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Abstract

The problems associated with requirements prioritisation for an incremental and
iterative software process are described. Existing approaches to prioritisation are
then reviewed, including the Analytic Hierarchy Process, which involves making
comparisonsbetweenrequirementsand SERUM, amethod that usesabsol ute estimations
of costs, benefits, and risks to inform the prioritisation process. In addition to these,
the use of heuristic approachesisidentified as a useful way to find an optimal solution
to the problem given the complex range of inputs involved. In particular genetic
algorithmsare considered promising. Animplementation of this, the EVOLVE method,
is described using a case study. EVOLVE aims to optimally assign requirements to
releases, taking into account: (i) effort measures for each requirement and effort
constraints for each increment; (ii) risk measuresfor each requirement and risk limits
for each increment; (iii) precedence constraints between requirements (where one
requirement must always be in an earlier or the same increment as another); (iv)
coupling constraints between requirements (where two or more must be in the same
increment); and (v) resour ce constraints (where two or more requirements may not be
in the same increment due to using some limited resource). The method also handles
uncertainty in the effort inputs, which are supplied as distributions and simulated
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Requirements Prioritisation for Incremental and Iterative Development 101

using Monte Carlo simulation before carrying out the genetic algorithm operations.
In addition to handling uncertainty, EVOLVE offers several advantages over existing
methods since it handles a large range of factors. The overall implementation of the
method allowstheinputsto be changed at eachiteration, and so better fitsreality where
requirements are changing all the time.

| ntroduction

Inany given project, requirements arise from various stakehol ders. These stakeholders
may be users, developers, project managers, business managers, or other categories of
people affected by the system. In the case of new software applications, there are
typically alarge number of requirements, some of which are essential, othersdesirable,
and somerelatively unimportant. For existing applications, therewill beabacklog of new
requirements, potential fixes, and enhancements, againwithdiffering priorities. In both
casesitisusually impractical toimplement all requirements simultaneously because of
the cost involved, staff limitations, and market or user pressures to have the software
implemented. Thus some form of prioritisation is necessary. The output of this process
will depend ontheeffort requiredfor each requirement against theoverall effort available,
thevaluearising out of delivering certainrequirementsat agiventime, therisksincurred
by delivering or not delivering given requirements, and on dependencies between
requirements. In addition to this we have the preferences of business and devel oper
stakeholders, who may be of different levels of importance and may be geographically
dispersed with different viewpoints about what should be delivered and when. For some
of these stakehol dersagiven requirement may be essential to the successof the product;
others may believe that it might even damage the success of the product. In between
these extremes some stakehol ders may hold the view that arequirement is unimportant
but hold no objectiontoitbeingincluded (Davis, 2003). Overall thisisacomplex problem,
which is very difficult to solve to the satisfaction of all concerned. Management of
requirementsincluding priority assignment has been identified as akey success factor
for commercial enterprises (De Gregorio, 1999). In the case of bespoke software devel-
opment, there may beasmall number of stakeholders, but in the case of commercial off-
the-shelf software there may be hundreds or thousands of stakeholders (Regnell, Host,
Natt ochDag, Beremark, & Hjelm, 2001).

Problem Discussion

In recent years there has been an increasing recognition that an incremental approach
to software development is often more suitable and less risky than the traditional
waterfall approach (Greer, Bustard, & Sunazuka, 1999a). Thispreferenceisdemonstrated
by the current popularity of agile methods, all of which adopt anincremental approach
todelivering softwarerapidly (Cockburn, 2002). Thisshiftin paradigm hasbeen brought
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Figure 1. Complexity of software release planning
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about by many factors, not least the rapid growth of the World Wide Web, the
consequent economic need to deliver systemsfaster (Cusamano & Y offie, 1998), and the
need to ensure that software better meets customer needs. Hence, we will concentrate
on this process model in our problem discussion.

Planning and devel oping softwareisavery complex venture. Asillustrated in Figure 1
stakeholder preferences, effort constraints, dependency constraints, resource con-
straints, and risk constraints all contribute to the complexity.

In developing computer-based systems, the inputs of all stakeholders should be taken
into account during the planning and devel opment processes (Hart, Hogg, & Banerjee,
2002). Inprioritising requirements, similarly, theviewpointsof all affected stakeholders
must be taken into account (Bubenkbo, 1995). Thisisalready a complicated processif
thereareseveral stakeholderswith diverging viewpoints(Jiang, Klein, & Discenza, 2002).
However thereare other important factorssuch asthe availableeffort for agiven system
or release versus the effort required. There are also likely to be dependencies between
requirements. Thismay bedueto thefact that certainrequirementsmust bein placebefore
others. It could also be that two or more requirements must be delivered together or
indeed that they should not be delivered together in a certain timeframe due to some
resource constraint. Other factors are the level of risk the organisation isexposed to in
agiven system or agiven release (Charette, 1989). The nature of the software process
isalsorelevant totheproblem. Inwhat followswewill assumethat whatever the process,
it will resultinindividual releases. Thisistrue even of the waterfall model, where the
intention is to deliver a complete system, but there will be subsequent releases in the
mai ntenance phase to cover deferred requirements, errors, and enhancements (Rajlich
& Gosavi, 2002).
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Stakeholders Viewpoints and Increment Planning

A software system at any stage of itslife can be described by a set R* of requirements,
thatis, R'={r,r,... r }. Using an incremental approach, at the first stage (k=1) a set of
requirementsare planned for delivery asInct. At subsequent stages (k>1), new require-
ments are added and others are removed and a new subset of requirementsis planned
for delivery in the next increment Inc?. Thiscontinuesfor all increments, Inck.

Suppose there are g Stakeholders S ,S,,...,S, who have been assigned arelative impor-
tance between 0 and 1 by aproject manager. Each stakeholder S assignsapriority, prio(r,,
S, R¥) toeachrequirement r, intheset R at phasek. Prio() isafunction: (r,, S, RY -{1.2,..,
o'}, performed by each stakehol der, Sp, where o is the maximum priority scorethat can
be assigned. Using the scheme suggested in Davis (2003), one practical interpretation
thismight bewhere o = 5. Inthis scenario, prio(r,, S, R")=5 meansthat for stakeholder
S, thefirst releasewill beuselesswithoutr, . prio(r, S, RY)=4 meansthat therequirement
should beincluded inR*; prio(r,, S, R)=3 meansthat S, is neutral ontheissueforr, in
RY; prio(r,, S,, R*)=2 meansthat the requirement should be excluded fromR*; prio(r,, S,,
RY)=1meansthat if r isincluded in R , then the release will not be useful to S,.

Thus the output from the release planning process is a definition of increments Inck,
Inc<, Inc<2, ... with Inct0 R*for all t = k, k+1, k+2, ... The different increments are
disjointed, thatis, Inc®n Inct=0 for all s,t 0 {k, k+1, k+2,...}. Theuniquefunction w*
assignseach requirement r, of set R* thenumber sof itsincrement Incs,i.e., w* r, 0 R -
wi(r)=sO{k,k+1,k+2,...}.

Effort Constraints

Effort estimation can be described as a function assigning each pair (r,, R¥) an effort
estimate, effort() that is, effort() isafunction (r,, R*) - O*whereO*istheset of positive
real numbers. These effort estimates are specific to a particular phase R, since efforts
may be re-estimated following any increment. It islikely that the effort available for a
givenincrement Inckislimited toafixedvalue Sizet. Hencethe sum of theeffort estimated
for all requirements in a planned increment must be within this limit. Thus

r(i) O Inc(k)
effort(r, R¥) < Size*for all incrementsInc(k).

Dependency Constraints

Any set of requirementswill contai n dependencieswherein onerequirement must always
bebeforeor after another. Thusfor all iterationsk thereisapartial order W< ontheproduct
set R*x R*suchthat (r, r) 0¥ Kimplieswk(r) < wk(rj). Inanincremental approach, having
aconstraint that agiven requirement is before some other is also met if they arein the
sameincrement.

Similarly, there may be certain requirementsthat areonly valuableif delivered together
inthe sameincrement. Thusfor all iterationsk we define abinary relation x* on Rk such
that (r, r) LE Kimpliesthat wk(r) = oo"(rj) for all phasesk.
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Additionally there are resource constraints to consider, where certain combinations of
requirementsmay not bedeliveredinthesameincrement. Thismay beduetothefact that
they share some limited resource. Hence resource(t) representsthe resource capacity of
t. Inthis case, there are index sets I(t) O {1,...,n} such that card({r, O R:i O I(t)}) <
resource(t) for all releases k and for all resourcest.

Risk Constraints

All development activities have associated risks, and a devel opment team may wish to
limit the extent of exposuretorisk inagivenincrement. We definerisk asthelikelihood
that some loss will be incurred in implementing a requirement due to some event and
introduce arisk estimate for each requirement. Thusfor each pair (r,,R¥) of requirement
r,aspart of the set R*the estimated valuefor implementing thiseffort; thatis, risk isaratio
scaled functionrisk: (r,, R¥) - [0,1), where' 0’ meansnorisk atall and* 1’ standsfor the
highest risk.

Thisideaof limitingincrement risk isbhased ontheideaof arisk referent, inthepast applied
at project level (Charette, 1989). Risk, refers to this maximum and denotes the upper
bound for the acceptable risk in Inck. This involves summing the risk scores for all
requirementsinagivenincrement and checkingtheconstraint >~ risk(r,, R¥) < Risk*

. r(i) O Inc(k)
for each increment k.

Problem Statement for Software Release Planning

We can now formulate our problem asfollows (Greer & Ruhe, 2004):

For all requirementsr, [ R“determinean assignment w’": w'(r,)= mof all requirementsr, to
anincrement w'(r,)= m such that

@ = ) 0 Ine(m) effort(r, R™) < Size™
form=Kk,k+1,... (Effort constraints)

(@ Z )0 e TisK(r, R™) < Risk™
form=Kk,k+1,... (Risk constraints)

Q) w(r)s< oo*(rj) for all pairs (ri'rj) W ¥ (Precedence constraints)

4 w(r)= oo*(rj) for all pairs(r, rj) [ &< (Coupling constraints)

(5) card({r,OR*i0I()}) < resource(t)
for all releases k and all sets|(t) related to all resourcest
(Resource constraints)

® A =2 )\p [Zr(i)DR(k)benefit(ri',Sp,w*)] 0 L-max! with
benefit(ri,Sp,Rk,u)*)=[0—prio(ri‘Spy R +1][1- w (r,)+1] and
T=max{w(r):r,ORY}
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Thefunction (6) isto maximizethe weighted benefit over all the different stakeholders.
For any stakeholder the benefit from the assignment of an individual requirement to an
increment isthe higher, the earlier it isreleased, and the more important it isjudged. L -
max meansto computeaset of L best solutions(L>1) sothat the uncertainty of theinputs
is taken into account and the analyst retains the decision-making power

Existing Requirements Prioritisation
Approaches

The simplest approach to requirements prioritisation is where experts abstract across
criteriato comparerequirementsand assign aranking. Thiscanbecarried out practically
by pair-wise comparison or traditional sorting methods such as a bubble sort, minimal
spanning tree, and binary search tree. There are also several well-established methods
that have been applied such ascard-sorting and laddering (for example, Maiden & Rugg,
1996; Rugg & McGeorge, 1997), which typically involve grouping cards according to
given criteria and using the groups.

Prioritisation using AHP

Onenow well-documented techniquefor prioritisationisthe Analytic Hierarchy Process
(AHP) (Saaty, 1980). This has been applied to the real-world problem of requirements
prioritisation (Karlsson & Ryan, 1997; Karlsson, Wohlin & Regnell, 1988). Todate AHP
has not been specifically applied to incremental software delivery. However, if depen-
dencies between requirements were taken into account, it could easily be applicable.
With AHP, therelativeimportance of the assessment criteriaisfirst determined through
their pair-wise comparison. For example, if the criteriafor assessing requirements are
taken to be cost-benefit ratio, impact on system quality, and risk-reduction, it might be
decided that impact on systemqualityisfour timesasimportant as cost-benefit ratioand
that risk-reduction is one-third asimportant as cost-benefit ratio (Table 1). Therest of
therowscould beinferred fromthefirst row, but more often the user entersall therows,
allowing a consistency calculation to be performed.

Using these scores, a weighting for each criterion is derived. This can be achieved by
calculating the eigenvalues for each row or by using the technique of averaging over
normalized columns (Saaty, 1980). Inthistechniqueeach cell isdivided by thesum of its

Table 1: Recording Prioritiesin AHP

Cost-Benefit Impact on Quality | Risk Reduction
Cost-Benefit 1 4 1/3
Impact on Quality 0.25 1 1/9
Risk Reduction 3 1/4 1
Sum 4.25 5.25 1.44
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Table 2: Determination of Priorities of Criteria using AHP

Cost-Benefit | Impact on Quality | Risk Reduction | Norm.

Sum

Cost-Benefit 0.24 0.76 0.23 041

Impact on Quality 0.06 0.19 0.08 0.11

Risk Reduction 071 0.05 0.69 0.48

Table 3: Prioritising candidate requirements using AHP

Cost-Benefit ry Iy I3 Norm. Sum

ry 1 3 2 0.63

rs s 1 s 0.15

ra s Ya 1 021

column. Theresult of thisfor the exampleisshown in Table 2. Theresultsfor each row
aresummed and normalised by dividing by the number of criteria. Inthiscasetherelative
valuesfor thethreecriteriaare0.41, 0.11, and 0.48, respectively.

A similar approach is then used to assess each candidate requirement in relation to the
chosen criteria.

The same scoring mechanismisused for all requirement pairs, so that each requirement
obtainsapreference score with respect to each decision criterion. The overall rating for
a requirement is obtained by summing the preference scores and multiplying by the
weighting for that criterion. Thisrating is then used for the prioritisation.

In an incremental model context, it isthen amatter of assigning these requirementsto
rel eases using a greedy-type algorithm.

Prioritisation using Absolute Estimations

Changes can also be ordered by assessing them directly against criteria rather than
relativeto each other. Thismethod can be classified asan absol ute assessment approach
(Greer, Bustard, & Sunazuka, 1999b). The use of such measurement has a number of
distinct advantages over relative assessment. Oneisthat fewer assessments are needed
—just onefor each requirement against each criterion. It also avoidsthe need to compare
requirements with each other, which can be difficult, especially if they are unrelated.

One such approach is SERUM (Greer et al., 1999b), which uses estimations for cost,
benefit, development risk, and operational risk reduction to inform the prioritisation
process. Theprocessasillustrated in Figure 2 startswith abusinessanalysisfromwhich
the requirements have arisen. These requirements are refined by assessing risksin the
current system (Stage 1) and ensuring that new requirements are created or amended to
reduce those risks, where appropriate. Similarly since the requirements define the
proposed system, the risks associated with the proposed system are assessed and where
possibletherequirementsamended or new onescreated (Stage 2). Therequirementsfor
thenew system aredefined in moredetail in Stage 3, and cost-benefit analysisiscarried
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Figure 2: SERUM approach to prioritising requirements
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out in Stage 4. Thisisahigh-level assessment using a simple scoring system. In Stage
5 arisk assessment is made concerning the development of each requirement. Thuswe
havethefollowing variablesfor each requirement: (i) the development risk; (ii) therisk
reductionin moving from the current system to the proposed system, as cal cul ated from
Stages1and 2; (iii) thecost of therequirement and (iv) the benefit from therequirement.
(Notethat (iii) and (iv) could be combined as cost-benefit ratio.) Using these estimations,
aprioritisation is determined in Stage 8. In practice Stage 8 is carried out by giving
preference to the most important criteria, but alternative viewpoints can be made,
ultimately the choice of approach being up tothe user. Fromindustrial studies (Greer et
al., 1999a), the favoured criteria is often the benefit accrued from the requirement,
althoughinmission, critical systemsrisk reduction may bemoreimportant. Therisk plans
in Stages 9 and 10 are useful by-products of the process.

SERUM does not at present formally handled dependencies between requirements,
although this and a means to better support the final decision making process are
subjects of current research.
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Using Heuristics

In the combinatorial optimisation field, there are a group of techniques that have been
collectively termed “ heuristics’. Thisgrouping generally refersto techniquesthat try to
find*“ near-optimal” solutionsat reasonablecomputational cost (Reeves, 1995). Examples
of techniques available for solving NP-hard problems (where deterministic means may
not be feasible) such asthe one outlined above for Release Planning include Simulated
Annealing, Tabu Search, and Genetic Algorithms. Wehave used Genetic Algorithmsfor
reasons outlined in the next section.

Genetic Algorithms

Genetic algorithms have been derived from an analogy with the natural process of
biological evolution (Carnahan & Simha, 2001; Holland, 1975). With genetic algorithms
an initial population is created and pairs of solutions, or chromosomes, are selected
according to some fitness score. In this process of selection those members of the
population with higher scores are given a higher probability of being chosen. The
selected parentsarethen mixed using an operation known ascrossover . Specifically, the
method EV OLVE (Greer & Ruhe, 2004), whichwewill describeinthenext section, makes
use of the “order method” as described in Davis (1991): the crossover operator selects
two parents, randomly selectsitemsin one of them, and fixes their place in the second
parent (for example, items B and D in Figure 3). These are held in position, but the
remaining items from the first parent are then copied to the second parent in the same
order asthey werein originally. In thisway some of the sub-orderings are maintained.
The resulting offspring is a mixture of its parents. A further operation, mutation, is
applied. Thisis arandom change to the chromosome and is intended to introduce new
properties to the population and avoid merely reaching alocal optima rather than the
global optimum. Since the valuesin the chromosome must remain constant, the normal
approach to mutation where one or more variablesare randomly changed will not work.
Hence, intheorder method, mutationiseffected viarandom swapping of itemsin thenew
offspring. An exampleisshownin Figure 3for theitems A and C. The number of swaps
isproportional tothe mutationrate. The offspringisthen added to the population solong
asitrepresentsafeasible solution. The populationisnormally maintained at apredeter-
mined level, and so lower-ranked chromosomes are discarded. The net effect of thisis
agradual movement toward an optimum sol ution. Termination of theal gorithm can occur
after acertain number of iterations, after aset time, or when improvement has ceased to
be significant.

Figure 3: lllustration of crossover and mutation operators.

[Chromosomel [A [B Jc [D JE]

Crossover
|Chromosome2 |E |B|D|C |A|_. |Offspring |A|B|D|C|E|
| mutation
[Offspring [C [B [D [A JE |
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The extent of crossover and mutation is controlled by the variables crossover rate and
mutation rate. The choice of “best” mutation and crossover ratesissensitivetothetype
of problem and its characteristics (Haupt & Haupt, 2000).

Inapplying thisto requirementsprioritisation, the chromosomes are made up of ordered
requirements. Selection involves picking two of these from arandomly created popul a-
tion. Crossover is then the mixing of requirements in the chosen chromosomes and
mutationisaswapping of two requirementsinthe offspring. A check isthen madeto see
if the child meetsall specified constraintsand, if so, it isadded to the population. If not
a backtracking operation is carried out and the process retried. The population is
maintained at a predetermined number by culling the weakest valued chromosome. A
detailed algorithmis provided in the Appendix.

Solution Approach

In choosing an approach to solving the problems described in the Problem Discussion,
the techniques described in the previous section could probably all be adapted for use.
However therearetwo mainissuestoberesolved, if wearetoincorporatetheviewpoints
of many stakeholders, to apply effort constraints, to manage risk levels, and to take
account of dependencies. Firstly, any method needs to be usable and scalable. In the
case of techniques that involve pair-wise comparison thereistypically O(n? compari-
sonsbetween nalternatives. For example, using AHPwith 20 requirements, atotal of 190
(n*(n-1)/2) pair-wisecomparisons must be performed for each criterion. Secondly, given
such a complex problem domain and such a large solution space, it is impossible to
incorporate all of the constraints and find an optimum solution with any deterministic
prioritisation technique. Given these factors, combinatorial optimisation techniques
seem very suitable. The choice of Genetic Algorithmsis based on the work of others,
where, for example, Genetic Algorithms have been found appropriate to general cases
such as the Travelling Salesman problem (Carnahan & Simha, 2001) and in software
engineering to systemtest planning (Briand, Feng, & L abiche, 2002) and network route
planning (Lin, Kwok, & Lau2003).

Evolve Method

In EVOLVE software releases are planned as increments, but the planning processis
repeated at each iteration. At each iteration the inputs include the current set of
requirements, the constraintsasdescribedin (1)-(3) inthe section on Problem Statement
for Software Rel ease Planning, and the stakehol der priorities. The objectivefunction (6)
in that section is applied for each solution. The purpose of the genetic algorithmisto
determine the best (most optimal) release plan.
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Figure 4. EVOLVE approach to assignment of requirements to increments

Iteration 1 Iteration 2 Iteration 3

Requirement Requirement Requirement
Refined Refined
& &
Extended Extended

Constraints }—— |( Constraints }—— [ Constraints —p ...

]
THAL
1R

Priorities Priorities Priorities
v
[ EVOLVE ]
v
| Increment? l | I ncrement? l
_ ncrement? | [ increment? | [ increment |
______ Increment3 Enmlncrement3 | I ncrement? |

N

Ateachiterationk, thenext plannedincrement, Inck, isfinalised asindicated by the solid
border in Figure4, and all other undelivered increments, Inc*, Inck*2 ... and soforth are
tentatively planned, as indicated by the dashed border.

Algorithms and Tool Support

A greedy-like procedure was applied in order to assign requirementsto the increments.
Original precedence (2), coupling constraints (3), and resource constraints (4) are
implemented by specific rules used to check each generated solution. Thisis achieved
viaatableof pairsof requirements. In both cases, if any given solutionisgenerated that
violates either category of constraint, the solution is rejected and a backtracking
operation is used to generate a new solution.

Description with Sample Project

In evaluation of the method, a sample software project with 20 requirements was used.
We have represented this initial set, R* of requirements by identifiersr, to r,. The
technical precedence constraintsin our typical project are represented by the set Y as
shown below. Thisstatesthat r, must comebeforer,, r, beforer,, r beforer, , andr, before
r

15’
15
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1—
LIJ _{ (rzyrg)l (r21r7)!(revrls)i(rwrls)}

Further some requirements were specified to be implemented in the same increment as
represented by the set x. Thisstatesthat r, and r,, must bein the same release, as must
randr,.

17 8

§={(10 112 (17, o)}

Resource constraints are represented by index sets for the set of those requirements
asking for the same resource. In our sample project we have a resource T, that has a
capacity of 1 (resource(T,)=1) that isused by requirementsr, and r,. The sample project
had resource constraints represented by the following index set.

I(T,)={19,20}

Each requirement hasan associated effort estimatein termsof ascore between 1 and 10.
The effort constraint was added that for each increment the effort should be less than

Table 4: Sample stakeholder-assigned priorities.

Stakeholder

S SIS SIS

nlt 28 la s
L5 |4 38 21
o !
L3 3 P 2 I3
14 4 la a5
L 2B 2 Ih
o P P !
rla 55 a1
13 3B 2 Ja
w2 2 P 2
s 5[5 4 I3
3 |4 3 a4 I3
2 Lt 2 I3
ll 1P a
13 |5 3 |5 la
lrsle Ja la 55
Slyl5 13 3 [3 I3
E el 121 2
Zlels |5 5 5 |
Tlhol3 I3 3 B 2
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25, that is, Size“= 25 for all releases k. Five stakeholders were used to score the 20
requirementswith priority scoresfrom 1to 5. These scoresare shownin Table4. Aswe
can see, different stakeholders in some cases assign more or |less the same priority to
requirements (asfor r.). However thejudgment ismore conflicting in other cases (asfor
r

Thestakeholders, S, to S, wereweighted using AHP pair-wise comparison fromaglobal
project management perspective. Using the technique of averaging over normalized
columns(Saaty, 1980), weobtained thevector (0.174,0.174,0.522,0.043,0.087) assigning
prioritiesto the five stakeholders.

Withregardtothegenetical gorithm, weused the RiskOptimizer tool from Palisade (2001)
with a default population size of 50 and an auto-mutation function that detects when a
solution hasstabilized and then adjuststhe mutationrate. In preliminary experimentswe
established that it was not possibleto consistently predict the best crossover rate. Hence
we used arange of crossover rates for each experiment, from 0.4 to 0.8 in steps of 0.1.

Uncertainty in Effort Estimates

The model used in EVOLVE allows the use of probability distributions rather than
discretevaluesfor effort. Thisreflectsthereal-world difficultiesin estimating effort. In
the case study, atriangular probability distribution was created asshownin Table 5 and
simulated using L atin Hypercube sampling.

Table5. Definition of triangular probability functionsfor effort to deliver requirements

Effort
Min Mode Max
re 19 10 11
r, 13 4 5
rs | 6 7 9
r, |5 6 8
rs | 7 9 11
e | 1 2 3
r, |7 9 12
rg | 10 12 14
g |18 9 10
o] 4 5 6
r]3 4 5
o] 2 3 4
r3| 4 5 6
*g' rs4] 6 7 8
g rs| 3 5 7
= e | 4 6 7
g o | 3 5 8
@ rg| 6 7 9
rg| 1 3 4
fo|5 8 9
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Table6. Sampleresultsfor release planning under different level s of probability for not
exceeding the effort capacity bound Effort = 25 (Risk Referent=1.1)

Probability | Benefit (6) | Risk Release | Assigned Requirements
99% 133 0.77 1 I Ie Is r13
0.64 2 I3 I7 fp Iis
0.38 3 I'10 11 I'14 1o
0.82 4 Iy fiz  Thig Tg
95% 141 0.98 1 Iy I'e I'o 13 l4 I'19
0.44 2 I3 Iy I'oo
0.41 3 r I'g f15
0.72 4 Iy I's 16
90% 144 0.97 1 Iy ry o I3 19
0.36 2 I3 l14 fis Iy
0.82 3 Iy M g I
0.68 4 I's Iy o e

Figure 5: Sample results from sample project release planning — iterations 1 and 2
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This has the effect that the decision maker can plan the releases based on his or her
confidence level in the estimates. In practice there is a trade-off between thislevel of
confidenceand thebenefit achievable, asshownin Table®. It also meansthat the adopted
rel ease plan has associated withit, a percentageindicating the probability that it will be
adhere to its effort estimates.

Ateachiterationfor agiveneffort confidencelevel, asolutionischosenfromthelL -best.
Thefirst increment isthen firmed for implementation, and, at this point, any changesto
the current set of requirements, their effort estimates, the stakeholder priorities, and the
constraintscan bemadeprior to planning the next and futurerel eases. Figure5illustrates
the process for our case study for the first two iterations. Suppose that the release plan
for 95% confidenceintable5isselected to beinitiated. After thefirst iteration, thefirst
increment (1,1l 50,0 ) isfirmand will beimplemented. After thisr, ,r,,r,, andr,, are
added, with r, and r, being deleted. At this stage the stakeholders may change their
priorities, and the effort estimates and the constraints may be revisited. This could be
in response to new information gathered from the first iteration. A second increment is
then firmed for delivery. Inbothiterations, futuretentativeincrementsare also given so
astoprovidedetailsof thelikely product evolution. Inthisexamplethenumber of planned
incrementshasbeen limitedtofour. Thismeansthat there are somerequirementsthat are
omitted from the plan and do not contribute to the expected benefit.Figure 5: Sample
results from sample project release planning —iterations 1 and 2

Conclusions

In this chapter we have reviewed some of the techniques available for prioritisation of
requirementsfor incremental anditerative devel opment of software systems. A category
calledrelativecomparisontechniquescan beformed. Thesearethemethodsthat require
the requirements to be compared to achieve a prioritisation. Once a prioritisation is
achieved, agreedy algorithm taking into account the dependenciesin the requirements
could beappliedto assign requirementsto incrementsfor rel ease planning. Thismethod
should work well for small numbersof requirementsbut isimpractical withlarger sets of
requirements. A further method asillustrated by the SERUM method could be classified
as absolute comparison method. Here estimations are made for the factors considered
important for prioritising requirements. Again, thiscould be applied torelease planning
for incremental and iterative development and has the advantage in producing useful
metrics, such as risk assessments, that can be used elsewhere. One problem is in
combining these estimations, and to date no attempt hasbeen madeto do this, the method
rather depending on analyst judgement based on the information gathered.

Further, arecently devel oped technique hasbeen described, EV OL VE, that uses Genetic
Algorithms to optimise the prioritisation process for a number of stakeholders with
differing prioritiesfor requirements. Themethod takesinto account differing stakehol der
viewpoints, effort constraints, risk constraints, and dependencies between require-
ments. A casestudy hasbeenusedtoillustratetheworking of themethod, and itsefficacy
is backed up by thisand from experimentation and industrial feedback (Ruhe & Greer,
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2003). Additional empirical work on this has confirmed the stability of the outputs and
usability of the methods (Amandeep, Ruhe, & Stanford, 2004; Ruhe & Greer, 2003).
EVOLVEasoallowsfor uncertainty intheeffort estimates, allowing decision makersto
choosethelevel of confidencethey requirefor effort estimates. One of thekey strengths
of EVOLVE isthat theiterative planning process assumes changes will occur between
phases. This better reflects the reality of software projects. Future work will involve
developing the method further to take account of other possible constraints and
situations.
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Appendix

Thisappendix presentsasummary of the EVOLVE genetic algorithm.

I nput:

Output:

S, = initial seed solution
m = population size
Cr = crossover rate
mr = mutation rate

The solution with the highest fitness score from the final population
Variables:

S, =asolution
P=current popul ationasaset of (sol ution, fitnessscore) pairs={ (Slvvl), SV, (S, v )}

Sparentl = first parent selected for crossover

Sparentz = second parent selected for crossover

SOffspring = result from crossover/ mutation operation
Functions:

NewPopulation(S__,m): S__, - P, returnsanew population of sizem.
Evaluate(S) provides afitness score for agiven solution, S.

Select(P) chooses from population P, based on fitness score, a parent for the
crossover operation.

Crossover (SI,SJ. ,cr) performs crossover of solutions S and SJ at crossover ratecr.
Mutation(S, mr) performs mutation on solution S at mutation rate mr.
Isvalid(S) checksvalidity of solution S against the user-defined constrraints

BackTrack(Soﬂsprmg) = proprietary backtracking operation on agiven solution.
This backtracks toward the first parent until avalid solution is created.

Cull(P) removesthe (m+1)'" ranked solution from the population, P.

CheckTermination()aBoolean function that checksif the user’ sterminating
conditions have been met. This may be when a number of optimizations have
been completed, when there is no change in the best fitness score over agiven
number of optimizations, agiven time has elapsed, or the user has interrupted
theoptimization.

Max(P) returns the solution in population P that has the highest fitness score.
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Algorithm:
BEGIN
P := NewPopulation(seed);
TerminateFlag:=FALSE;
WHILENOT (TerminateFlag)
BEGIN
S .= Select(P);

parentl *

S :=Select(P/S

parent2 * parentl) ;
= Crossover(Sp S cr);

arentl, — parent2’
ffspring, mr);
) THEN BackTrack(S,

ffspring);

SOffspring:
SOffspring := Mutation(S,
IfNOT IsValid(Sy;gin,
IFIsValid(Syg,ing)
BEGIN

P:=P0O{ (Soﬁsprmg, Eval uaIe(Soﬁspring)}} ;

Cull(P);

END;
TerminateFlag = Check Termination();

END;
RETURN(Max(P));

END.
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