation Control Message Message Interface Sup- reference for Message Pass-
for Other Broadcasting Server, Stan- port, Largely Parameters, ing for Tool
Tools, Differ- to Tools, Some | dard User Workable Some level of Activation,
ent User Inter- Standardized Interface Use Incompatibili- Different User Complete Set
face for each User Inter- among Tools, ties among Interface, of User Inter-
Tools, Funda- faces among Reasonably Process Largely Con- facefor differ-
mental |ncom- Tooals, difficult | Workable Assumptions sistent among ent level of
patibilities Incompatibili- Incompatibili- and Object Process Users, Fully
among Pro- ties among ties among Semantics Assumptions Consistent
cess Assump- Process Process and Object among Pro-
tions and Assumptions Assumptions Semantics cess Assump-
Object Seman- | and Object and Object tionsand
tics Semantics Semantics Object Seman-
tics
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3. Tool Maturity and User Support (TMAT)

Thisrating isthe measure of how mature software tools in the market and what kind of
services are provided by software vendors. The ratings are defined in terms of the software
tools equivalent level of the survival length after their rel ease and services. For tool matu-
rity, avery low rating is for the software tools whose version isin pre-release beta-test
process. A extrahigh rating is fro the software tools which is available more than 3 years
after their release. For user support, avery low rating is for the software tools that is sup-
plied with only simple documents. A extra high rating is for the software tools that is sup-
plied with strong on-site support group from the vendors. Some amount of judgement is
required to combine two aspects of tool maturity and user supports.

Very Low Low Nominal High Very High | ExtraHigh
Tool M atu- Versionin pre- Version on \ersion on \ersion on Version on \ersion on
rity and release beta- market/avail - market/avail- market/avail- market/avail- market/avail-
User Sup- test, Simple ablelessthan6 | ablebetween6 | ablebetween1l | ablebetween2 | able morethan
documentation month, Up- months and 1 and 2 years, and 3 years, 3years

port and help dated docu- year, On-line On-line User On-Site Tech-

mentation, help | help, tutorial Support Group | nical User Sup-

available available port Group
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4. Weighted Valuesfor the COCOMO |1 TOOL Components

The COCOMO Il TOOL rating can be determined by weighted sum of the three
TOOL rating scales as the following.

Please, input the relative weighted values for the extended TOOL rating scales

TOOL = b, CTCOV + b, CTINT + by CTMAT

based on your experience.

3
Sh=1
i=1

TCOV

TINT

TMAT

TOTAL

Weighted Values

1.00
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Appendix B: Bootstrap Histograms and Probaility Plots

B.1 Histograms (One dimensional TOOL)
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B.2 Probability Plots (One dimensional TOOL)
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B.3 Histograms (Threedimensional TOOL)
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B.4 Probability Plots (Three dimensional TOOL)
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