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single product release will be called OperationaleBRse
ABSTRACT Planning (ORP) in the following.

ORP is known to be a cognitively and
computationally difficult problem. In addition, senkey
parameters of the problem have to be estimatedaamd
Ythus subject to uncertainty.

Uncertainty is an important issue in many software
engineering planning problems. The uncertainty qipie
in software engineering was formulated by Ziv etad
follows (Ziv et al, 1996): “Uncertainty is inherent and
inevitable in software development processes and
products.” Uncertainty is also related to risk. As
Kitchenham observes: “Senior managers and project
managers need to concentrate more on managingagstim
risk than looking for a magic solution to the estian
problem” (Kitchenham, 1998).

Uncertainty may arise from inaccurate or incomplete
information, from linguistic imprecision and from
disagreement between information sources. Uncéytain
can be assumed in both informal knowledge (uncgstai
due to lack of understanding or incomplete infoliorgt
and in formalized knowledge (uncertainty due to
imprecise information). The focus of this papetoistudy
the impact of the uncertainty due to imprecise rim@tion
in the context of ORP.

Simulation in general has the ability to study the
behavior of complex systems in greater detail. Both
continuous and discrete process simulation appesach
have the ability to study the sensitivity of cutren past
behavior of development projects due to uncertabty
means of systematic variation of model parametees, (
using Monte-Carlo type of analyses).

The structure of the paper is as follows. Section 2
describes related research on the topic of opemtio
INTRODUCTION AND MOTIVATION release planning and the issue of uncertainty amruhg

Software product management addresses the problem parameters related to this problem. Section 3 ptesbe
of selecting and assigning features to a sequerice o goals of our research. Section 4 describes theadetre
consecutive product releases. Operational product applied to tackle the research goals. Section bribes an
management studies the assignment of resourcetheind explorative case study and the results we achiéned
allocation to the tasks necessary to develop theufes applying our method. Section 6 discusses limitatiand
related to a single product release. The plannihi@g o threats to validity. Finally, Section 7 presentsicasions

and suggestions for follow-up research.

Software product management takes place on
strategic and operational levels. Strategic product
management aims at assigning features to subsequen
product releases such that technical, resourck, ansl
budget constraints are met. Operational product
management focuses on the realization of a single
software release. Its purpose is to assign ressutce
feature development tasks such that total release
development time is minimized under given process$ a
project constraints.

In this paper, we investigate the impact of undetya
in estimates of developer productivity and featwieted
effort on the structure and performance of openatio
release plans (ORPs). More precisely, we studyntipact
of variations of these estimates on (i) the duratd a
single release (ii) the stability of the assignmaemit
developers to tasks, and (iii) the stability in #hecution
times of tasks. Our analysis applies a five stegedure,
called ProSim/ORP.

In an explorative study, we investigate a concrete
ORP of small size. We perform three classes ofrpater
variations with a total of 600 simulation runs. Arrang
the results of this study, we observe that the ohpud
varying project planning parameters has statidyical
significant impact on project duration. Moreoverg w
observe high instability of developer assignmeattasks
and strong variation of start and end times of ueat
development tasks in reaction to relatively smhtrges
in estimates of developer productivity and featiglated
effort.



OPERATIONAL RELEASE PLANNING AND indicates if the developer is able to perform tmktat all
RELATED RESULTS (p(i, ) # 0), and if 'yes’, how productive he/she is
performing that task. We note that the assignméra o
skill level for the different developers in depende of a
whole class of tasks is a simplification of reality there
The Problem of Operational Release Planning might be further differentiation even within diféart areas
of e.g. testing. While in principle the granulariby the
definition of a task is flexible, we have to keége tmodel
reasonable in size and consequently do not consiier
advanced aspect.

ORP is defined as performing a set of tasks with th
given resources in a way to minimize the overdiase
time. This release time is determined by the maxrinemd
time of all feature/task-combinations. Each
feature/task(type)-combination can be associatdd am
effort eff(i, j), where i corresponds to featurd) fand |
corresponds to task type t(j). Effort eff(i, j) thelenotes
the estimated effort needed to fulfill the featspecific
task of a specific type. The vector of all effostimates is
denoted E. Note that the duration needed to perttiam
feature/task(type)-combination depends not onlytlos
workload, but also on the productivity of the deysr
assigned to this task. For example, if the effortff(1,3)
is estimated to be eff(1,3) = 10 person days, then
developer d(5) would need 5 days to perform thk t8
of feature f(1), if the productivity of develope(x) for
task type t(3), e.g., testing, is assumed to be 2.

Each feature/task(type)-combination ft(i, j) has a
starting time st(i, j) and an end time et(i, j).eTéets of all
start times and all end times are denoted ST and ET

This Section introduces the problem of operational
release planning and discusses related research.

We consider features to be "a logical unit of bédrav
that is specified by a set of functional and qualit
requirements” (van Gurpt al, 2000Error! Reference
source not found. Features are an essential abstraction
that both customers and developers understand. They
provide an efficient way to manage the complexityg a
size of requirements.

We assume a set F of features f(1), ..., f(N) isadieati
to be developed in the next release. In ORP, the
realization of each feature requires a sequence of
individual tasks. For our purposes, the vector msggs of
S different types of tasks t(1),...,t(S). Task types
correspond to the fundamental technical, managerial
support contributions necessary to develop software
general. Typically, these tasks cover at least giesi
implementation and different types of testing. Ndtat
certain dependency relationships between task tgpas
apply, e.g., testing cannot be started before somadl of
the implementation has been finished. The possible
dependency relationships are represented by aafletic
Dep.

The set of all possible feature/task(type)-
combinations is denoted FT. It represents all izl
feature/task(type)-combinations ft(n,s), with n =.1, N,

ands=1 S respectively.
Human resources (e.g., different types of develmper Solving the ORP problem means to find an
o v P assignment of developers d(kd D to all

analysts, external collaborators) are intended édopm
the different tasks needed to create the featudes.
resource allocation process addresses the assifjrohen
the individual human resources to tasks. Each dpeelis
working on just one task at a time. An additional
assumption is that for each task only one develaper
allowed to work on it. In the case that differervelopers
are allowed to work on the task, the original taskuld
need to be further decomposed.

It is well known that there are strong differendes
the skills and productivity of software developéisufia
et al, 2006). In order to accommodate this situation, we
introduce an average skill level with a normalized
productivity factor of 1.0 for each type of taskhi§
allows consider more or less skilled developersrtpa
higher or lower productivity factor than 1, respesty.
We assume that the project manager can judge the

feature/task(type)-combinations ft(ifjj FT such that the
overall release time is minimized. More formallyhet
ORP problem is characterized by the following 9etup

<F, T, FT, D, E, P, Dep, ST, ET>

with

F — set of all features,

T — set of all task types

FT — set of all feature/task(type)-combinations,

D — set of all developers,

E — set of all estimated effort factors,

P — set of all estimated productivity factors,

Dep — precedence relationship between task types,

ST — set of starting times of all feature/task(dype
combinations, and

ET — set of end times of all feature/task(type)-
combinations.

different degrees of productivity of the developers Related Research

We consider a pool D of M developers, each . )
developer denoted by d(1), ..., d(M). Each develager Software project management mpludes management
perform one or more types of development activitiéth of.human and other resources. Assignment o]‘ prgperl
a specific productivity. The productivity factoripj) of a skilled resources to tasks is a complex processdip
developer d(i) for performing a task of predefirige t()) including a large number of variables related tbesiuile

times, availability, staffing and skill profile. Ke@ver,



intuition alone is not sufficient for making compland
crucial decisions. If this process is done ad had a
manually, the results are poor resource utilization
schedule overrun and an overall fire-fighting madde
conduct projects.

In a recent Special Issue of IEEE Software, Pyster
and Thayer stated that “Software Engineering Ptojec
Management’'s progress has been agonizingly slow in
many years, probably it is driven more by humaravair
than by technology” (Pyster and Thayer, 2005). iy,
Padberg pointed out that software engineering otlyre
offers little help to software project managershmw to
develop good schedules for their projects (Padtagl).

There is a deficit on systematic approaches toigeov
operational guidance in software projects. Chahgal.
proposed the application of genetic algorithms for
software project management (Chagigal, 2001). The
proposed method just aimed at schedule minimizatiuh
was not looking into different productivity levelsf
developers. More recently, Fentet al. used Bayesian
belief networks as a means to circumvent the inttere
uncertainty in effort estimates for resource decisias
part of software project management (Fergbal, 2004).

Strategic product management (Ruhe and Ngo-The,
2004) is responsible for mapping different featutes
different software releases whereas operationatiymto
management (Momoh, 2004) is responsible to ansasr h
features selected for a single release will be ldpesl.

For this paper, we assume that the set of featiordse
released is fixed and the purpose of planning iasgign
appropriate resources to the tasks. Ngo-The ande Ruh
propose a method that considers both the planning o
software releases and allocation of resourcesdivittual
releases simultaneously (Ruhe and Ngo-The, 2004).
However, the impact of uncertainty has not been
investigated.

Kellner et al. proposed several fundamental directions
for applying process simulation in software engiimae
(Kellner et al, 1999). All of these directions are in some
way approaching the inherent uncertainty of sofewar
processes and related data. Control and operations
management is one of them. Pfahl presents a fag-st
procedure called ProSim/RA that combines process
simulation with Monte-Carlo simulation to analyziskr
factors in software projects (Pfahl, 2005). Pro&Awill
be adapted in Section 4 for the purposes of theareb
presented in this paper.

RESEARCH OBJECTIVES

The main goal of this research is to investiga& th
impact of uncertainty in operational release plagniln
more detail, we formulate three research questaoiisthe
related hypotheses. The research questions areffated
using a goal-oriented template (Johnson and Chsdste
2000):

Research Question 1

Analyze A series of simulation runs
(objects of interest) W'th varying problem
instances
Understand the impact pf

In order to (purpose) |uncertainty in productivit

and/or effort estimates

With respect to
(focus)

From the point of
view of (perspective)

For the environment
(context)

Release time

Project manager

Operational release planni
project XYZ

Research Question 2

Analyze A series of simulation runs
(objects of interest) W'th varying problem
instances
Understand the impact pf

In order to (purpose) |uncertainty in productivit

and/or effort estimates

Stability of the assignment
human resources to tasks

With respect to
(focus)

From the point of
view of (perspective)

For the environment
(context)

Project manager

Operational release planni
project XYZ

Research Question 3

Analyze A series of simulation runs
(objects of interest) W'th varying probler
instances
Understand the impact pf

In order to (purpose) |uncertainty in productivit

and/or effort estimates

With respect to
(focus)

From the point of
view of (perspective)

Starting and ending times
tasks

Project manager

For the environment |Operational release planning
(context) project XYZ
We formulate the research hypotheses in

correspondence to the three research questionsd stat
above. Each hypothesis is presented as a pair of
alternative hypothesisand null hypothesis The null
hypothesis is directly tested; while the altermativ
hypothesis asserts the opposite of the null hymigh&he
alternative hypothesis is supported if the null dtyyesis is
rejected (Lott and Rombach, 1996).



The hypotheses corresponding to the three research

guestions are referred to as, Hi,, and H, respectively.
Their corresponding null hypotheses are labeledHas
H,o, and H, The alternative hypotheses are denoted by
Hi1, Hap, and Hy, respectively.

H;; |Decrease (increase) of productivity gnd
increase (decrease) of effort results | in
significant increase (decrease) of project

duration.

Decrease (increase) of productivity and
increase (decrease) of effort does not result
in significant increase (decrease) of project
duration.

_ 2

HlO

Decrease (increase) of productivity and
increase (decrease) of effort results | in
significant instability in the assignment pf
human resources to tasks.

Decrease (increase) of productivity and
increase (decrease) of effort does not regsult
in significant instability in the assignment of
human resources to tasks.

H20

Decrease (increase) of productivity gnd
increase (decrease) of effort results | in
significant instability in the start and end
times of tasks.

Decrease (increase) of productivity gnd
increase (decrease) of effort does not rgsult
in significant instability in the start and end
times of tasks.

METHODOLOGY

To perform a systematic analysis of the impact of

uncertain problem parameters in the ORP problem we °

adapt a risk analysis procedure called ProSim/RA
(Process Simulation based Risk Analysis) for our
purposes (Pfahl, 2005). The result is a five steggdure
called ProSim/ORP that applies modeling, basedinin
simulation, and analysis of ORPs. For a given ORP
problem <F, T, FT, D, E, P, Dep, ST, ET> the stags
e STEP 1: Determine baseline solution to the ORP
problem.

e STEP 2: Identify ORP problem parameters and define
uncertainty ranges.

The analysis of the impact of uncertainty is always
done in relation to a baseline solution. In genegl
solution of the ORP problem consists of the asseymtrof
developers to feature/task-combinations such timat t
overall duration of the release is minimized undgien
constraints (i.e., available developers). To deteenthe
baseline solution, we apply the process simulatimdel
REPSIM-2, Release Plan Simulator Version-2 (Al-Emra
and Pfahl, 2007). The resulting solution of the ORP
problem is called the Baseline case (or solution).

The heuristic used in REPSIM-2 for assigning
developers to feature/task-pairs essentially ctssis
matching the next available developer with the afh
task-specific productivity to the next waiting feat with
the largest effort (for a specific task). If onlyne
developer with very low productivity is currentlyleé,
then this mapping procedure can result in assigring
developer with low productivity to a large featufEo
avoid such a worst case situation, a set of thidsho
variables are defined which exclude developers with
productivity below a certain value to be assigned t
feature/task-pairs. This threshold values for déffe tasks
are defined by the simulation model itself whichesaee
the bests. According to the heuristic, a develalfk) will
be assigned to a feature/task(type)-combinatian jjt(f
the following conditions are full-filled:

e There is work still pending to be done for the
feature/task(type)-combination ft(i,j).

« The effort (work volume) eff(i,j) of the waiting
feature/task(type)-combination ft(i,j) is the maxim
of all waiting feature/task(type)-combinations.

* The productivity p(k,j) of a candidate developek)d(
related to a specific task type t(j) is greatemthiae
threshold productivity.

* A candidate developer with sufficient productivigy
currently idle.

If several equally large feature/task-combinatifors

the same feature but different tasks are subjebeto
assigned the same developer at the same point in
time, the predecessor task will be worked on first.

STEP 2 - Identify ORP problem parameters and
define uncertainty ranges

Uncertainty in the project data can be related to
various problem parameters of the ORP problem.
Typically, the feature/task-specific effort estiest the
estimated number and productivities of developers,
dependencies between features or task, and otberda

» STEP 3: Define ORP performance parameters and set are candidates to be selected in this step. Urnobrta

up simulations.
e STEP 4: Conduct Monte Carlo (MC) analyses.
e STEP 5: Analyze simulation results.

STEP 1 — Determine baseline solution to the ORP
problem

ranges can be based on observed variation of @stima
data in past projects or on expert opinion. In the
explorative case study presented in Section 5 heleav
use triangular distributions to describe uncenjanainges

of selected ORP problem parameters.



STEP 3 - Define ORP performance parameters and
set up simulations

The performance parameters of the ORP which are
supposed to be affected by the variation of theblera
parameters are defined in this step. In addititanng is
performed on the number and the type of simulatiors
to be performed. Typical performance parameters
duration of the release, effort consumption, idiheets of
developers, start and end times of feature-spetafks,
etc. In the explorative case study presented ini@es&
below, we focus on release duration and several
parameters that describe the structure of an ORP.

are

STEP 4 — Conduct Monte Carlo analyses

In this step, using the process simulation model
REPSIM-2, the simulations defined in the previoteps

are conducted. Running MC analyses means systematic

sampling of problem parameters from the triangle
distributions defined in STEP 2.

4.5 STEP 5 — Analysis of results

The results from simulation runs conducted in the
previous step are analyzed. The analysis usualiyivas
summary and descriptive statistics (mean, standard
deviation, scatter plots), as well as inferencdisies
involving formal hypothesis testing. In the explira
case study presented in Section 5 below, we andhze
hypotheses defined in Section 3.

CASE STUDY

We are currently applying ProSim/ORP to several
release planning cases, including cases with niane 60

following steps, this plan will be referred to aset
Baseline case. The total duration of the releassb@ut
22.7 weeks. Note that a 100% dependency among the
tasks of the same feature is considered for thidystThat
means, a task; bf a feature can start if and only if task T

, of the same feature is completed. However, thée éa

not a fixed configuration and REPSIM-2 is able to
consider any task dependency from 0% to 100%.

Identify ORP problem parameters and define
uncertainty ranges

In our case study we focus on the impact of
uncertainty in ORP problem parameters effort (EJl an
productivity (P). Table 2 shows the variation o$kri
factors in terms of percentage with respect tor theginal
value shown in Table 1.

Each of the 12 cases shown in Table 2 represents
different probability distribution sampling patterrfor
effort and productivity estimates. Both Effort and
Productivity parameter values are sampled fromgla
distributions of the type TRIANG (min, peak, makere,
peak represents the most probable value: valuesrsho
Table 1 (assuming estimations are correct); minesmts
the minimum value: values obtained from Table 1 and
then by multiplying them with factors shown in “Min
column of Table 2 (assuming values are over-eséid)at
max represents the maximum value: values obtairwed f
Table 1 and then by multiplying them with factoh®wn
in “Max” column of Table 2 (assuming values are @mnd
estimated). For example, in Case 1 the sampling
distribution for eff(1, 1) is TRIANG (2.7, 3, 3.6)n Case
5 the sampling distribution for p(4, 2) is TRIANG.§, 2,
2.2); in Case 11 the sampling distribution for &ff8) and

features and more than 12 developers. Due to spaceP(6, 1) are TRIANG (8, 10, 14) and TRIANG (0.6,112),

limitations, we present only one case here.
Baseline solution to the ORP problem

In order to investigate the research questiongdtiat
Section 3, we conducted a small scale exploratagec
study for illustrative purposes. Similar investigas for
larger problems are ongoing.

The ORP problem studied involves the following
problem parameters:

« 8 features to be developed: f(1), ..., f(8).

e 3 task types t(1), ..., t(3), e.g., design,
implementation, and test, respectively.
* 6 developers available to work on each

feature/task(type)-combination: d(1), ..., d(6).

* The estimated work volume (parameter eff, measured
in person-weeks) for each feature/task(type)-
combination, and the estimated productivity
(parameter p, dimensionless) of each developer per
task type are as of Tables 1a and 1b, respectively.

Figure 1 shows the ORP generated by REPSIM-2
using the parameter settings shown in Table 1.tRer

respectively.

In runs 1 and 3 asymmetric triangle distributioresev
applied. These cases represent situations thaéctefl
systematic underestimation of effort in the Baseliase.
The sampling from asymmetric triangle distributions
cases 5 and 7 represents situations that reflstérsatic
overestimation of productivity in the Baseline case
Finally, the asymmetric cases 9 and 11 reflectsitas in
which in the Baseline case both effort and proditgti
were  systematically  underestimated  respectively
overestimated.

Define ORP performance parameters and set up
simulations.

The following ORP performance parameters were
selected for this study:

* Release duration [weeks]: represents the make span
of a release in calendar weeks from the beginnfrag o
release construction to the end of its realizatldune
to the variation in risk factors, the duration of a
release may change. The variable representing-a run



specific duration is termed Dur_run. It's dimensien
weeks.

» Developer assignment [no unit]: represents allocati
of developer of an operational plan. Re-allocation
may need to be done when performing re-planning
due to the variation in risk factors. The number of
such re-allocation needed with respect to the besel
case is termed Alloc_diff.

» Feature/task scheduling [no unit]: represents the
differences between start times of feature-specific
tasks (measure ST_diff) and the differences between
end times of feature-specific tasks (measure ET). dif
Based on the values of ST diff and ET_diff we
calculated the difference between feature-specific
task execution times (measure Dv_diff) using the
following formula:

d, +d,

Dv_diff = ——=—
- d, +d, +d,

, with

24

dl = \/ (STJ - S-Izaaselinp)z !
j=1

24
d2 = (ET] - ETbaseIinQ2 '
j=1
24 )
d, = |> overlap®
-1

where overlapi refers to the duration of overlap
between a feature-specific task in the i-th simokatun
and the Baseline case. If there is no overlap, werdiff
= 1, if the durations of two feature-specific taskse
identical and have an overlap of 100%, then Dv_x=lif.

The simulation runs were set up using the triangle
distributions presented in Table 2. For each of 1Re
cases, 50 simulations were planned to be run.

Conduct simulation-based MC analyses
Running 50 simulations with REPSIM-2 for each of

Due to space limitations it is not possible to show
details on the descriptive statistics on all of dwses.
However, to provide better understanding on how the
empirical distributions of Alloc_diff, ST_diff, ETdiff and
Dv_diff look like, we provide in Figure 2 the datalated
to case 10.

Analyzing Simulation Results

The goal of the case study was to investigate the
hypotheses presented in Section 3. The first hygsish
was related to release duration:

Hy; |Decrease (increase) of productivity and
increase (decrease) of effort results | in
significant increase (decrease) of project
duration.

Hio |Decrease (increase) of productivity gnd

increase (decrease) of effort does not result
in significant increase (decrease) of project
duration.

In order to check whether average release dur&ion
significantly different from the duration in the dmine
case, we first had a look at the summary statistiesvn
in Table 4. It is not surprising to see that theation on
average increases in the cases 1, 3, 5, 7, 9,-aras these
cases used asymmetric triangle distributions fonpang
effort and/or productivity data. Since the asymmeas
positive in the case of effort and negative in tiase of
productivity, it could be expected that durationllwi
increase on average.

Also in the symmetric cases (2, 4, 6, 8, 10, 12) a
slight increase in duration can be observed. Ireotd
check whether the differences are significant, pgiad a
single sample t-test. It turned out that at an ali@vel of
5% in all cases but cases 2 and 10 the averagdiadura
was significantly larger than the duration of 2873
weeks in the Baseline case.

To make sure that the t-test is applicable, weiagpl
a Kolmogoroff-Smirnoff test to check for normality the

the 12 cases defined in STEP 2 produced the results Simulation data. As data in Table 6 shows, in afles but

shown in Tables 3a-c below.

case 10, normality can be assumed, and even inléase

Table 3a shows the means and standard deviations of the p-Value is very close to 0.05, implying that th

performance variable duration. The values in thieiroa
“mean” represent the means of measure Dur_run effin
in Section 5.2.

assumption of non-normality could almost have been
rejected.
Although the results presented in Table 5 inditiagé

Table 3b shows the means and standard deviations of Uncertainty in estimates of important parameterfeatire

performance variable developer allocation. The eslin

effort and developer productivity seems bear ts& of

Alloc_diff defined in Section 5.2.

frightening than one might expect. Even in the cabe

Table 3¢ shows the means and standard deviations of MOst extreme variation of effort and productivitpge 11)

performance variable feature/task scheduling. Tdlees

in the columns denoted “mean” represent the me#éns o
variables ST_diff, ET_diff, and Dv_diff , respedly,
defined in Section 5.2.

average duration excess is only about 16%, a nuthagr
is small compared to project duration overruns vtise
published in the literature.



Thus, we decided to look deeper into the issue. We

Tables 3b and 3c summarize the structural changes

assumed that one reason that might account for the for all 12 cases. One can observe that even inscaith

relative weak (negative) effects on release dumaiicthe
possibility —of compensating overestimation or
underestimation of efforts and productivities by- re
allocating developers to feature/tasks. In ordearialyze
the issue, we checked for structural changes indlease
plans generated by REPSIM-2.

As described in Section 5.3, structural changeswer
measured in two different ways. Firstly, we countkd
number of changes in allocations of developers to
feature/task-combinations (measure Alloc_diff). ihee
measured the differences between start times ofireea
specific tasks (measure ST _diff) and the difference
between end times of feature-specific tasks (measur
ET_diff). Based on the values of ST_diff and ETf e
calculated the difference between feature-spedisk
execution times (measure Dv_diff). The analyses
conducted on these data relate to hypothesesti H.

H,; |Decrease (increase) of productivity and
increase (decrease) of effort results | in
significant instability in the assignment p

human resources to tasks.

Increase (decrease) of productivity and
increase (decrease) of effort does not regsult
in significant instability in the assignment of

human resources to tasks.

—_ =

H20

Decrease (increase) of productivity gnd
increase (decrease) of effort results | in
significant instability in the start and end
times of tasks.

Decrease (increase) of productivity gnd

increase (decrease) of effort does not rgsult
in significant instability in the start and epd
times of tasks.

only 20% variation of efforbr productivity, substantial
re-allocations of developers have to be appliedrier to
keep the overall duration under control. Similastyong
structural changes in the task scheduling can batk
from measures ST_diff, ET_diff and Dv_diff.
conclusion, one may say that relatively small clesnin
duration (which are not even significant for cadg deem
to be complemented by massive structural changes in
operational release plans. This is certainly arradting
result as it demonstrates the high sensitivity pdrational
release plan structures to uncertainty in effortd an
productivity estimates.

In

THREATS AND LIMITATIONS

The proposed methodology is based on knowledge
and experience from domains such as project
management, Monte-Carlo simulation and process
simulation. In a strong sense, we have reportedetail
the results from one operational planning trial repke
based on this methodology. We are currently running
simulations on larger case examples and we hayen't
observed fundamentally different results.

All the conclusions drawn for the stated trial are
based on a large set of 50 randomly generated test
examples in each of the classes of parameter iargat
That means that for the test example the treatment-
outcome relationship a statistically valid for thieree
research questions raised.

A fundamental limitation of any type of Monte-Carlo
simulation is the validity of the assumed dataritistion.

The triangular function is one of the more freqlent
applied distributions in real-world which has offeroven
to be a sufficiently good abstraction of the reale
situation. We plan to validate the stated hypotbeee
other distributions as well.

Internal validity is asking for the treatment-outo®
construct which is automatically fulfilled in thtype of

Figure 2 shows the results of the measurements for iy estigations. Other validity questions are redate

case 10. When looking at the data of measure Adlific_

construct validity. We assumed changes in the

(see also Table 3b), one can see that the number of ,oqyctivity and in the effort estimates and stddi

different developer allocations between a simukation
and the Baseline case is on average larger thaBit2e
the total number of allocations is 24 (8 featurath\@
associated tasks each), this number represen@ngelin
developer allocation of more than 50% on average.

The impact of effort and productivity variation 6f
20% is even stronger when looking at measure Df,_dif
One can see that the distance between the scheafules
feature-specific tasks in the simulations run campared
to the Baseline case is on average more than 60Us, T
both measures, Alloc_diff and Dv_diff, indicate asgive
influence on developer allocation and scheduling of
feature-specific tasks.

combination of these two types of changes. Other
uncertainties might occur as well such as the oeke¢ed

to dependencies between tasks. For the outcome
description, the release time is often used in gutoj
(release) planning. The other measures are neviigedie
and need complementary empirical validation.

All the determined solutions to the ORP problem
were obtained from running a heuristic-based pmoces
simulation. While the heuristic does not guaramegmal
results, it was shown by a comparative analysi wie
application of optimization that the results ofstisipecial
heuristic are sufficiently good on average (Al-Emra
2006).



Despite the stated limitation, we consider the
achieved results an encouraging starting pointutthér
investigate and explain the impact of differenteypof
uncertainty on the results of operational reledaearpng.

It is too early to claim external validity, butié fair to say
that there is at least a better understandingeoh#iture of
impact. In addition, we have shown the proposed
methodology being applicable to conduct this amsb al
some follow-up investigations being of the sameetyp

SUMMARY AND CONCLUSIONS

In this paper, we presented results of an exployato
study that investigated the impact of uncertaietated to
developer productivity and feature/task effort data
operational release plans. More precisely, we studhne
impact of these changes on (i) the duration ofease (ii)
the stability of the assignment of human resouries
tasks, and (iii) the stability in the execution &snof the
tasks. The results of the study indicate that eifen
duration of operational release plans is not as hmuc
affected by uncertainty in productivity and effort
estimates, this relatively positive aspect for pt@ners is
compromised by the finding that control over dumatis
only achieved through massive structural changethén
operational release plan. Changes affect bothatitmt of
developers to feature/task-combinations as wellthes
scheduling of feature specific tasks. Estimation
uncertainty in the range of maximal +-20% can resjtn
re-assign more than 50% of all developer allocatitm
feature/task-combinations, if duration shall betkepder
control.

As a next step, it might be interesting to test how
much the duration of operational release plan$féected,
if stability in the structure of release plans igfogced.
This could be done either by fixing both the alkbma of
developers to feature/task-combinations and by ikegep
the schedules for feature-specific tasks fixed. hSaa
analysis has already been conducted (Péatdl, 2005).
The results show that variation in effort and prattiity
can result in large work backlogs, i.e., work canhe
finished if no changes in developer allocation aask
scheduling are allowed.

An even more interesting analysis, however, would
be to investigate the impact on release plan duratithe
allocation of developers to feature-specific taskfixed,
but a re-scheduling of tasks is allowed. This situa
would allow the release to be completed. How miuneh t
duration is affected on average is affected cary del
speculated. Our assumption is that duration will dme
average significantly longer than the average thmat
presented in this paper (Table 3a). This type @flyais
will be one of our next research goals.
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FIGURES AND TABLES
Table la. Feature/Task-specific efforts
eff(i, j) [person-week]
f(1) [f(2) |f(3) | f(4) [f(5) [ f(6) | f(7) | f(8)

t(1)| 3| 8| 6| 3| 5| 7| 10 6
Task| t(2) | 6 | 3| 10/ 3 | 6 | 5| 5| 8

t(3)| 6] 2| 5| 6 4] 3| 6] 10

Table 1b. Developer-specific productivities
p(k, j) [no unit]
d(1) | d(@) | d(3)[d4)|d(5)]|d6)

t(1) | 1.5 1 2 0 0.5 2
Task| t(2) 2 15 1 2 1.5 1

t(3) 1 2 0 1.5 2 1

Table 2. ProSim/ORP risk factor variation
Case Variation Min Max
Parameter

Case 1 Effort -10% 20%
Case 2 Effort -20% 20%
Case 3 Effort -20% 40%
Case 4 Effort -40% 40%
Case 5| Productivity -20% 10%
Case 6| Productivity -20% 20%
Case 7| Productivity -40% 20%
Case 8| Productivity -40% 40%
Case 9 Mixed Case 1+ Case 5
Case 10 Mixed Case 2 + Case 6
Case 11 Mixed Case 3 + Case 7
Case 12 Mixed Case 4 + Case 8

Table 3a. Summary statistics of ORP performance
parameter Dur_run

Baseline Run-specific duration
Case Duration Dur_run [weeks]
[weeks] | Mean | Standard dev.
Case 1 22.71875| 23.811 1.611
Case 2 22.71875| 23.146 1.608
Case 3 22.71875| 24.795 2.210
Case 4 22.71875| 23.526 2.428
Case 5 22.71875| 23.780 1.012
Case 6 22.71875| 23.015 1.250
Case 7 22.71875| 24.849 2.034
Case 8 22.71875| 23.508 2.141
Case 9 22.71875| 24.541 1.434
Case 10 22.71875| 23.038 2.080
Case 11 22.71875| 26.367 2.495
Case 12 22.71875| 23.9%0 3.331




Table 3b. Summary statistics of ORP performance
parameter Alloc diff

Table 4. Average differences of problem and perforience
parameters compared to the baseline case

Difference in developer allocation Deviation of| Deviation of | Deviation of
Case Alloc_diff [no unit] Case Effort Productivity | Duration
Mean Standard dev. (50 runs | Mean from | Mean from | Mean from
Case 1 7.2 3.289 each) Baseline Baseline Baseline
Case 2 9.04 3.194 Effort Productivity | Duration
Case 3 9.765 2.688 Case 1 3.4% 0% 4.8%
gase ‘5‘ ﬁég ;-222 Case 2 0% 0% 1.9%
ase . .
Case 6 12.26 2.776 Case3] 68% 0% 9.0%
Case 7 13.3 2.644 Case 4 0% 0% 3.6%
Case 8 14.06 3.191 Case 5 0% -3.3% 4.7%
Case 9 11.96 3.201 Case 6 0% 0% 1.6%
Case 10 12.16 2.78 . — .
Case 11 13.08 2.806 Case 7 0% 6.7% 9.4%
Case 12 133 2.652 Case8 0% 0% 3.5%
Case 9 3.4% -3.7% 8.0%
Table 3c. Summary statistics of ORP perfor-mance Case 10 0% 0% 1.4%
parameters ST diff, ET diff, Dv_diff Case 11 6.99% 7 590 16 19
ST diff | ET_diff Dv_diff D = 2 0'10/" e 2
ase -0. :
Case Std. Std. Std. - - -
Mean Mean Mean
Dev. Dev. Dev. ) ]
Table 5. Results from the single sample t-tests cqaring the
Case 1| 19.2611.3425.44 11.9]0.42140.1503 distribution of the average durations in each caswith the
Case 2| 27.6[7116.6735.28 17.790.50260.1533 duration in the baseline case
Case 3| 32.717.0442.93/17.70.5345 0.136 Case | Baselinef Duration  Duration |\, o
C 4| 40.7617.8]52.4319.520.6002 0.1299 Duration] Mean_}Std. Dev.
ase et S s : Case 1| 22.7187523.811 | 1.611| 0.000
Case 5| 28.1p17.8133.71{17.840.4958 0.1465 Case 2 22_7187]5 23.146 1.608 0.066
Case 6| 34.2817.55 40.8(17.480.55360.1344 Case 3 22.7187'5 24.755 2.210 0.000
Case 7| 46.0/20.9654.0921.390.6096 0.1306 gase ;‘ ;3;124@ zg-g’;g i-gig 8-853
ase . . . :
Case 8| 47.9820.4957.06(21.550.6368 0.112 Case 6 22.7187]5 53075 1250 0.049
Case 9| 38.2018.62447.41119.190.5747 0.123 Case 7| 22.71875 24.849 2.034 0.000
Case 1041.0516.0349.7116.29 0.61 | 0.0987 Case 8 22.7187'5 23.508 2.141 0.012
Case 11]60.34{22.1375.17/26.190.6902 0.0817 Case 9] 22.7187524.541 [ 1434 0.000
Case 1(J22.71879 23.038 2.080 0.284
Case 1262.5332.5675.81/30.180.70520.0717 Case 112271874 26367 > 205 0.000
Case 1422.71874 23.950 3.331 0.012
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Table 6. Results of the Kolmogrov-Smirnov Normalitytest
for duration with a Confidence Interval of 95%

Case Duration p-Value
Mean
Case 1 23.811 0.111
Case 2 23.146 >0.150
Case 3 24.755 0.121
Case 4 23.526 >0.150
Case 5 23.780 0.103
Case 6 23.075 >0.150
Case 7 24.849 >0.150
Case 8 23.508 >0.150
Case 9 24.541 >0.150
Case 10 23.038 0.049
Case 11 26.367 >0.150
Case 12 23.950 >0.150
Assignment of developers to feature/task-combinatio
F1LT1
F1,T2
F1,73
F2,T1
F2,T2
F2,T3
F3,T1 _
s ”
F4,T1
F4,12
F4,73
F5,T1
F5.T2
F5,T3
F6,T1
F6,T2
F6,T3
F7,T1
F7,T2
F7,73
8,3
o 75 TiméS(WBEk) 225 30
Fig. 1. The operational release plan of the BaseknCase
Histogram of Alloc_diff, ST_diff, ET_diff, Dv_diff
Normal
‘Alloc_diff ST_diff Alloc_diff
16 Mean 12.16
o] 8 ztDev 2.7&;8
o &1 ST_diff
‘] y i
E 1 N » 50
Lo T T T oo tisd 0 % % b % | e Bn
E ET_dif Dv_dirt Stoev 1626
] 201 Dv_diff
- | Mean 061
L StDev  0.09871
104 N 50
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Fig. 2. Example descriptive statistics of ORP perfonance
variables Alloc_diff, ST_diff, ET_diff and Dv_diff (Case 10)
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