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Risks associated with delivery of a software project and the effort spent on managing these risks are well
researched topics. Very few have included this extra effort termed as risk exposure of a project, in the
software effort estimate of a project. This research proposes to improve the accuracy of software effort
estimates by integrating the risk exposure with the initial effort estimate of the project. A function to
calculate integrated effort estimates has been defined and evolutionary algorithms ABC, PSO and
GLBPSO have been used to optimize the MMRE. The approach has been tested on two datasets collected
from industry, one for waterfall projects, and another for agile projects. For both the datasets, integrated
effort estimates were more accurate on account of MMRE, standardized accuracy, effect size and R?, than
the initial effort estimates. Evolutionary algorithms also gave the optimum weight values at which the
MMRE was optimal for both the datasets. These weight values determine the contribution of risk
associated with each project cost factor in the risk exposure of the project. Integrated effort estimates
have been found to be more accurate, reliable, and comprehensive than the initial effort estimates.
Application of evolutionary algorithms help in reducing any bias in the integrated effort estimates.

Povzetek: Raziskava predlaga integrirano oceno dela pri razvoju programske opreme z upostevanjem

izpostavljenosti tveganjem in z uporabo evolucijskih algoritmov, kar izboljsa toncnost ocen.

1 Introduction

Software Effort estimation is the basis of software project
management. But it is also one of the most challenging
aspects of software project management. For a long time
now, project management experts have been looking for
estimation techniques which provide comprehensive
effort estimates with high accuracy, which is required for
delivering a project within schedule and within a budget.
Despite the ongoing advancements and research in the
field of software effort estimation, Standish group [1] and
the International society of parametric analysis [2] report
that two-thirds of the projects face budget overruns and
schedule delays. The challenge lies in the accurate
projection of project cost factors during the initial stages
of the project delivery, and managing the uncertainties
encountered during the development of the final product
[3]. Uncertainties in the project cost factors lead to various
risks in the software development process, which need to
be identified, managed, and controlled for a successful
software project delivery.

The risks associated with a software project are due to
factors like volatility in project requirements, availability
of experienced personnel, ever-changing technology and
many other project cost factors [4]. These project cost
factors play a significant role in the effort estimation
process as well as in project risk identification and
management process [5]. Most often, risk planning and its
management are treated as a separate activity from the
software effort estimation task [6]. Risks are identified,
analyzed, mitigated, and controlled but their impact on the

effort estimate of a project is not considered. This might
result in over-optimism and over-confidence in the
software effort estimates of projects [7]. Thus, there is a
need to integrate the risk management process in the effort
estimation process for a more accurate, comprehensive,
and fair effort estimate.

Managing risks at the project level would require
effort towards identification, analysis, mitigation, and
control of the risks associated with the project. Projects
with a pessimistic effort estimate can see a reduction in the
overall effort required for the project if risk management
is done along with effort estimation. Projects where the
effort estimation has been done in an over optimistic
manner will need extra effort to manage the risks [7]. This
effort which is required for the risk management process
is referred as the risk exposure of the project [6]. This
research proposes to include the risk exposure of the
project in the effort estimate of the project. The effort
estimate would now include the effort required for
development of the project along with the effort required
in the risk management process [8].

In the proposed approach, the cost of risk exposure is
calculated according to the procedure defined by
Kitchenham and Linkman [9] in 1997. They suggested
that the uncertainties in the software development process
cause inaccuracies in the software effort estimate
irrespective of the effort estimation technique being used.
The effort estimation is done in the beginning of the
project when not many details are available regarding the
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various project cost factors impacting the effort estimate
of the project. They have categorized the sources of
estimate uncertainties into three types: measurement error,
model error and assumption error. Assumption errors
occur in the evaluations of the input parameters due to the
inherent uncertainties associated with these parameters.
This assumption error is the risk which creeps into the
project when project cost factor values do not meet the
assumed level. Kitchenham and Linkman [9], have linked
the risk exposure of the project to the error in assumption
of the project cost factor values. They have suggested to
collect alternative cost values of the project cost factors
along with the probabilities of not meeting the initial cost
factor values. For each cost factor, two values are
determined, the initial assumed value, and the alternative
value that the project cost factor might attain during the
execution of the project. Kitchenham and Linkman
compute the effort/ cost of managing risk as follows: For
each factor difference in the initial and alternate cost is
multiplied by the corresponding probability of not meeting
the initial cost of that factor. This is the cost of managing
risk related to that factor. Sum of all these costs define the
total effort/ cost for managing the risk of the whole project
or the risk exposure of the project.

The authors in an earlier paper [8] have added the cost
of risk exposure to the initial effort estimate of the project
to obtain an integrated effort estimate(IE;,;+:4;)- EQuation
(5) gives the formula to calculate(IE;,itiq1)-

The probabilities and project cost factor values in the
formula, proposed by Kitchenham and Linkman, are based
on expert judgment, which may result in a biased effort
estimate. In the proposed approach, these probabilities are
treated as variables and these variables/ weights are then
optimized using  evolutionary  algorithms  like
Artificial Bee Colony (ABC), Particle Swarm
Optimization (PSO), and a hybrid global local binary
particle swarm optimization algorithm (GLBPSO), to
obtain more accurate and fair effort estimates. This
reduces the dependency of the model on expert judgment
and removes any bias in the integrated effort estimates due
to the probabilities. This research determines the optimal
value of the estimated effort and the weights which
determine the impact of risks due to each cost factor on
the estimated effort. The proposed approach has been
tested for waterfall model delivery projects as well as
projects using agile delivery.

The main contributions of this research are as follows:
e Risk exposure of a project is added to the effort

estimate of the project which gives an integrated

effort estimate for the project.

e A weighted function for calculating the integrated
effort estimate has been defined.

e Two questionnaires have been prepared: one based on
CoCoMuo Il project cost factors for waterfall delivery
projects, and another based on project cost factors by
Ziauddin for agile delivery projects. Based on the
responses received for these questionnaires, two
datasets have been collected: ‘Waterfall model
dataset’ and ‘Agile model dataset’.
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e Integrated effort estimate has been optimized using
evolutionary algorithms ABC, PSO and GLBPSO.

2 Related work

The need for risk assessment and risk control in software
development projects was highlighted by Boehm in 1989
[10]. His work proposed a framework for identification of
software validation and verification activities and the
effort which would go into the risk management process.
They attributed 40%-50% of the software project costs to
rework costs, and 80 % of that rework costs to the highest
risk factor associated with the project. Fairley in 1994,
used regression cost modelling of the effort estimates of
the past projects in the organization to determine the risks
associated with a software project [11]. Residual error due
to the difference between the estimated effort and actual
effort was used to determine the project cost factors which
impacted the software effort estimates. He suggested
controlling and mitigating these project cost factors to
manage the project risk.

In 1997, Madachy proposed a heuristic to calculate
the cost of risk exposure of the project using the project
cost factors [12]. He identified risk rules based on the
CoCoMo cost factors to assign levels to the risks identified
in the project. The cost of risk exposure of the project was
calculated based on the risk level and the contributing
project cost factor values. Briand et al. introduced a hybrid
model for project effort estimation, risk assessment and
benchmarking without relying on the historical data for
project effort estimate [13]. The proposed model based its
effort estimate on productivity of the project and
calculated the project cost overheads based on a
questionnaire, which would be filled by the experts
associated with the project.

In 2006, Jantzen estimated the impact of project risks
on project effort estimate, project duration and project
quality. His work emphasized on re-estimating and re-
planning the software project during its execution, based
on the various risks, their level and risk status at various
stages of the project [14]. Huang et al. in 2006, proposed
an effort estimation technique based on the fuzzy and
uncertain nature of the project cost factors. The effort was
estimated using fuzzy decision tree where along with the
effort estimate of the project, the estimation error was used
for risk analysis and management [15]. Manalif in 2013,
proposed a fuzzy expert — CoCoMo model which added a
contingency to the estimated effort based on the project
cost factors of the CoCoMo model [16]. The contingency
effort was kept separate from the total effort estimate of
the project.

In 2017, Aslam et al. considered the risks associated
with rich mobile application development projects
developed using agile methodology [17]. Along with risk
factors, they also included the quality aspect of the project
in the effort estimate of the project which enabled the
development effort estimation at multiple quality levels.
Their work was limited to project on rich mobile
application development.

In 2018, Kouthi & Idri proposed inclusion of the cost
of risk management in the effort estimation process at the
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organization level instead of handling it at a specific
project level [18]. They argued that risk is better handled
and mitigated over a portfolio of projects which improves
the effort estimation process of the organization. On the
other hand, organizations can have projects of varied
nature, for which the project cost factors contributing to
risks may vary.

In 2019, Ramakrishnan et al. built a multilayer
perceptron model to estimate the software development
effort. The model included project risk score in the effort
estimation process [19]. They used an enhanced gradient
boosting technique which decreased the standard
deviation of the residuals indicating better effort
estimation results.

In 2020, Michael Kataev et al. [20], reiterated the
importance of including the cost of risk management in
the software development process for on time and in
budget software project deliveries. They included the
internal and external risks which impacted the overall
financial health of the organization.

It is clear that researchers have focused on integrating
risk management process with the software effort
estimation process, but none have included the effort spent
on risk management in the effort estimate of the project
itself. Thus, this research tries to bridge this gap and
analyses the impact of risk exposure on the effort estimate
of the project. Also, the probability of risk occurrence is
optimized using evolutionary algorithms ABC, PSO,
GLB-PSO.

Rest of the paper is organized as follows: Section 3
details the proposed approach of integrating the impact of
risk on the software effort estimate and optimizing it using
evolutionary algorithms. It outlines the algorithms used in
the proposed approach. Section 4 gives the details of the
datasets collected for this research. Section 5 contains the
details of calculating integrated effort estimates for
waterfall and agile projects. Section 6 gives the details of
experimental setup and algorithms for ABC, PSO and
GLBPSO. It contains the details of the fitness function
used in the algorithms and explains the evaluation criteria
used for comparing the proposed approach with the
baseline effort estimation techniques. Section 7 presents
and compares the experimental results obtained for both
the waterfall and agile delivery projects. Section 8 points
out some threats to validity of the proposed approach.
Section 9 draws the conclusion, and Section 10 describes
the scope for future work.

3 Theoretical background

This section explains the risk exposure of a project,
research questions which motivated the research and
presents the proposed model for calculating integrated
effort estimates.

3.1 Risk exposure

The risk exposure of the project is the total effort required
to identify, mitigate, and control the risks in the project
which occur due to various project cost factors. Risk
exposure due to each cost factor of the project is calculated
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separately and then added together to give the total risk
exposure of the project. These risks arise due to the
uncertainties associated with the software projects. The
initial effort estimate of the project is determined based on
certain assumptions made regarding the project cost
factors like reliable requirements, team communication,
availability of hardware and software resources, and
expertise & experience level of the team. Since very little
information is available when these assumptions are made
at the beginning of the project, quite often these
assumptions are not met giving rise to risks which may
increase or decrease the effort required to develop the
project.

According to Kitchenham and Linkman [9], for a
project with n cost factors, initial effort estimate
(Einitiar) required to develop a project is calculated using
the assumed project cost factor values at the beginning of
the project. To calculate the risk exposure of the project,
risk exposure due to each project cost factor is added. Risk
exposure of the it project cost factor is calculated by
multiplying the probability of not meeting the initial level
(Piaicer) OF the i*"project cost factor with difference
between the effort estimated (E; 4¢er) at the alternative
level of the i*"project cost factor and the initial estimated
effort(E;,iciqr)- The risk exposure (E, ;) of a project can
be calculated using the equation given below:

Erisr = Z?:l(Ei,alter - Einitial) X Di,aiter (1)

This risk exposure is the extra effort that would be
needed for risk management and planning of the project.

3.2 Proposed approach

In the proposed approach, the risk exposure of a project
has been added to the initial effort estimated required to
develop the project. Thus, according to the proposal in this
research, the total effort estimate of a project must reflect
the effort involved in managing the various risks
encountered during the completion of the project. If
Einitiar denotes the initial effort estimate of a project, E;q
is the risk exposure calculated using equation (1), then the
integrated effort estimate (/E;,;:q;) Of the project can be
determined using the equation given below:

[Einitiai = Einitiar + Erisk 2

Substituting the value of E,;, in equation (2) from
equation (1) will give us the initial integrated software
development effort estimate for a project.

IEinitar = Emitiat +Z?=1(Ei,alter - Einitial) X Diaiter (3)

This estimate will now include the effort that would
be required for development as well as risk management,
and planning of the project. Values of the probabilities
Pi.aiter Of NOt attaining the assumed initial level of project
cost factors in equation (3) can be ascertained from the
program manager or the expert responsible for effort
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estimation of the project. It is possible that the values of
the probabilities {p;}7., may be biased, and hence may not
accurately estimate the cost of risk management.

In this paper, p;’s are treated as variables between 0
and 1 and then their optimal values are computed using
evolutionary algorithms such as ABC, PSO and GLBPSO,
so that the estimated cost is as close as possible to the
actual cost of a project. Therefore, in equation (1), the p;’s
have been replaced by w;’s. The risk exposure of a project
is expressed as the weighted mean of the risk exposures
due to all the project cost factors using the formula given
below:

Erisr = Z?:l(Ei,alter = Einitiat) X w; (4)

The formula in equation (3) for calculating integrated
software development effort estimate of a project (/E) can
now be expressed using the equation given below:

IE = Epnitiar + Xi=1(Eiaiter — Einitiat) X W )
The w; in equation (5) can now be optimized using
evolutionary algorithms.

In this research three evolutionary algorithms have
been experimented with: ABC, PSO and GLBPSO.
Previous research on software effort estimation has
demonstrated promising results with the application of
evolutionary algorithms such as ABC, PSO, and GLBPSO
[21-23]. These algorithms have been effective in
optimizing complex, non-linear software project effort
estimation problem.

3.3 Artificial bee colony optimization

Acrtificial bee colony (ABC) is a metaheuristic algorithm
proposed by Karaboga et al. [24], which is based on the
intelligent social behavior of the honeybee swarm. ABC
algorithm employs collaborative trial and error approach
to identify honeybee swarm. The ABC optimization
algorithm is driven by peer-to-peer learning behavior of
social colonies and reaches the optimal solution following
an iterative process. There are four phases in the ABC
algorithm: initialization phase, employed bee phase, scout
phase and onlooker bee phase. In the initialization of the
population, ABC generates a uniformly distributed
population of solutions where each solution is a
dimensional vector. In the proposed approach, the weight
vector (w;s) described in Section 6.1 will represent the
solution vector. Each w; varies between 0 and 1. The
employed bees update the current solution based on their
own experience and fitness value of the new solution. If
the new solution has a higher fitness value than the current
solution, the bee selects the new solution and discards the
current one. In this research, weight vector which gives
the lowest MMRE will be selected.
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3.4 Particle swarm optimization

Particle swarm optimization (PSO) algorithm also belongs
to the family of swarm intelligence algorithms, and was
first proposed by J. Kennedy and R. Eberhart in 1995 [25].
PSO algorithm models the social behavior of flocking of
birds or school of fish to optimize nonlinear functions.
Each particle/bird which represents the solution to the
problem has a position and velocity associated with it. In
the algorithm, particles change their position by adjusting
their velocity either to seek food, avoid predators or to
identity optimized environmental parameters. Also, each
particle memorizes its best position during the process and
communicates it to other particles in the swarm. So, the
velocity of a particle is modified using the flying
experience of the particle itself and the flying experience
of the whole group, termed as global best PSO. For this
research, the particles are the weight vectors which
determine the risk exposure due to each cost factor. The
objective is to minimize the MMRE of the project in the
dataset.

3.5 Global local binary PSO optimization

An improved PSO algorithm was proposed by Rita
Chhikara et al. [26] to overcome the disadvantages of the
global best PSO. The algorithm Global local binary PSO
(GLBPSO) integrated the global best PSO with local best
PSO and dynamically changed the population size using
(Hope/ Rehope). The algorithm begins by using the global
best PSO and if the value of the fitness function does not
change for two consecutive iterations, local best PSO is
applied with a neighborhood size of 4. The particles move
towards the best solution in the neighborhood by
communicating with their four immediate neighbors. If
the local best PSO does not improve the fitness function
in three consecutive iterations, this indicates stagnation in
the search process. To avoid this stagnation, hope/ rehope
is applied on the population. For kth iteration, for particles
having marginal distance (less than 0.01) among
themselves, only the particle with higher fitness function
value is retained in the population. However, it could lead
to decrease in population size. To avoid such a situation,
the population size is checked after each iteration, and if it
reduces to less than 50% of its original size, then the
population size is increased randomly by 30%. This
eliminates the bad performing particles and at the same
time revives the hope for a better solution. These steps are
repeated until the stopping criteria is met or the set number
of iterations have been executed.

3.6 Research questions

This paper aims to provide the experimental evidence to
answer the research questions given below:

RQ1: Does the accuracy of effort estimate of the project
improve by adding the cost of risk exposure to the initial
estimated effort of the project?

This research integrates the effort that goes into risk
management and control into the initial effort estimate of
the project. A function IE;,;+;,; @S given in equation (3) is
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proposed, to determine the integrated effort estimates for
software projects. The weighted cost of the risk exposure
due to each project cost factor is added to the initial effort
estimate of the project. The research aims to find out
whether these integrated effort estimates are more
accurate than the initial effort estimates.

RQ2: What is the impact of bias on risk exposure of the
project?

Some biases in the cost of risk exposure might have
been introduced due to p; 4. in the integrated effort
estimates (IEj,itiqr), @S given in equation (3). The values
of p; airer are based on expert judgment and have been
collected based on a questionnaire for the respective effort
estimation models: waterfall and agile. These values
might be biased as per the expert’s understanding and
knowledge. This research reduces these biases by
obtaining optimal values of the w;'s (p;aicer) DY Using
evolutionary algorithms ABC, PSO and GLBPSO. In the
weighted function [IE;;;i; in  equation (3), the
probabilities are replaced with weights to obtain the
weighted function IE as given in equation (5). IE is
optimized using evolutionary algorithms, which obtain
optimal values of the weights wys.

RQ3: Can project cost factors be ranked with respect to
their risk exposure?

Using equation (5), optimal values of w;'s are
obtained. These weights determine the contribution of
each project cost factor in the total cost of risk exposure of
the project. Higher the value w; implies that the associated
project cost factor will contribution more to the total risk
exposure of the project. This information can be used by
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project managers to identify the project cost factors which
need better management of the risks associated with them.

4 Data collection

The proposed integrated effort estimation model was
tested on data collected from an Indian IT firm involved
in software development, maintenance, and consultancy.
Two types of projects were considered for the research —
projects with Waterfall delivery model [27] and projects
with Agile delivery model [28]. Experts who handled the
projects were interviewed over a span of 1 year and data
was collected based on a questionnaire. Two separate
questionnaires were prepared — one for each delivery
model, Waterfall and Agile. Experts included project
managers, technical architects, analysts, and developers.
These experts were directly involved in the project effort
estimation process. Experts from over 75 different
projects were interviewed. 45 projects followed the
Waterfall delivery model, and rest of the 30 projects were
working on the agile principles. Projects were from varied
domains covering banking, healthcare & pharmaceutical,
and Insurance. Waterfall model questionnaire had 69
fields to be filled while the agile questionnaire had 45
fields. Table 1 shows a general format of the
questionnaire.

Table 1: Questionnaire format

Questionnaire

Project Id KLOC / Story Actual Effort

Points (Man Months)

Cost Factor

Initial Level Probability ~ of Alternative
not meeting the Level
initial Level

Questionnaire for the Waterfall model was based on
CoCoMo Il project cost factors. There were 5 scale factors
and 17 cost factors identified in the CoCoMo 11 Model. All
the scale and cost factors have been calibrated at five
levels: very low, low, nominal, high, very high and extra
high [29]. The questionnaire focused on lines of code in
the project (measured in KLOC), actual effort spent (Man
Months), scale factors and the cost factors. For the scale
and cost factors three inputs were taken from the experts
— their initial assumed level while estimating effort,
probability of not meeting that assumed level and an
expected alternative level. The dataset thus collected is
referred to as the “Waterfall model” dataset.

Similarly, questionnaire for the Agile model was
based on the frictional and dynamic forces suggested by
Ziauddin [30] . In the Agile delivery model, the stories are
delivered in sprints. This questionnaire collected

responses for one sprint in each project covering story
size, story complexity, actual velocity, sprint time,
dynamic factors, and frictional factors related to the
project. Size of the story was rated on a scale of 1-5 based
on the effort required for the development of the story.
Complexity was also rated on a scale of 1-5 depending
upon the nature of the work and complexity of technical
and non-technical requirements. There are 4 frictional
factors and 9 dynamic factors identified in the model
which impact the effort estimates of agile projects.
Ziauddin has laid down guidelines to determine the size
and complexity of the story on a scale of 1-5. The
questionnaire focused on the sprint time, story size, actual
velocity, story complexity and the variable forces
(dynamic & frictional factors) — their initial assumed
levels during effort estimation, probability of not meeting
that assumed level and the expected alternative level. The
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dataset thus collected is referred to as the “Agile model”
dataset.

5 Calculation of Integrated effort
estimates

During the initial project planning phase, an estimate of
the effort (Ei,iriq:) involved in development of a project is
done with certain assumptions regarding the project cost
factor values. With these assumptions the project cost
factors are assigned certain values and then the initial
effort is estimated. This effort can be estimated using any
established effort estimation technique depending upon
the nature of the project, its delivery model and local
environment. The effort calculated is expressed in Man
Months (MM), which is the average effort spent by one
person for a month. Initial effort is calculated for both the
datasets: waterfall and agile using the estimation
techniques described below.

5.1 Waterfall model dataset

For the “Waterfall model” dataset, the project data was
collected based on CoCoMo Il project cost and scale
factors [29]. So, the initial effort values (Ejp;;iq;) fOr a
project were calculated using the CoCoMo Il effort
estimation formula given below:

n
Einitiat = A X SizeS X 1—[ EM; initiai @)
i=1
N
=B
+0.01

5
X Z SFyinitial
k=1

where

@

A is a constant whose value can be calibrated according to
the project’s local environment. It has been established
that CoCoMo |1 estimates the software development effort
more accurately when the constant A is calibrated
according to the organization’s productivity and activity
distributions [31]. This research uses the standard value of
2.94 proposed in the CoCoMo Il Model. B is also a
constant set at 0.90 in the CoCoMo Il model. EM; iitiar
denotes the project effort multiplier for the it" project cost
actor which impacts the estimated effort of the project.
There are 17 cost factors (n=17) in the CoCoMo Il Model.
Size of the project is determined in KLOC. SFy initiq; are
the five scale factors. From the expression for S, it can be
observed that that SF,’s make the effort grow
exponentially. Substituting the values of Ej,;tiq; from
equation (6) in equation (5), the integrated effort estimate
(IE), for Waterfall model dataset can now be expressed as
below:
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~

n

IE = A X SizeS X nEMi,initial
=1

+

{(A x Size®
L

X —[ EMi,alter) (3)

i=1

NEE

1l
sS4

—| A X Size$

i n
X —[ EMi,initial)}
=1

X Wi
where EM; ieiq1 Tepresent the project cost factor
values at the initial assumed stage, and EM; ,;..-represents
the project cost factor values at the alternative level.

5.2 Agile model dataset

For the “Agile model” dataset, initial effort value
Einiriaifor a project was calculated using the model
proposed by Ziauddin [30]. The model estimates the effort
for a sprint using the story size, complexity, dynamic and
frictional factors. The software product to be developed,
is described in the form of user stories creating a product
backlog owned by the product owner, usually a
representative of the customer for whom the product is
being developed. The team delivers the selected user
stories at completion of each sprint. As opposed to
waterfall model where the manager is responsible for
estimating the effort in the planning phase, in agile
approach the team members decide on the effort that will
go into the delivery of the user story at the beginning of
each sprint. Team members estimate the required effort
based on their experience, story size, complexity, and
project cost factors. The effort is expressed in terms of
story points, where one story point corresponds to a day’s
work for the team member. The project cost factors might
change during the sprint execution leading to the
uncertainty in effort estimate by the team member. These
project cost factors account for the risks associated with
the project which impact the effort estimate of the sprint.
Steps given below were followed to calculate the initial
effort estimate.
a) Effort for a story: For each story, the effort
dispensed towards the development of the story was
calculated using the formula given below:

ES (Effort for a story)
= story size 4)
X story complexity
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This effort estimate of the story is expressed in story
points.

b) Effort for the whole sprint: The estimated effort for
all the stories in the sprint is added to get the effort
estimate of the sprint, using the equation given below:

E (Effort for whole sprint)
n

- . ®)
Z ES;

=
where, n is the number of stories being delivered in
the sprint. Now, the effort for the whole sprint is in
story points.

c) Variable factors: From the agile project dataset,
initial values of the frictional and dynamic factors
were used to calculate the impact of variable factors
on the initial effort estimate. The impact was
calculated using the formula given below:

D (Variable Forces)
4

= Frictiona factors;
k=1 (6)

9
X 1_[ Dynamic factors;

m=1

d) Agile Velocity: In this step, the velocity for each
sprint in the project was determined based on the
estimated sprint effort E, sprint time T and variable

forces D in the sprint, using the formula given below:
D

V (Velocity) = (;) (M

In Agile delivery, the velocity of the project is
improved and stabilized over various sprints [32].
This stability in velocity will depend on the project
cost factors, in this case dynamic and friction factors.
These factors change often during the execution of the
sprint thus leading to uncertainties in the estimated
effort. These uncertainties are the risks associated
with the project which need to be addressed during
the project execution. The effort that goes into the
control and mitigation of these risks has been
accounted for in the estimated effort in the proposed
approach. The formula for integrated effort
(IEnitiar) 1S given in equation (13).

e) Effort estimate: From equation (12), formula for
Einitiar €an be obtained as follows:

1
Einitiwm = E = (V)DXT ®)

Substituting the values of Ej,;;iq; from equation (13) in
equation (5), the integrated effort estimate for the Agile
model dataset can now be expressed as below:

IE= (V)b XT + Z {((V)Di.azrer X T)

(9)
- ((V)% X T)} X w;
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where D; 4;¢r represents the variable forces or project cost
factors at the alternative level.

6 Experimental setup

The estimated effort expressed in equations (8) and (14)
for waterfall and agile delivery models respectively can
now be optimised using evolutionary algorithms. In this
work, ABC, PSO and GLBPSO have been used to
optimise the effort estimates as described below:

6.1 Representation of the population

In this research, each individual particle/ bee in the
population is represented as a vector of weight values as
shown below:

Waterfall model

(oo [ [ [ [ e [ [ o [ [ o [ o [ o [ om [ [ [ [ o [ o | o [ o |

Agile model

[wi [ wa [ ws | wa[ws|ws|wr|ws|we|wio|[wn|wn|ws]

The Waterfall model and the agile model datasets will
have 21 and 13 weights respectively for associated project
cost factors. In equations (8) and (14), the weights are
optimized to calculate the integrated effort estimates for
software project development. All the weights are in the
range 0 to 1. The algorithms will return the vector with
weight values at which the MMRE value is minimized.
From equation (15), it follows that the optimization of
weight values will bring the [E"s close to the actual effort.

6.2 Fitness function

In evolutionary algorithms, fitness function is used to
evaluate the fitness of the individuals in the population.
Mean magnitude of relative error (MMRE) is the most
widely used fitness function for software effort estimation
problem [33]. Tomas Urbanek [33] et al. have found
MMRE to be an average fitness function for the effort
estimation problem. Considering earlier performance of
MMRE, we have used MMRE as the fitness function for
ABC, PSO and GLBPSO algorithms.

6.2.1 Mean magnitude of relative error

For the algorithms used in this research, mean magnitude
of relative error (MMRE) is used as the objective function
to evaluate the fitness of the individuals in the population
[34]. Magnitude of relative error (MRE) is the ratio of the
absolute difference between the integrated effort (/E) and
the actual effort spent on the project, and the actual effort
spent on the project. Thus, the formula for MMRE will be:

N
MMRE = 2= -
N (IEi—actual efforti)/N

=1 actual ef fort;

(10)
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where N is the total number of projects in the dataset.
All the three algorithms are used to obtain weight values
(w;) that minimize the MMRE.

6.3 Parameter values

The proposed approach is implemented on two datasets
collected during the research described in section 4. The
implementation for the considered evolutionary
algorithms was executed on MATLAB. The fitness
function values in ABC, PSO and GLBPSO showed little
change after 20 iterations. So, the number of iterations is
set to 20 in all the swarm optimization algorithms.

6.3.1 Parameter values for ABC

In ABC algorithm the population size is generally kept as
the square of the number of employed bees [24]. The
number of weights in the waterfall model dataset is small
(21), an initial population of size 441 i.e., square of 21 was
generated randomly. Similarly, the agile model dataset
had 13 weights, so the randomly generated population size
was kept at 169. The best fitness value after every iteration
showed little change after around 17 iterations as shown
in figures 2 and 6. Thus, the number of iterations in each
run were set to 20. The number of trials for abandoning
food source (Limit) was set to 50.

6.3.2 Parameter values for PSO and GLBPSO

The population size for PSO and GLBPSO were kept the
same as for the ABC algorithm. So, the population size
was set at 441 for Waterfall model dataset and 169 for
agile model dataset. Other parameters values are given
below:

1) Number of iterations: 20

2) c1=c=15

3) w=0.8

For PSO and GLBPSO, the best fitness value after
every iteration showed little change in waterfall model
dataset after around 17 iterations and showed little change
in agile model dataset after around 7 iterations as shown
in figures 3, 4, 7 and 8 respectively.

6.4 Performance evaluation metrics

The integrated effort estimated with the proposed model
is compared with the initial estimated effort using the
benchmark model based on four performance evaluation
metrics: mean magnitude of relative error (MMRE),
standardized accuracy (SA), effect size (A) and coefficient
of determination (R?).

6.4.1 Standardized accuracy

The performance evaluation measures MRE and MMRE
have been criticized for being biased towards effort
estimation techniques resulting in underestimates [34-39].
Therefore, we compare integrated effort estimates from
the proposed approach with the estimated effort of
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CoCoMo Il and Ziauddin models using standardized
accuracy (SA) also. In SA, an estimated effort value is
randomly chosen and assigned as effort estimate of the
remaining projects. This process is repeated 1000 times
and then mean absolute error (MAR) is calculated every
time. Standardized accuracy is calculated based on the
formula given below:
sa=1- 4R (12)
"7 MARp,

where MAR is the mean absolute error i.e., the mean
of the absolute difference between the estimated and
actual effort estimates of all the projects.

x 100

MARp, is the mean MAR of the 1000 random
assignments [38]. For performance evaluation, a lower
MMRE value or a higher SA value implies a better effort
estimation approach.

6.4.2 Effect size

Effect size (A) is used to determine the reliability of the
proposed approach [38, 40]. It can be calculated based on
the formula given below:
MAR — MARp,
A= —mMm— (12)
Opo
where ap, refers to the standard deviation of MAR
values of 1000 random assignments from MARp,. High
value of A (>0.5) indicates that the results obtained by the
proposed algorithm are more reliable than those obtained
by random guessing.

6.4.3 Coefficient of determination

Coefficient of determination (R?) is used to determine the
correlation between the dependent and the independent
variables [41]. It varies from O to 1. A value closer to 1
indicates a strong correlation between the variables. For
this research, independent variables are the project cost
factor values and the size of the project. Estimated effort
will be the dependent variable.

7 Results & analysis

Each algorithm was run 25 times. We have reported the
best results obtained for each algorithm.

7.1 Results for waterfall model dataset

Table 2 lists the weight values obtained for all the three
algorithms: ABC, PSO and GLBPSO for the Waterfall
dataset. These weights represent the optimal values of
DPiaiter defined in equation (5). A higher value of p; giter
(>0.5) indicates high level of risk exposure due to the
corresponding project cost factor. Weight values O,
indicate that there was negligible risk due to that project
cost factor and it did not impact the effort estimate of the
project. All the projects considered are from the same
organization, where these project cost factors such as main
storage constraint, platform volatility, platform experience
and execution time constraint, might already be controlled
efficiently thus having no impact on the integrated effort
estimate. Weight values of 1 indicate that the associated
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project cost factors highly impact the integrated effort of
the project. These factors need to be monitored and
controlled for successful project deliveries. Results
indicate that the evolutionary algorithms give better
results (lower MMRE) as compared to the MMRE values
of initial integrated effort estimate IE;,;;4;- From table 3 it
can be observed that among the evolutionary algorithms,
PSO outperformed the other two algorithms (ABC and
GLBPSO) with the lowest MMRE value of 0.131 in the
shortest time. MMRE for GLBPSO was also 0.131, but it
took more execution time than PSO.

Table 2: Parameter values for ABC, PSO and GLBPSO
algorithms: Waterfall model
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exposure. For projects (P1, P3, P5, P8, P16, P19, P33, P36,
P40 and P41), the integrated effort for the evolutionary
algorithms is higher than their corresponding IE;;tia
value. The MRE for these projects were in the range:
CoCoMo Il (0%, 39%), IE;pitia (3%, 38%), ABC (1%,
37%), PSO (0%, 41%) and GLBPSO (0%, 36%). This
indicates under estimation of risk exposure due to the
project cost factors by the experts. Figure 1 shows the
variation in MRE of projects for all the considered five
estimation approaches. MRE for projects (P4, P7, P10,
P11, P15, P17, P19, P20, P23, P24, P25, P26, P27, P30,
P31, P33, P37, P39, P40, P41, P44 and P45) has reduced
considerably with the use of evolutionary algorithms as
compared to the MRE values obtained when using

Weights ABC PSO GLBPSO CoCoMo Il or initial integrated effort estimates IE;;ziq:-
W1 0 0 0
W2 0.168 0.552 0.579 Table 4: Estimated effort for Waterfall Model
Ws 0.596 1 0.686 Projec ~ Actual CoCoM IE ABC PSO GLBP
Wa 0.826 1 1 tid Effort oll Initial SO
. P1 1634 1440.80 1728.74 1904.43 2036.9 2024.0
Ws 0.954 1 1 1 3 ' 67 36
666.953  713.992 589.19  564.23
We 0.685 1 0.729 P2 700 6 1 594.992 o %
W7 0.755 1 1 P3 2087 gssz.oe 121123.87 471309.47 ﬁzs.e 543.7
Ws 0.33 0.631 0.525 pa 450 404280 0. o 44159l 449.43  442.94
Wo 0.884 1 1 ; - 05 95
: P5 2608 210200 553576 pgm2os 24305 25940
Wio 0.695 0.818 0.935 5 74 73
P6 ase; 330439 366161 3085.54 29441 29577
Wi1 0.334 0 0 5 5 5 22 99
Wi 0.624 0 0 - 256 5048.07 17387 i150.13 i320.1 5595.6
W13 0.796 0.79 0 P8 o2 265.824 952,08 369.263 318'23 97807
Wis 0.891 0 1 PO Jg7g 251821 295918 232992 26730 24929
Wis 0.302 1 0 5 3 6 46 19
: P10 oazs 192234 231894 204801 24401 22854
W16 0.551 0 0.742 3 7 8 57 11
1297.09 2202.69 1957.83  1884.4 1590.1
Wiz 0.713 0 0 Pl 4% 3 1 2 66 99
W18 0.437 0.733 0 P12 2034 5480.34 5414.96 5262.71 2347.0 547121.1
Wi9 0.301 1 0 P13 3200 202004  3080.99 283548 31744 25789
7 2 8 99 9
w2 0.549 0.736 0.678 o1 ey 233951 ..o 380165 35811 37531
W21 0.917 0.159 0 90 : g ERE 290 846 5
2044.51 523.7 309.4 3461.
P15 678 390535 3 o
. 2756.70 2705.77  2478.3 2645.3
Table 3: Waterfall Model experimental results PI6 2159 4 28553 4 66 65
4901.98 4300.25  4093.6 4115.9
P17 3015 4621.11
Waterfall Model MMRE SA  (4) R?  Time (seconds) 3 3 1 07
CoCoMo IT 0215 0828 0520 0381 436.05 P18 aasg  209TAL 349734 305394 97886 97636
TE(Initial) 0183 0845 0596 0720 435323 198108 211464 20016 22785
ABC 0147 0843 0507 0773 556=10° P19 2435 149016 . 1 21 78
PS5O 0.131 0843 0575 0787 352=10° P20 859 1412.50 1496.21 1236.09  1208.9 1163.3
GLBPSO 0131 0843 0545 0791 54x10° 58 59 9 15 g;o -
P21 3147 é 21.51 3 34.55 2384.43 ;944.1 9 7.
. . . 1304.25 2239.50 1765.50  1465.0 1709.6
In table 4, the integrated effort estimates obtained by p22 1987 g 9 8 o1 o1
the five approaches: CoCoMo Il, IE;;;¢;4;, ABC, PSO and P23 4567 463282 5968.33 464055 45029  4047.4
GLBPSO are depicted project wise. These effort estimates S 2
i i i i H P24 3629 : 4936.89 ’ ’ !
are calculated by substituting the weight values listed in 1 8 3 44
table 2 in equation (8). It can be noted that for most of the P25 2897 [21937-63 4906.66 2734-72 gi05-2 2371-4
projects, integrated effort estimates for evolutionary o6 piss 120783 oo 109868 16446 14922
algorithms are lower than their corresponding IE ;i 9 ' 3 63 66
value given in column 4 of table 7. This indicates that the ~ p27 grge 010320 DOBLAT 4020.05 25135 3589
experts might have overestimated the alternative cost of o258 segy 257709 251066 257453 24378 23857
9 7 9 85 94

the project cost factors that increased the project risk
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Projec  Actual CoCoM GLBP Projec  Actual CoCoM GLBP
tid  Effort  oll  [Emwa  ABC  PSO - Tgq tid  Effort ol [Fmwa ABC  PSO - Toq
2887.84  2622.17 25347  2455.0 3963.38  3911.63  4026.35 38059 3724.7
P29 2937 2395.47 8 6 78 68 P38 3200 6 6 8 79 16
3730.23 3463.44 3229.82  2879.8 3033.2 2562.53 2590.45 2391.67  2407.5 2317.1
P30 2874 8 9 2 49 84 P39 2489 2 1 8 34 95
3346.50 3377.76 33719 3199.1 1411.73 1694.44 1865.93 1983.0
P31 3384 3851.66 9 7 7 05 P40 1999 6 8 5 1995.9 31
3480.27 3906.63 3347.39  3729.6 3474.4 2264.62 242151 2521.1 2610.0
P32 3287 8 6 7 17 19 P41 2598 1704.9 2 4 87 84
2376.81  2534.22  2807.81 2936.2  2840.3 1369.66 ~ 2605.07  2319.31 2176.6  2281.7
P33 2845 7 6 8 5 76 P42 2876 2 2 9 5 17
3542.16  3598.08 320429 35143 31758 244110 237430 243353 2304.8  2255.6
P34 3504 5 6 3 8 56 P43 2309 9 7 4 95 1
2005.14  2034.21 1882.42 1901.6  1827.6 905.336 1072.12  937.964 1126.7  1054.3
P35 2134 5 2 5 3 61 P44 1784 6 6 8 - 62
1710.68 173419 1628.7 1740.3 3502.63 2952.26  2818.4 2831.0
P36 2739 1746.16 6 3 57 16 P45 2792 3159.18 9 3 2 23
2391.85  3657.08  3391.12 3802.2 3087.4
par 2469 g 8 8 17 05
0,8
0,7
0,6
0,5
w
<4
S04
0,3
0,2
1T O S TOL ALt Jwt M
P1 P3 P5 P7 P9 P11 P13 P15 P17 P19 P21 P23 P25 P27 P29 P31 P33 P35 P37 P39 P41 P43 P45
H CoCoMol Il M El(Initial) HABC PSO N GLBPSO
Figure 1: Variation of MRE in waterfall dataset
Variation in fitness value (Waterfall model dataset) over iterations: ABC Algorithm Variation in fitness value (Waterfall model dataset) over iterations: PSO algorithm
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Figure 2: Variation in fitness value: ABC algorithm Figure 3: Variation in fitness value: PSO algorithm
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Variation in fitness value (Waterfall model dataset) over iterations: GLBPSO Algorithm
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Figure 4: Variation in fitness value: GLBPSO algorithm

7.2 Results for agile model dataset

For the Agile dataset, the optimal weight values obtained
for all the three algorithms: ABC, PSO and GLBPSO are
listed in table 5. Results shown in table 6, indicate that the
evolutionary algorithms gave better results (lower
MMRE) as compared to the MMRE obtained for the initial
integrated effort estimate (equation 3). It can also be
observed that among the evolutionary algorithms, PSO
outperformed the other two algorithms (ABC and
GLBPSO) with the lowest MMRE value of 0.151 in the
shortest time. MMRE for GLBPSO was also 0.151, but it
took more execution time than the PSO.

Table 5: Parameter values for ABC, PSO and GLBPSO
Algorithms for Agile model

Weights ABC PSO GLBPSO
wl 09183 1 1

w2 0.0223 0 0

w3 0.603 0.783 0.781
w4 0 0 0

w5 0.0733 0 0

w6 1 1 1

w7 0.4551  0.3888  0.3936
w8 08715 1 1

w9 07779 1 1

w10 0.0417 O 0

wll 02197 O 0

wl2 0.0697 0 0

wl3 0.039%6 0 0

The integrated effort estimates for the wvarious
approaches: Ziauddin, IE(Initial), ABC, PSO and
GLBPSO are depicted in table 7. These effort estimates
are calculated by substituting the weight values listed in
table 5 in equation (11). For the Agile dataset, the MMRE
(0.282) for IE(Initial) is close to the MMRE (0.288) of
Ziauddin approach. The initial integrated effort estimates
IE(Initial) for most of the projects are lower than the effort
estimates using Ziauddin approach. The integrated effort
estimates IE for all the evolutionary algorithms are higher
than their IE(Initial) estimates. This indicates that the
experts had assumed the cost of project cost factors
optimistically. Use of evolutionary algorithms has
considerably reduced this over optimism, as indicated by
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the MMRE values (ABC: 0.155, PSO, GLBPSO: 0.151).
Figure 5 shows the variation of MRE obtained for projects
for all the considered estimation approaches. MRE for
projects (P3, P4, P5, P6, P9, P12, P15, P16, P17, P20, P21,
P24, P26 and P30) has reduced considerably with the use
of evolutionary algorithms as compared to the MRE
values obtained when using Ziauddin approach or the
initial integrated effort estimates.

Table 6: Agile model experimental results

Agile MMRE  SA Effect R? Time

Model Size (A) (seconds)
Ziauddin 0.288 1.85 0.603 0.018 356.36
IE(Initial)  0.282 214 0713 0.102 347.56
ABC 0.155 234 0.756 0.113 9.32x10°
PSO 0.151 243 0.766 0.114 6.17 x 10°
GLBPSO 0.151 244 0.765 0.113 1.19 x 10

Variation in fitness value (Agile model dataset) over iterations: ABC Algorithm
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Figure 6: Variation in fitness value: ABC algorithm

Variation in fitness value (Agile model dataset) over iterations: PSO Algorithm
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Figure 7: Variation in fitness value: PSO algorithm

Variation in fitness value (Agile model dataset) over iterations: GLBPSO Algorithm
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Figure 8: Variation in fitness value: GLBPSO algorithm
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Table 7: Estimated effort for agile model

Proj Ac Ziaudd 1E ABC PSO GLBPS
ect tu in (Initial) O
Id al

Eff

ort
1 64 86.4923  83.6025 81.1865 82.4856  82.48179

1 4 2

2 76 117.116 109.145 109.792  110.935  110.9644
3 81 i45.914 113.32.075 125.314 525.144 125.1514
4 68 (1519.152 207.420 52.3164 5133.9578 93.87866
5 66 27.6667 :'-'?6.3777 22.5820 32.7521 62.77239
6 67 é3.5927 é0.8842 24.9334 25.7520 65.7274
7 67 ?13.4354 ff13.2720 is15.7215 i1)\16.5541 46.55146
8 68 27.0517 E532.2107 §7.0639 28.1592 58.10352
9 56 é6.2762 iL14.2504 20.3249 20.8236 50.8004
10 60 4717.195 34.3339 26.6364 4217.2997 47.30984
11 58  72.4363 29.0868 67.4359 28.0235 67.97869
12 62 18.8973 15.2874 g3.8864 24.9363 54.95424
13 65 j118.8169 iL17.9638 23.4508 23.7969 53.81199
14 63 20.6509 22.0362 30.6961 21.9152 51.87922
15 65 ‘516.0623 25.7661 23.8908 25.0014 65.01872
16 66 ;7.1008 ia15.0761 21.8912 é4.4023 64.34528
17 65  70.8973 28.1672 (937.6481 28.4295 68.44052
18 62 ;7.0143 ;5.2009 26.3030 26.1034 56.12013
19 76 57.5975 37.1290 (931.9198 62.7889  62.80839
20 5] 35.0529 (135.0108 29.1518 30.2077 70.20775
21 73 30.5518 24.7260 ‘618.5125 29.7986 69.78006
22 72 21.6248 23.0843 28.6932 28.7892 58.80578
23 73 ;0.1498 27.5612 5131.8011 23.0083 83.00832
24 74 59.0737 %6.9740 %4.2441 55.2267 75.20611
25 60 29.5266 ?12.8176 29.6179 20.5586 50.54135
26 65 [717.7804 ;9.7399 25.0433 55.0029 64.99734
27 62 é8.0827 42.8917 319.4238 1719.8615 49.86158
28 55 27.4579 ?16.4074 27.0234 ?17.1733 47.17914
29 60 26.8164 21.0654 23.3694 63.9554  63.93309
30 59 54.9804 514.3468 §5.1033 §6.3919 56.37387

7.3 Revisiting the research questions

RQ1: Does the accuracy of effort estimate of the project
improve by adding the cost of risk exposure to the initial
estimated effort of the project?

Results as discussed in sections 7.1 and 7.2, show that
the integrated effort estimates have lower values of
MMRE and higher values of SA, effect size and R? than
the corresponding initial effort estimates, for both the
datasets. Thus, it can be concluded that the integrated
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effort estimates are more accurate, reliable, and

comprehensive than the initial effort estimates.

RQ2: What is the impact of bias on risk exposure of the
project?

Results in sections 7.1 and 7.2, show that the MMRE
of the software effort estimate is reduced by using
evolutionary algorithms ABC, PSO and GLBPSO for both
the datasets. In the process, we also obtain the optimum
weight value, w;, corresponding to the it" project cost
factor, which is the optimum value of p;g;.r. These
optimal values of the w;'s reflect the unbiased values of

(pi,alter)ls-

RQ3: Can project cost factors be ranked with respect to
their risk exposure?

High value of w; implies that the contribution of the
it"project cost factor is also high in the risk exposure of
the project. So, the values of w;’s are good indicators of
project cost factors which have high risk exposure.
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Figure 5: Variation of MRE in agile dataset
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8 Threats to validity

This section discusses threats to validity of the proposed
model.
External validity

External validity [42] is concerned with
generalization of the results obtained. Threats to external
validity are conditions that limit the ability to generalize
the results of the proposed experiment to other effort
estimation models [43-46].

For this research, the datasets have been collected
from a single organization. Although the organization is a
large IT consultancy firm working on projects in varied
domains, the proposed approach could be further validated
by experimenting on data from different organizations. To
test the efficacy of evolutionary algorithms, large datasets
are ideal. The results in this paper are based on datasets
with 30 to 45 projects.

9 Conclusion

This paper has introduced a novel approach for integrating
the impact of risk exposure into the effort estimate of a
software project. This impact is determined using the
weights associated with the risk exposure due to each
project cost factor. These weights are then optimized using
evolutionary approaches like ABC, PSO and GLBPSO.
Experimental results show that the PSO and GLBPSO
algorithms gave more accurate effort estimates for both
waterfall and agile projects, but GLBPSO took more time.
The approach essentially reduces the bias due to the
probabilities which were associated with the impact of risk
exposure on the effort estimates of the projects. Software
effort estimation for projects now, will, not have to rely
solely on the expert judgment for assessing the probable
impact of the risk exposure due to project cost factors.

The project factors can be ranked based upon the
associated optimal weight values. Software Project
managers can prepare and plan for risk management and
development of the project effectively using the ranking
obtained. Cost factors with higher weight values will need
to be mitigated and controlled earlier than the cost factors
with lower weight values.

10 Future directions

In the manuscript, tables 4 & 7 list the effort estimates
calculated by using the optimum weight values obtained
by applying ABC, PSO and GLBPSO on waterfall and
agile model datasets respectively. To validate the obtained
results, tables 5 and 6, then compare the calculated effort
estimates based on MMRE, SA, Effect size and R?. The
results obtained confirm that the risk integrated effort
estimation accuracy improves with the application of
evolutionary algorithms such as ABC, PSO and GLBPSO.
The proposed risk integrated approach can further be
validated through additional case study / company data.
The proposed risk integrated effort estimation
approach can be applied to other benchmark effort
estimation models such as Use Case Point [47], Function
Point [48], and Analogy based estimation [49] for
Waterfall projects. Poker [50], T-shirt sizing and Three
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point estimation [51] for Agile projects. To enable the
comparison, cost factor data for the suggested benchmark
models will have to be collected / generated.

To further investigate the impact of evolutionary
algorithms on weight values associated with cost factors,
other available evolutionary algorithms such as firefly, ant
colony optimization, cuckoo search and whale
optimization could be used, and results compared with the
results obtained in this research. The weight values can
also be optimized using artificial intelligence techniques
like neural networks, convolutional neural networks, and
deep learning techniques.
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