MODELING RESOURCES

There are avariety of reasons for modeling resources. We may wish to do an initid prediction of
resources, i.e., based upon a set of factors that can be estimated about a project, we can try to predict
total effort, cost, saffing, computer use, etc.

We can develop descriptive modes of the development pattern, that is show how and when resources
get dlocated. This providesingghts into what is going on, shows how different parameters change the
resource alocation pattern, helps us evauate the effects of various techniques and methods so we can
better engineer software, and provides basdlines from which to plan future developments.

We can use resource modeling to help predict the resources to be used in the next phase based upon
the current phase. Thisis amore detailed application of theinitia prediction activity mentioned above.
That is, given where we are in the project, the modd should tell us what should happen next. If it
doesn4, why not; isit asign of trouble, etc.?

Lastly we can use the modd for vadidation of our understanding of the environment, i.e., does the model
explain our behavior and environment, do the factors (parameters) agree with our environmental factors,
and are they cdibrated correctly?

A good mode explains our behavior and the development environment. Its parameters are calculable
from known or essy to edimate data e.g., maximum gtaffing, time to delivery, complexity of the
software, number of lines of code, number of modules, number of I/O formats, type of software,
amount of old/new software (design, code, specification). The parameters describe and can be
cdibrated for our environment, redundancy checks and risk andysis factors are available and when the
model doesn work, we can gain indght into why and what is different about the environment than was
expected or how to improve the mode or better calibrate it to the environment.

There are a variety of resource mode s that provide descriptions of such resources as effort, saffing,
cost, computer use, and calendar time. These models can be categorized with respect to type of formula
used for totd effort. Models can be distinguished as single variable vs. multi-variable, empiricaly based
or theoretically based. Some describe the dynamic alocation of resources while others give asingle
overdl figure. Some are defined at the macro level, based on high level parameters while others are
defined at the micro levd.

Early on Barry Boehm collected deta to provide some ingghts into where the effort resources were
being spent. He surveyed severd projects and collected data within his own organization, TRW. The
results of thisstudy are givenin Figure 7.1.

Based upon this data, the 40-20-40 rule-of-thumb came into practice, i.e. 40% of the resources should

be spent on andlysis and design, 20% on code, and 40% on checkout and test. However, thisisa
misinterpretation of the data. The data represents phase data data, rather than actua resource
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expenditures, i.e., a better interpretation of the data might be that 40% into the resources the design
completion milestone should be reached, and 60% into the resources, the code completion data should
be reached. This provides data for management as to when various milestones are gppropriate.

Figure 7.2 provides smilar datafrom IBM and the SEL at NASA Goddard Space Flight Center asa
basis for comparison. In this data, another category, other, is present. Other represents resource effort
that is not associated with a particular phase of the life cycle, eg. training, meetings, etc.

Where Does the Software Effort Go?

Analysis Coding Checkout
and and and
Design Auditing Test
Sage 39% 14% 47%
NTDS 30 20 50
Gemini 36 17 47
Saturn V 32 24 44
S/360 33 17 50
TRW Survey 46 20 34

Figure 7.1 PROFILE DATA EFFORT BY PHASE

Examining the firgt three columns, it should be noticed that the data from the three environments are
different, i.e. the design effort varies from 40% to 35% to 20%, code effort varies from 20% to 30% to
45%, and test effort varies from 40% to 25% to 28%. Only two organizations report effort in the other
category. There are severd explanations for this. First, each of the organizations may alocate different
activitiesto the phases, eg., in the SEL, the life cycle starts with functiond specification andysis and
design, which are what andysis and design mean. Second, each organization may have a different point
a which they define their milestones, e.g., the SEL defines the analyss and design phaseto end a PDR
(prliminary design review). Clearly, the interpretation of the data is highly dependent upon the
environmental characterigticsin which it was collected. That makes it very difficult to compare across
environments.

It should also be noted that there are two sets of data for the SEL environment. That is because two
types of data are collected, phase date data and activity data. The phase date data represents the
total amount of effort expended each week by each staff member within the dates established for the
phase. The activity dataisthe tota amount of effort expended on each activity by each staff member
each week. These figures are not the same because staff member perform activities in phases other than
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the named phase they are in. For example, coding may begin on some components before the design
end milestone occurs. Also, design may continue to occur after the design end milestone because the
design may not be complete or some redesign may be necessary.

Activity patterns do not necessarily follow date patterns. Both sets of data are important. The activity
data provides ingght into the actud effort expended in each activity. The phase data provides ingght into
how management should alocate milestones.

The other category in the SEL activity column is 27%. This saysthat project staff spend 27% of ther
time performing activities chargeable to the project but not directly associated with a project activity,
i.e, travel, education, meetings, etc. Actudly the figure for the SEL is estimated aslow compared to
what that figure might be in other organizations. It is worth noting thet if one estimates solely on the basis
of activities, the esimation would be 27% low in the SEL.

TRW IBM SEL
Phase Activity
Design 40 35 20 21
Code 20 30 45 28
Checkout/Test 40 25 28 23
Other 10 5 27

Figure 7.2 Comparison of Resource Effort Data

Static Single Variable Resour ce Models

The most basic modd is the static Single variable resource model. The effort equation isbased on a
sangle variable, usudly ameasure of size. There are severd possible variations on the basic equations:
Effot=A* g9ze+C
Effort = A * size®
Effort=A * 5ze® + C
where A, B and C are congtants determined by regresson andysis on historica data. In this reationship
effort may be measured in staff hours, weeks, months, or years and Sze may be measured in avariety of
forms, eg., lines of code, modules, 1/0O formats.

Sincegzeisthetypica base measurement, we need mechanisms for estimating the sze of asystem. The
most traditional gpproaches, suggested by Ray Wolverton, are top-down estimating, smilarities and
differences estimating, ratio estimating, Sandards estimating, bottom-up estimating, or a combination of
two or more basic methods.

Top-down estimating is based upon comparing the new system with prior syssems of asmilar type
and modifying the estimate based upon intuition. It is used asto get a bdlpark figure for the system cost
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and requires historica data on prior projects of asmilar type Similarities and differ ences estimating
subdivides the project into units where smilarities to and differences from known units are available
activities. It can be viewed as amore detaled verson of top down estimating. Ratio estimating uses
more detailed datain the form of anticipated number of lines of object code and type and complexity of
component, which are assumed to be invariant, to develop ratios of cost per indruction. It isusudly
done to provide more detailed estimates on smaler system units. Standar ds estimating relieson a
table of sandard costs for specific functions. Aswith al the other gpproaches it assumes historica data
that can be packaged in aform specificaly usable for sze esimation. The last gpproach is bottom-up
estimating, which can be done when thereislittle information available from prior sysems of asmilar
kind. It relies on bresking the task down into rdatively smal work units until each of the unitsis easy to
estimate. In mogt Situations a combination of these gpproachesis used.

Typicd to any estimation gpproach is to gather data from more than one source, i.e., get the estimates
from three people, each of which may have used a different gpproach. 1dedly, the estimator should as
for three numbers, the maximum possible sze, the minimd possble sze and the expected Sze. This
gpproach has the benefits of diminating potentia optimism or pessmism and providing a st of bounds
on the estimate.

An excdlent example of a gtatic sSngle variable resource modd was proposed by Claude Waston and
Chuck Felix a IBMAs old Federd Systems Division. They developed a rdationship between size and
effort usng the equation

E=A*SZE®
Their god was to measure the rate of production of lines of code by projects, influenced by a number of
product conditions and requirements. Based upon a data base of 60 projects, ranging in size from 4K to
467K source lines of code, from 12 to 11,758 staff months, over avariety of task types, gpplications
and programming language, they used a regresson equation to fit the deta, yidding a rdationship

E=52L%"

where E = effort in gaff months, and L = lines of code in thousands.

Besides the basic effort/ sze rdationship , the examined the rdationship between avariety of other
factors avallable in the data base, e.g., pages of documentation, project duration, and average staff sze.
The full set of derived equations are:

E=52L%"

DOC = 49L**"

D=41L%

D =247E%®

S= 54E°
where E = effort in gaff months, L = lines of code in thousands, DOC = documentation in pages, D =
project duration in cdendar months, and S = average saff Sze=E/D

To provide better ingght into influence of avariety of variadle and ad in the estimation process they
examined the effect of 68 variable with regard to their effect on productivity. Of the 68 variable
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examined, 29 showed significantly high corrdation with productivity. These 29 varigbles, dong with their
effect are givenintable 7.3

They used these 29 variables for esimating effort by combining them into a productivity index,
29
=S Wi Xi
i=1
where W,; = question weight (1/2 logyo (ratio of productivity change for question 1) and X; = question
response (+1, O, or -1), depending on whether the responses indicate increased, nominal or decreased
productivity.

The productivity index is used to adjust the initid estimator from the basdline equation by explaining
deviations from the norm.

Response Group

Question or Variable Mean Productivity Change
(DSL/MM) (DSL/MM)

Customer interface <normd normd >pormd
complexity 500 295 124 376
User participation in none ome much
the definition of 491 267 205 286
requirements
Customer originated few many
program design changes 297 196 101
Customer experience none some much
with the gpplication 313 340 206 112
area of the project
Overdl personnd low average high
experience and 132 257 410 278
qudifications
Percentage of program- < 25% 25-50% > 50%
mersdoing development 153 242 391 238
who participated in de-
sgn of functiond
Specifications
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Previous experience
with operationa
computer

Previous experience
with programming
languages

Previous experience
with application of
amilar or gregter 9ze
and complexity

Ratio of average staff
Sizeto duration
(people/month)

Hardware under con-
current development

Development computer
access, open under

specia request

Development computer
access, closed

Classfied security en-
vironment for computer
and 25% of programs
and data

Structured programming

Design and code
inspections

Top down devel opment

Chief programmer
team usage

minimal
146

minima
122

minimal
146

<0.5
305

no

297

0%

226

0-10%

303

no
289

0-33%
169

0-33%
220

0-33%
196

0-33%
219

average
270

average
225

average
221

0.5-0.9
310

1-25%
274

11-85%
251

34-66%

34-66%

300

34-66%
237

34-66%

7.6

extendve
312

extendve

extendve
410

>0.9
173

yes

177

>25%

357

>85%

170

yes
156

66%
301

>66%
339

>66%
321

>66%
408

166

263

264

132

120

131

133

133

132

119

125

189



Overd| complexity
of code devel oped

Complexity of appli-
cation processing

Complexity of program
flow

Overdl condraints
on program design

Program design con-
draints on main storage

Program design con-
graints on timing

Code for real-time or
interactive operation,or
executing under severe
timing condraint

Percentage of code for
ddivery

Code classified as non-
mathematical applica
tion and /O formatting
programs

<average

314

<average

349

<average
289
minima
293
minimal
391
minimda
303

<10%
279

0-90%
159

0-33%
188

Number of classes of items 0-15

in the data base per 1000

lines of code

Number of pages of de-
livered documentation
per 1000 lines of
ddivered code

334

0-32
320

average

average
299

average
286

average
277

average
317

10-40%
337

91-99%
327

34-66%
311

16-80
243

33-88
252

>average
185 129
>average
168 181
>average
209 80
svere
166 107
svere
193 193
svere
171 132
>40%
203 76
100%
265 106
67-100%
267 79
>80
193 141
>88
195 125

Figure 7.3 VARIABLES THAT CORRELATE SIGNIFICANTLY WITH

PROGRAMMING PRODUCTIVITY AT IBM/FSD
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In an attempt to understand the SEL. environment and to validate the effort equation proposed by
Waston and Felix, the SEL studied the equation. One question was, do the W/F equations hold in other
environments?

As part of the study, severd other variables were included in the study because the represented data
that was rdevant or available in the environment. For example since afair amount of codeis reused
from prior systems, and new size variable, DL = number of developed source lines of code was
congdered. It was estimated that the cost of reusing old code was about 20% of the cost of new code.
(Thereisacost since the old code has to be understood and integrated and tested into the new system.
Thus DL = new code + 20% reused code. Since modules (FORTRAN subroutines were apossible
mechanism for esimation, avariable M = total number of modules was added, as wdll asthe varigble
DM = totd number of developed modules, i.e., dl new or more than 20% new. In order to understand
the effect of reuse on productivity, the variables P = productivity = L/E, RDTODL = ratio of
developed to totd lines of code (which takes on the vdue .2 if dl the codeisold and | if dl the codeis
new), and RDTODM = ratio of developed to total modules.

The SEL data considered in the study consisted of 15 projects dealing with ground support software,
ranging in size from 2K to 101K developed source lines (DL), with a duration ranging from 4.6 to 17.4
months, effort ranging from 5 to 138 staff months, average staff size from 1 to 8 people, productivity, in
terms of lines of source code per staff month, from 413 to 1068 devel oped source lines/staff month
with an average of 668 developed source lines/staff month. The data covers design through acceptance
test and includes the effort of managers, programmers and support staff.

The figures show that the SEL datais about one standard error of estimate below the estimate by the
Wadgon/Fdix equations. Thisis not surprising since the IBM/FSD data base was filled with one of a
kind projects, which the organization was developing to keep up with the state of the art. On the other
hand, the SEL was developing projects of acommon gpplication which were essentidly of asimilar
design. There were no new date of the art developments there. The actud fit to the SEL dataisE =
1.38L* with a standard error of estimate of SE = XX and a coefficient of determination R = XX This
means the SEL generated equation was much more appropriate for the SEL environment. However,
snce the SEL type projects were a the lower end of the complexity scale for the IBM data base and
the SEL data was on standard estimate of error away form the norm, it probably aso meansthe
Waston/Felix equation is reasonable, but clearly not a sufficiently good estimator for SEL projects.

When the varigble DL is used, it generates an equation of the form E= 1.48DL % whichisdmost a
graight line. The standard error of estimate improves to SE= 1.29 and the coefficient of determination
improvesto R = .96. Clearly, DL gives abetter estimate than L, assuming DL can be approximated
reasonably well in the environment.

The variable DM does not give as good an estimate, yielding and equation E = .185DM*® with a
standard error of estimate of SE = 11.9 and a coefficient of determination R? = .88.
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The duration versus effort equation for the SEL datais D = 4.39E% with a standard error of estimate
of SE = 1.37 and a coefficient of determination R = .52., as opposed to D = 2.47E* for the Walston
Felix data, with astandard error of estimate of SE = 1.35 and a coefficient of determination R = .59.
The duration vs. lines of code equation for the SEL was D = 4.55L.% with astandard error of estimate
of SE = 1.36 and a coefficient of determination R? = .55 as opposed to D = 4.1L* for the Walston
Felix data, with astandard error of estimate of SE = 1.72 and a coefficient of determination RZ = .41.
Thisimpliesthat projectsin the SEL take longer for the amount of effort expended and lines of code
developed.Thisis another reason why the SEL projects should be cheaper per line of code.

The documentation vs. lines of code equation for the SEL was DOC = 30.4L° with a standard error of
estimate of SE = 1.41 and a coefficient of determination R = .92. The Walstor/Felix equation is DOC
= 4911 with astandard error of estimate of SE = 2.63 and and a coefficient of determination R =
.62. But these two equations are really representing different things. The SEL equation does not count
source lines of code as part of the documentation but the Wa storn/Felix equation does.

With regard to staff Size vs. effort, the SEL equation is S=.24E" with a standard error of estimate of
SE = 1.38 and a coefficient of determination RZ = .89. The Walstor/Felix equation is S=54E° with a
standard error of estimate of SE = 1.56 and and a coefficient of determination R = .79.Again the SEL
datais approximately one standard error of estimate below the Walston/Fdlix data, implying that the
SEL uses as smaller gaff for asmilar Sze project. This coupled with the fact that the SEL uses more
cdendar time helps explain the lower codts.

Finaly, when comparing productivity with the ratio of developed to totd lines of code, the SEL data
yidds P =704 RDTODL* with a standard error of estimate of SE = 1.38 and a coefficient of
determination RZ = -.59. Thisimpliesthat it is cost effective to reuse code.

The concluson drawn by the authors in the vaidation study was that the Waston/Felix equation was a
very broad but probably reasonable equation for defining software projects in genera but the error in
estimation was much to large to be considered as a reasonable approximator for the SEL. However,
since there was sufficient datain the SEL to create an SEL specific set of equations, and the data fit
these equations reasonably well, these equations represented a much better set of estimation equations
than the Wal ston/Fdlix equations.

Static Adjusted Baselin Equations

In the Static adjusted basdline type resource modd, the static single variable effort equation actsas a
basdine equation, e.g., effort = A * Sze® This provides a basic estimate of effort. Thisinitid estimateis
adjusted by a set of multipliers that attempt to incorporate the effect of important product and process
atributes. For example, if the initid estimate is E = 100 gtaff months and the complexity of the job is
rated higher than norma, amultiplier 1.1 is associated with it, yielding an adjusted estimate of 110 staff
months.
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An example of a gatic adjusted basaline model is COCOMO. The COCOMO cost model offersthree
different basdine equations, depending upon the complexity of the project. Each of the equationsis of
the form Effort = A * Size® where A and B are determined by regression analysis.

The COCOMO mode hasthree levels of detail: basic, which is used for quick, early, approximate
estimates of software cost and schedule, but its accuracy is limited due to not using detailed deata,
intermediate, which is used for better estimates of cost and schedule, because it considers software
project environment factors in terms of their aggregate impact on the project paramaters, and detailed,
which is used for even better estimates, because it accounts for the influence of the software project
environment factors on individua project phases. We will concentrate our discussions on the basic and
intermediate levels.

Boehm, TRW

The modes of the COCOMO model are organic mode, which is gppropriate for small, stable projects,
amidr to the onesin the SEL, embedded mode, which is gppropriate for large projects with tight
congraints, that require some degree of innovation and have a complex software interface, and semi-
detached mode,

which is appropriate for projects that fall in between the above two categories.

The formulas for the basic modd for each of these modes are given in Figure 7.4. The required effort
(E) to develop the software system as afunction of source size (S), where E is expressed in Person-
Months and Sis expressed in KLOC. The project duration (TDEV) as afunction of effort (E) where
TDEVis expressed in cendar months, and E in Person-Months).

BASIC COCOMO MODEL

Mode Effort Schedule

Organic E = 2.4 *(S1.05) TDEV = 2.5 * (E0.38)
Semi-detached E=3.0*(S1.12) TDEV = 2.5 * (E0.35)

Embedded E = 3.6 * S1.20) TDEV = 2.5 * (E0.32)

Figure 7.4 The Effort and Schedule Formulas of the Basic Cocomo Model

The source sze (S) isexpressed in KLOC, i.e. thousands of ddlivered lines of codg, i.e. , the source
sze of the ddivered software (which does not include the size of test drivers or other temporary code).
If code is reused, then the following formula should be used for determining the 6equivaentd software
source Size Se, for use in the COCOMO mode!:

Se= Sn+ a*Su
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where Snh is the source size of the new code, Su is the source size of the reused code, and ais
determined by the formula

a=04*D+03*C+03*|
based on the percentage of effort required to adapt the reused design (D) and code (C), aswell asthe
percentage of effort required to integrate the modified code (1).

The duration, or time to development, TDEV, starts when the project enters the product design phase
(successful completion of a software requirements review) and ends a the end of software testing
(successful completion of a software acceptance review). The effort, E,covers management and
documentation efforts, but not activities such astraining, ingalation planning, etc. COCOMO assumes
that the requirements specification is not substantialy changed after the end of the requirements phase.
Person-months can be transformed to person-days by multiplying by 19, and to person-hours by

multiplying by 152.

The intermediate COCOMO is an extension of the basc COCOMO model ,which uses only one
predictor variable, the KLOC variable. However, the intermediate COCOMO uses 15 more predictor
variables caled 6cost drivers.d The manager assigns a vaue to each cost driver from the range: Very
low, Low, Nomind, High, Very high, Extra high. For each of the above vaues, anumerica vaue
corresponds,which varies with the cost drivers. The ratings for the COCOMO cost drivers are given in
Figure 7.5.

The manager assgns avaue to each cost driver according to the characterigtics of the specific software
project. The numerica vaues that correspond to the manager assigned values for the 15 cost drivers are
multiplied. Theresulting vaue | isthe multiplier that we use in the intermediate COCOMO formulas for
obtaining the effort estimates. Thisis sSmilar to the productivity index suggested by Waston and Feliz

but smpler to gpply.

Thusl =RELY * DATA * CPLX * TIME* STOR * VIRT * TURN * ACAP* AEXP* PCAP*
VEXP* LEXP* MODP* TOOL * SCED

The formulas for the intermediate model for each of the modes are given in Figure 7.6. Note that
athough the effort estimation formulas for the intermediate modd are different from those used for the
basic modd, the schedule estimation formulas are the same. The required effort to develop the software
system (E) as afunction of the nomind effort (Enom), where E and Enom are expressed in Person-
Months, and Sin KLOC is

MM =MMnom * |

INTERMEDIATE COCOMO MODEL

MODE EFFORT SCHEDULE
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Organic Enom = 3.2 * (S*%) TDEV = 2.5 * (E**?)

Semi-detached  Enom = 3.8 * (S'%9) TDEV = 2.5 * (E**)

Embedded Enom = 2.8 * (§*%9) TDEV = 2.5 * (E**%)

Figure 7.6 The Effort and Schedule formulas of the Intermediate COCOMO Model

The number of months estimated for software development (TDEV), where TDEV is expressed in
calendar months, and E in Person-Months,

The mgor limitation to a genera modd like COCOMO with regard to the accuracy of resource
estimation is the organizations ability to understand and estimate the gppropriate parameters required by
the modd and the rlevance of the.modd equations, to the organization/ZEs particular environment.
Remember thisis an empirical model, based upon data that has been accumulated from avariety of
environments and thus the baseline equations may not fit the environment being modeed. Secondly, the
parameters or cost driversmay  be difficult to estimate because it may be hard to determine what
nomina means reative to the set of environments the data represents. In fact, these particular cost
drivers may not even be relevant to the environment. On the other hand, the benefitsto a globa model
such as COCOMO arethat (1) it provides aworld view that alows usto understand what other
organizations consider reasonable with regard to resources for this project, (2) it requires no loca data
base.

The Meta-Modd

It would seem logical that we can achieve greater accuracy when we use data gathered from the local
environment in building the resource mode, however this requires a data base of past project
performance within the organization. Bailey and Basli proposed a mechanism for building aempricid
model relative to the data within the loca environment.

The moded is based upon the assumptions that (1) each software development environment is different,
(2) there are factors that reflect the organizationa environment rather than the project, and (3) there are
other factors that reflect the differences in the projects. The gpproach isto (1) compute the background
equation (which should reflect those factors that are constant across the environment), (2) andyze the
factors available to explain the difference between actud effort and effort as predicted by the
background (which represent the actua cost drivers within the current environment) and the (3) use the
modd to predict the effort for new project

To perform step 1, we must first compute the background equation. This requires that we pick some
gze measure (S). This can be any measure of Sze for which we have data and which is eesest for the
organization to estimate. Possible size measures include lines of code (total delivered source lines,
executable statements, developed sources lines, etc.) modules (new, tota, with data blocks, etc.),
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function points, number of input output formats, etc., We must pick a measure of effort, i.e. hours, days,
months, years, etc. Then we must choose a background relationship for effort (E) and size (S). Possble
background equations include

E=aS+Db

E=as

E=aS+c
Then we have to cdculate the best fit based on some criteria such as minimizing the absolute error (least
squares) or minimizing the percent error using any standard numerica analys's package.

Based upon 18 data points in the SEL data base the following models were generated:

Linear Ft
E=137DL +3.48 see =29.3%
(minimizing absolute error) see=954mm
Log Trandformation Fit
E=1.991DL*" see = 27.8%
(minimizing absolute error) se=911mm
Direct Fit
E - 1545 DL.967 see = 24.7%
(minimizing percent error) see = 9.44mm
Direct Fit (with constant)
E=.5766DL"* +3.75 see = 20.8%
(minimizing percent error) see=11.68mm

In step 2 of the metamodel we andyze the factors available to explain the difference between actua
effort and effort as predicted by the background equetion for the available data. This requires that we
choose a set of factors, group the factors based upon relevance and experience, choose afew factor
groups based upon intuition and correlations with productivity and the difference between actud and
predicted effort (this is necessary since we may have too many factors), and run aforward multiple
regression that adds afactor at atime. Thereis no rule to judge how many factors to use but arule of
thumb is to limit the number of factors to either 10% of the number of data points or to stop adding
factors when the new factor account for minima improvement in the explanation of the difference (R?).
Finaly on should iterate through the various sub-steps of step 2 to try to improve the explanation of the
difference,

In applying this approach to the SEL data base, the authors analyzed about 100 factors, based upon
the Waston/Felix factors, the COCOMO factors, a set of factors that appeared to be relevant from the
Badli/Reiter controlled experiment, and a set of factors available in the SEL data base. These factors
were grouped into three mgor groups. total methodology, cumulative complexity, and cumulative
expereince.
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Tota methodology included a subjective evauation of the process conformance in the use of tree charts,
top down design, design formaisms, formal documentation, code reading, chief programmer teams,
forma test plans, unit development folders, and formad training. Cumulative complexity consisted of a
subjective evauation of customer interface complexity, customer-initiated program design changes,
gpplication process complexity, program flow complexity, interna communication complexity, externd
communication complexity, and data base complexity. Cumulative experience conssted of a subjective
evauation of programmer qualifications, programmer experience with the machine, programmer
experience with language, programmer experience with gpplication, and the team previoudy working
together on same type problem.

In step 3 of the metas-moddl, we use the modd to predict the effort for the new project by estimating
Sze, using the background equation to predict standard effort, estimating the values of the factors used
in the regresson andys's, computing the difference this project should exhibit based upon the vaues
from the factors used in the multiple regression equation, and applying that difference to the sandard
effort to compute the improved effort estimate.

The authors gpplied the metamode by building a 17 project mode and using it to estimate the
elghteenth porject. They chose

S=DL (developed lines of code),

E = gaff months (am),

the background relationship E=aS"+ C

minimizing the percent error

Thisyielded a background equation (based upon the first 17 data points) of
E,=.72DL*Y + 34
with astandard error of estimate = 1.254

For project 18 they estimated 101,000 devel oped lines yielding

Es = 163sm with an error interva of (130,204)
Using the factor groups discussed earlier, the foward regression program brought in two factors: total
methodology (meth) and cumulative complexity (complx). They applied the multiple regression routine
to compute the effort ratio (ER): using the factor meth,

ER = -.036meth + 1.0 =-.224
yidding animproved estimate E; = Es/1.224 = 133smwith and error interval of (115,154), and
using meth and cmplx to compute the effort ratio:

Er = -.036meth + .006cmplx + .86 = -.166
yielding animproved estimate E = Es/1.166 = 140smwith interval (121,162). The actud effort was
138am.

In summary, the background equation tries to express the relationship between size and effort for the

average project. It should reflect al those properties that are constant across the environment. The
factors reflect locd differences among projects within the environment. Using the SEL data, the authors
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could only explain haf the variation with factors they used. Thisis partly because the baseline equation
provides such agood estimate to begin with.

The authors drew the conclusions that athough it is hard to get good factors and good data for the
factors, thisis a viable gpproach to estimating software devel opment resource expenditures. It provides
aloca mode of resources based upon the organizations own experiences.

The drawbacks to aloca modd, such as the meta-modd approach, are: (1) it requireslocal dataon
past projects, (2) we are unable to cdibrate our results, even if they are more accurate, against what
other organizations might consder a reasonable estimate. The benefits of alocaly developed modd are:
(1) gresater accuracy of estimation based upon the organizationZEs own past experiences, (2) the ability
to use locdly developed parameters, rlevant to the environment, and (3) adeeper understanding of
the locd environmentally developed cost drivers and their vaues.

Thisthird benefit can be used to provide insight to the organization on how to modify their environment
to lower cost and improve productivity. For those factors that bring projects below the expected effort,
such as methodology in the above example, more projects can use that methodology to achieve greater
productivity gains. For those factors that bring projects above the expected effort, new approaches may
be tried to minimize their negative effects.

However, this last benefit, becomes a drawback from an estimation point of view, i.e., by changing the
factor vauesfor future projects, we are changing the background equations and the factors that
differentiate projects. For example, using the effective methods in al projects changes the background
equation and removes methodology, as currently defined, as a differentiating factor. Thus the mode has
to be redevel oped when the environment has been changed, i.e., a new basdline equation and new
factors need to be developed and old data points should be removed from the mode!.

Although locad modds have severd advantages over the accuracy of globa modds, assuming loca data
exigs, both types of modd share the problem that it is difficult to estimate the mgjor parameter, eg.,
function points or source lines of code, based upon the product characteristics and the amount of
information we have & the time we estimate,

Analyzing Cost Factors

In order to study the effects of environmenta factors further, Bailey and Basli used the same data to
evauate the effect of various factors on productivity and qudity. Based upon a similar study by Doug
Brooks at IBM/FSD, in andyzing the Walstor/Felix deta, they tried to see if methodology had a
ggnificant effect on productivity in the SEL environment.

The assumption was that projects vary with respect to the set of software development techniques used
and the extent to which they were used. There was forma training for some projects which was

included as afactor. Each project was rated with respect to alarge set of factors covering environment,
methodology, experience, performance, etc.For each of the factors, vaues were assigned on a Six-point
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scde, eg., 0to 5. The ratings were subjective, based upon an intuitive moded of process conformance.
The models were developed rdative to the loca environment and the values were assigned near end of
project without knowledge of the productivity or quality results. The ratings were performed by
someone from each of the three organizations in the SEL, NASA (Frank McGarry), CSC (Jerry Page),
and the Universty of Maryland (Vic Basili).

A non-parametric Satistica test was used to seeif the projects with high methodology use came from a
different environment, with respect to productivity, than the projects with alow methodology use The
approach wasto divide the ratings for each technique into 3 categories: low (-1), medium (0), high (2).
This was done to offset differences in scales. The ratings were then added to get acumulative
methodology rating. The projects wee then divided into groups based upon their rating and anayzed
using the Mann-Whittney-U test (non-parametric statistics).

The results of the grouping of projectsinto three groups with alow, medium and high methodology
rating, and into two groups with alow and high methodology rating are given in Figure 7.7. For the
three groupings, the Low group was different from the combination of the Medium and High groups a a
ggnificance a the 0.5 levd. The High group was different from the combination of the Medium and Low
groups a a significance a the .03 leve .For the two groupings, the Low group was different from the
High group with asgnificance of the .05 leve.

Group: Low Medium High

Ratings: (-11,-9,-9,-9) (2,2,2,1,0,-1,-3-3) (12,11,8,5,5,3)
Productivity: 535 DL/SM 660 DL/SM 768 DL/SM
Group: Low High

Ratings: (-11,-9,-9,-9,-3,-3,-1) (0,1,2,2,2,3,5,5,8,11,12)
Productivity: 602 DL/SM 710 DL/SM

Figure 7.7 Effect of M ethodology Factorson Productivity.

To gain some deeper ingght into the effect of the individud factors, a set of correations were derived
to analyze the relaionship between productivity and each of the various factors. There was no significant
relationship between productivity and Sze (no point in categorizing by sze). Thiswas not asurprise
snce adraght linefit was as good as a non-linear fit to the origind datain the cost equation. For al
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factors that showed a difference among projects, the correations between methodology and
productivity are given below:

PDL .26
Forma design review* .62
Desgn formdism .38
Design decison notes* .62
Desgn wak-through .28
Code wak-through 19
Code reading* .58
Top down design -.19
Structured code .02
Librarian use* 52
Chief programmer team* .62
Formd test planst* 51
Heavy management involvement - .09
Formd training* .58
Top down code 29

Those marked with a sngle* weresgnificant a < .01, Those with a** were sgnificant at < .05.

It isimportant to note the inaccuracy of such an gpproach. The gpproach does not provide any
indication of cause and effect. It is possble for afactor to corrdae highly with productivity only
because it happened to occur in a set of projects that had other factors that improved productivity. On
the other hand it is possible for afactor that does improve productivity to have no correlation, or even a
negetive correlation, because it occurred with avariety of postive and negative other factorsin the set
of projects under study.

For example, top down design gppears to have had a negative effect on productivity (athough the
results are not sgnificant). This was because top-down design was used in some projects where no
other effective methods were used and most methods cannot be effective in isolation. On the other
hand, formd training in methodology had a sgnificantly high corrdaions with productivity. Thisis most
likely because the forma training caused a set of methods to be used that had an effect on productivity
(and possibly because training in methodology is important).

They dso examined the correlations with the other factors they used in devel oping the meta-modd.
These factors included customer interface complexity, customer originated program design changes, the
complexity of suchissuesas. gpplication processing, program flow, internal communication, externa
communication, data base complexity, agenerd complexity rating,.constraints such as I/O capability,
timing, main sore, programming group experience with machine familiarity, language familiarity,
gpplication experience, same type before, hardware changes during development, percent redl time or
interactive, percent programmer involved in specifications. All but one, percent red time or interactive
showed no significant correlaion with productivity, which showed a sgnificant difference & .05 leve in
the intuitively wrong direction, i.e,, ahigher % red time implied a higher productivity. This might be
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explained by the fact that the amount of red time in these gpplicationsis redly smal and so when there
was some red time programming, the best people worked on the problem and they werein genera
more productive.

In examining the relationship between productivity and various factors, the authors concluded thet in the
SEL environment, Size was not afactor in differentiating productivity, since they found no significant
relationship between productivity and size, that alarge set of methodology factors showed varying
degrees of positive corrdation with productivity and that a combined methodology factor showed a
ggnificant pogitive correlation with productivity. Thus they were able to demondrate that projects with
high methodology rating came from a different population than those with alow methodology rating and
s0 methodology is correlated with productivity. Essentidly no other factors showed a sgnificant postive
correlation with productivity.

In afollow-up study Bailey and Basli tried to study the relationship between various factors and quadlity.
They compressed three sets of metricsinto three factors: quality, methodology, and complexity and
used factor anadyssto determine the effects. Methodology and complexity were not significantly
corrdated. Quality was sgnificantly correlated with methodology (R = .67) and complexity (R = .64) at
less than .001 significance level.Using methodology aone to predict quality, they obtained an R = .65,
using methodology and complexity, they obtained an F? = .65. Thus thereis evidence that in the SEL,
one can predict qudity from methodology

and complexity and that methodology is correlated with quality.

Theoretical Dynamic Resour ce Modelling

Once an effort estimate is made, the next question is how to assign people to the project sot that he
deadlines for the various development activities will be met. Each of the methods discussed so far uses
an empirica gpproach to identify the activities that are parts of the development process of atypica
project within their environment. Using effort data from past projects, the percentage of effort expended
on each activity is estimated is determined. These percentages serve as a basdine and are intuitively
adjusted to meet the expected demands of a new project. For example, tota cost may be alocated into
five mgor subareas. andys's cost, design cost, coding cogt, testing cost , and documentation cost. Each
of these subareas is subdivided again, depending upon the activities in the subaress. In thisway, each
activity can be staffed according to itsindividua budget. Allocation of time is determined by history and

good management intuition.

An dternative approach is to justify resource expenditures based upon an underlying theory of how
people solve problems. We will refer to these types of gpproaches as theoretica dynamic resource
models. The origind modd of thistypeis dueto Larry Putnam.

The modd is based upon a hardware development mode (due to Peter Norden)which noted that there
are regular patterns of staff buildup and phase-out independent of the type of work being done. It is
related to the way people solve problems. Each activity could be plotted as a curve which grows and
then shrinks with regard to staff effort across time.Norden isolated severd activities associated with
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hardware development: planning and specification, design, prototyping, and rdlease. Similar curves were
derived by Putnam for software cycles. planning, design and implementation, testing and validation,
extenson, modification and maintenance.

The basic theory behind this modd is based upon the ideas that software development is a problem-
solving effort, design decision making is the exhaustion process, and activities partition problem space
into subspaces corresponding to the various stages (cycles) in the life cycle. Assumptions about the
problem subset are that the number of problemsto be solved is finite, the problem-solving effort makes
an impact on and defines an environment for the unsolved problem s&t, a decison removes one
unsolved problem from the sat (the model assumes events are random and independent) and the number
of peopleis proportiond to the number of problems 6riped for solution.

Based upon these assumptions, Putnam derives an effort curve, the integral form of thelife cycle
equation
y=K*(-¢e%)
where
y = the cumulative manpower used through time t
K = the total manpower required by the cycle stated in quantities related to the time period
used as a base, e.g., staff-months/month
a= A parameter determined by the time period in whichy reachesits maximum vaue
(shape parameter)
t = timein equd units counted from the dart of the cycle

Thelife cycdle equation (derivaive form) is

y =2Kate™!
where
y = the manpower required in time period t stated in quantities related to the time period
used as a base
K = total manpower required by the cycle stated in the same unitsas y

The curve represents the gaffing buildup (a Rayleigh curve). Putnam argued that the sum of the
individud cycle curves results in a pure Rayleigh shape because software development is implemented
as afunctiondly homogeneous effort (sngle purpose).

The shape parameter a depends upon the point in time a which y reachesits maximum, i.e,
a=12 td2
where ty isthetimeto reach pesak effort. Putnam empiricaly showed that ty corresponds closely to the
design time (time to reach initid operationa cgpability). Substituting for a we can rewrite the life cycle
equation as
2
y =L * t e_t2/t
tdz
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Based upon hisanalys's, Putnam concludes that large software development projects follow alife cycle
pattern describable by the Rayleigh (manpower) equation:

y =2Kate-at
Software systems have 3 fundamentd parameters. the life cycle effort (K), development time (t ), and
difficulty (D = K/t?). Productivity is related to the difficulty and state of technology constant G
Management cannot arbitrarily increase productivity. Management cannot reduce development time
without increasing difficulty. The tradeoff law shows the cogt of trading time for people.

Resour ce Planning

We have discussed only a sampling of the modd s that exist in the literature. There are avariety of other
models, but most of them are of asimilar to those discussed above. In order to estimate resources, the
models should be an aid to software devel opment management and engineering. Common sense should
never be abandoned.

None of these models are not accurate enough to be taken as the sole source. One approach to doing
resource estimation might be to apply more than one mode and examine the range of predictions
offered, compare the results. If they agree, one can be more secure about the estimate. If they don4t
agree, examine why not, ask what model assumptions were not satisfied and what makes this project
different. Make sure you are comfortable with the explanation of the difference.

What is needed is a system that combines globa and local of models, dlowing for different inputs at
different times, and providing an integration mechanism, that alows us to better understand the
parameters of both sets of models. This way we can learn from our gpplication of the system so that we
can improve our estimates over time. That is, if we gpply both globa and loca models when possible,
and based upon our andyss of the both models, modify our understanding of their parameters and
evolve them with respect to the choice of baseline equation and cost drivers to provide better accuracy
for future projects, we can do a better job of cost estimation and comparison with other environments
in the future..

In order to provide a basis for resource planning and alocation and take advantage of prior history,
Jeffrey and Basili prosed a resource consumption model that characterized types of resources and their
use

Resources are consumed during the software process. Software process characteristics are super-
ordinate to the resources consumed on aproject. A process characterization includes such
characterigtics as project type, organizationd development conventions, project manager preferences,
target computer system, development computer system, project schedules or milestones, and project
deliverables.

They classfy avariety of different types of resources. hardware, software, human, caendar time,
support, e.g., supplies, materids, communications, facility costs, etc. They categorize the viewing of
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resources by three different dimensons: incurrence, availability, and use descriptors. I ncurrence is
subdivided into estimated and actual. Availability is subdivided into desirable (resources of vaue),
accessi ble (resources able to be used), and utilized (resources used). Desirable resources are those
consdered ided for any project, i.e., unconstrained by availability, implying the ideal hardware,
software and cdendar time, ideal people characteristics. Accessible resources are theoretically those
available to the project available within the organization, chosen from data base of corporate resources.
Utilized resources are those available and anticipated to be used or actualy used by the project, i.e.,
those driven by project congtraints (e.g., cost) and other corporate needs.Use Descriptors are
subdivided into the nature of the work or activity (eg., testing, desgn), the point in time (e.g., cdendar
dates needed), and the resources utilized (e.g., hours, dollars, units).

Information about resources can be obtained from individua and group knowledge, a knowledge base,
adata base of prior projects, or agorithmic models. Inputs to the model can occur at project
milestones, by manager initiated points in time based upon divergence between estimated and actud, or
a system initiated points in time based upon divergences recognized by the measurement system.

If we combine incurrence and avallability dimensions, we get the following categories: Estimated
Desrable: those resources considered ided for the project at planning time, Etimated Accessible: those
resources available with the organization that can used by the project, Etimated Utilized: those
resources anticipated to be used by the project, Actua Utilized: those resources actudly used by the
project, Actud Accessible: with hindsight the resources which were available and should have been
utilized, Actua Desirable: with hindsight the resources which should have been made available and used.

The differences between each of the different resource models provides a unique form of input to the
organization. The difference between estimated desirable and estimated accessible provides input to the
risk management plan. The difference between estimated accessible and estimated utilized provides
input to the contingency plan. The difference between the estimated and actud utilized provides input to
the manager for redl time adjustments to resource alocation and can be used to provide measures of
progress and problems. The differences between actud utilized and accessble is feedback needed for
future project planning, i.e., what should we redlly have used to make this project work. It represents an
andysisand smoothing of the actud utilized resources. The difference between actud accessible and
actual desirable is the feedback to corporate planning, i.e., what resources does the corporation have to
acquire in order to successfully complete projects of the type developed. The relationships of these
models and their differences are given in Figure 7.10.

Estimated Desirable: Resources considered ideal
e > Input to Risk Management Plan
Estimated Accessible: Resources available
e > Input to Contingency Planning
Estimated Utilized: Resources anticipated to be used
e > Real time management adjustment
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Actual Utilized: Resources actually used
|----mmmmm > Feedback to future project planning
Actual Accessible: With hindsight the resources available which should have been
| utilized
|- > Feedback to future corporate planning
Actual Desirable: With hindsight the resources which should have been used
independent of availability

Figure 7.8 Combining Views

When viewed from the point of view of the Improvement Paradigm, resource planning involves the
following activities: During planning, decisons are made about such things as obtaining a further resource
(updating the corporate resource data base), committing to development without the expert, negotiating
for full or partial decommitment of the expert. During execution, review and re-estimation are done to
modify the plan by alocating contingency resources, revise estimates of accessible resources, and revise
desirables. During post mortem analysis and the packaging of experience, revisons are made to various
experience base models, including project and environment models, and the desirable and ble
resources models. Lessons learned are devel oped.
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