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ABSTRACT 
Software development projects are subject to external and internal 
risks that cause delays, budget overrun and poor quality. Portfolio 
management can be used to alleviate this problem, as it pools 
resources together and allows for resource sharing among 
projects. Consequently, projects are more likely to succeed. 
However, portfolio management using only deadlines and the 
number of employees to improve probability of success is still 
confined. This paper proposes integrating portfolio management 
with COCOMO II that offers more management flexibility. 
Managers can adjust other resources, such as tools, staff 
capability, communication support, etc. to improve the project’s 
success. The proposed method can also be applied despite limited 
historical data and expert judgment. In addition, this paper 
introduces time constraints into portfolio management without 
assuming unrealistic linearity between effort and time. 

Categories and Subject Descriptors 
D.2 [Software]: Software Engineering 
D.2.9 [Software Engineering]: Management  

General Terms 
Management 

Keywords 
Portfolio Management, COCOMO II, Software Project Risk, 
Software Project, Software Development 

1. INTRODUCTION 
Portfolio management of software development projects means 
management based on an overall performance of the project set. 
To decide whether to bid for a contract, software cost estimation 
can provide a condition in a portfolio management. Specifically, 
available resources should meet estimated resources of the bidden 
project. 

Generally, the approaches for cost estimation can be categorized 
into three types: expert judgment, algorithmic models and 
machine learning [12, 14]. The disadvantages of expert judgment 

are unrepeatability and dependency on experts’ quality [7].  
Machine learning requires a lot of data for training. When lacking 
data and experts, most people are likely to use algorithmic 
models. Hence, this paper proposes using COCOMO II, which is 
a standard algorithmic cost estimation model that consists of many 
relevant factors in practice. 

Since estimation is carried out in an early stage with limited data, 
it is difficult to forecast a single correct value. Therefore, a range 
or a probability distribution is normally preferred. An approach of 
using probability distribution to handle an estimation error is 
studied by Fewster [8]. The approach takes various probability 
distributions to represent effort uncertainty based on historical 
data or experts. 

Portfolio management proposed by Fewster focuses on adjusting 
only deadlines and the number of employees. However, effective 
project management should focus on people, product, process and 
project [13], not only one. Therefore, this paper proposes 
adjusting other factors besides deadlines and the number of 
employees, e.g. supportive tool, people quality, communication 
support, etc. to improve the probability of project success.  The 
approach integrates the COCOMO II cost model with portfolio 
management of projects in order to adjust various factors of the 
projects in the portfolio. This enables a project manager to 
manage over various parameters besides deadlines and the number 
of employees. 

In addition, since portfolio management increases flexibility in 
reducing project risks, experiments are performed to confirm this 
assumption. The results can guide managers in adopting a 
portfolio viewpoint in their project management. 

Section 2 summarizes background knowledge relevant to this 
study. Section 3 describes our proposed approach. The 
experiments and results are presented in section 4. Finally, section 
5 offers concluding remarks. 

2. BACKGROUND 
This section describes principles and studies relevant to the 
proposed approach: COCOMO II, NOSTROMO and portfolio 
management by deadline planning. 

2.1 COCOMO II 
COCOMO II is an objective cost model for planning in software 
project [1, 2]. Post-architecture COCOMO, a process model, 
consists of 5 scale factors and 17 cost drivers. Scale factors 
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account for relative economies or diseconomies of scale 
encountered in software projects of different sizes. Cost drivers 
are adjustment to the estimated effort. Degrees of scale factors and 
cost drivers include extra low, very low, low, nominal, high, very 
high and extra high. With user’s assessment on scale factors, cost 
drivers and software size, COCOMO II provides effort and time 
estimations, as shown in (1) and (2) respectively. 

∏
=

××=
17

1i iEMESizeAEffort            (1) 

FEffortCTime )(×=                      (2) 

Where E and F can be calculated from (3) and (4). 
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Size is represented by KLOC. A, B, EM (effort multipliers for cost 
drivers) and SF (scale factors) are calibrated with effort data of 
real projects. C and D are calibrated with schedule data of real 
projects. 

2.2 NOSTROMO 
NOSTROMO (National Obscurity Statistical Risk Observation 
Model) is the methodology using Monte Carlo simulation to 
model uncertainty risk in COCOMO II [11]. It models 
uncertainties of 31 factors in COCOMO II, such as 17 cost 
drivers, 5 scale factors, software size, etc. 

NOSTROMO assumes that uncertainty degrees of these factors 
can be categorized into 4 levels — level 1 for no uncertainty, level 
2 for low uncertainty, level 3 for medium uncertainty and level 4 
for high uncertainty. These uncertainties can be characterized by a 
probability distribution – none for no uncertainty, normal for low 
uncertainty, triangular for medium uncertainty and uniform for 
high uncertainty. In addition, NOSTROMO defines a range of 
scale factors and cost drivers based on its uncertainty, except for a 
software size which is based on the development phase [3]. 

After defining uncertainty of factors in terms of probability 
distribution, Monte Carlo simulation is used to generate a set of 
possible estimated values, such as effort and time, from each 
uncertain factor. 

2.3 Portfolio management method by deadline 
Fewster [8] proposed a portfolio management method that uses 
deadlines and effort probability model. The effort estimation 
model provides the probability of success with the proposed 
deadlines and a set of new deadlines that deliver a required 
probability of success. The conditions used to determine portfolio 
success are that project 1 must be finished by deadline 1 and that 
project 1 and 2 must be finished by deadline 2 and so forth, given 
that deadline 1<deadline 2, etc. In terms of effort, if there are E 
employees, the total available effort (person-day) from start date 
to deadline of d days, is E×d. Thus, the condition for n projects is 
represented as (5). 
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Yi represents the required estimated effort to succeed in project i. 
If Y1+…+Yj > Edj for any j, then deadline dj has failed. Probability 
of success is obtained from simulation. Specifically, Y1, …, Yn are 
generated from a predetermined probability distribution. If Y1, …, 
Yn satisfy all conditions, then the set of Y succeeds.  Probability of 
success of a portfolio equals to the ratio of the number of the set Y 
successes to the number of trials in the simulation. 

3. APPROACH 
This section describes the proposed approach for portfolio 
management of software projects. 

3.1 Effort and time distributions 
Effort and time distributions are used to realize probability of 
project success. This paper proposes constructing the distributions 
based on NOSTROMO, but only focuses on uncertainties from 
the main 23 factors in COCOMO II, namely 5 scale drivers, 17 
cost drivers and software size. 

Uncertainty of each factor is represented with a probability 
distribution. To define a probability distribution, its type and 
parameters must be identified. Firstly, a distribution type of each 
factor is assigned according to the uncertainty level based on 
NOSTROMO: normal, triangular and uniform for low, medium 
and high uncertainty levels respectively. Secondly, parameters of 
these probability distributions, namely center, min and max, are 
specified. These parameters are derived from the factor’s rating 
and its error, evaluated by the user.  Finally, after determining all 
distributions of cost drivers, scale factors and size, Monte Carlo 
simulation is performed to yield effort and time estimations.  

As an example, assume that the factor considered is a cost driver 
TOOL. If uncertainty level is medium, its probability distribution 
type is triangular according to NOSTROMO. Assume that the 
user rates the TOOL level as low and error of 1. The center will be 
low while and min and max are very low (low-1) and nominal 
(low+1) respectively. The steps are repeated for all factors before 
the simulation begins 

3.2 Portfolio management under effort 
constraints vs. time constraints 
The equation (5) converted to person-month represents effort 
constraints. Since COCOMO II also provides time estimation as 
in (2), a condition for portfolio management in terms of time 
constraints can be constructed as in (6). 
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Ti is an estimated development time (month) of project i. The time 
constraints in (6) are compared with effort constraints in (5). Note 
that the number of employees (E) is not in (6), as COCOMO II 
assumes an average number of employees [4], which is implied by 
(2). 

3.3 Adjustment of project factors 
This paper proposes adjusting other factors, besides deadlines and 
the number of employees, to improve the probability of project 
success. These factors are cost drivers and scale factors of 
COCOMO II, which represent resources in software projects. 
Since adjustment should affect probability of success, p1≠p2 when 
p1 and p2 are probability of success for projects with different 
factor ratings. 

3.4 Portfolio benefits vs. uncertainty levels 
Managing projects as a portfolio offers more flexibility to handle 
uncertainty and risks than managing each project individually. 
Therefore, portfolio management should be especially beneficial 
when uncertainties are high. Experiments are performed to 
illustrate the benefit in terms of improvement in probability of 
success. Specifically, projects with high uncertainty should gain 
more benefit (in terms of probability of success: p) from portfolio 
management than projects with low uncertainty, or ratioh should 
be more than ratiol, as shown in table 1. 

 
Table1. Experimental plan to test portfolio benefit 

Probability of 
success 

Individual 
projects 

Portfolio Benefit 

Low uncertainty pil ppl Ratiol=ppl/pil 
High uncertainty pih pph Ratioh =pph/pih 

 

4. EXPERIMENTS AND RESULTS 
This section explains experiments in details and their results. 

4.1 Experimental data 
We use the data of software projects from Burapasayan [5], which 
employed COCOMO II to estimate software project costs for 
Progress Software Co.Ltd. The data consist of eight projects, 
which form a portfolio for our test case. Each project contains 
information on ratings of scale drivers, cost factors, software size 
(KLOC), and the start and finish dates of the projects. 

4.2 Results of portfolio management under 
effort constraints vs. time constraints 
Since the data only contain factor ratings but not the uncertainty 
levels of these rating, the experiment uses the default levels of 

uncertainty as proposed by McDonald [10]. For example, the 
default levels of RESL, DATA, ACAP and PCAP are high. 

For the probability distribution of size, Madachy [9] proposed 
various distributions, such as triangular, normal, lognormal and 
truncated lognormal. Chulani [6] studied the size distribution and 
noticed that it has a positive skew and that log(size) is likely to be 
a normal distribution. Therefore, the experiment uses a lognormal 
distribution for software size. 

After determining all probability distributions, Monte Carlo 
simulation is employed to generate the samples of effort (person-
month) and time (month), as shown in figure 1 and 2. 

 

 
Figure1. Probability distribution of effort (person-month). 

 

 
Figure 2. Probability distribution of time (month). 

 

Assume E to be three (the number of employees in each project), 
the results show that probability of success is 99.93% under effort 
constraints and 90.54% under time constraints. 

Note that the probability of success under time constraints is less 
than that under effort constraints. This results from the linear 
relationship between time and effort assumed under effort 
constraints (effort≤E×time in (5)), while the relationship under 
time constraints is not assumed to be linear, as in (2). For 
example, suppose that a project requires 120 person-months of 
effort. Under effort constraints, 10 persons must work for 12 
months, while under time constraints, the project needs longer 
than 12 months [4]. Thus, the longer time required under time 
constraints leads to a lower probability of success. 

4.3 Results of adjustment of project factors 
TOOL is chosen for this experiment as an example of a factor that 
can be adjusted in practice. Two portfolios of projects are 
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constructed: the first one with TOOL rated as very high for all 
projects and the second one with TOOL rated as very low for all 
projects. The experimental results are shown in table 2. 

 
Table 2. Probability of success for TOOL under effort 

constraints and time constraints 

Probability of success TOOL 
rating effort constraints time constraints 

Very low 98.80% 82.71% 
Very high 99.97% 94.84% 

 
When an effective tool is used in software projects (TOOL is rated 
very high), the probability of success is higher under both effort 
constraints and time constraints. Other factors in the COCOMO II 
model, such as tools, staff capability, communication support, 
etc., can also be similarly adjusted to improve probability of 
success. Tradeoffs among various alternative adjustments can also 
be analyzed to aid project manager’s decision. 

4.4 Results of portfolio benefits 
To study benefits of portfolio management as a function of 
uncertainty levels, two portfolios are constructed. Probability 
distributions for all factors in the first and second portfolios are 
defined as normal and uniform respectively (for low and high 
uncertainties). The benefit results of low and high uncertainties 
under effort constraints and under time constraints are shown in 
table 3 and 4 respectively. 

 

Table 3. Benefits of low and high uncertainties using effort 
constraints 

Probability of success Uncertainty level Individual projects Portfolio 
Benefit 

Low Uncertainty 95.65% 99.72% 1.04 
High Uncertainty 91.08% 99.21% 1.09 
 

Table 4. Benefits of low and high uncertainties using time 
constraints 

Probability of success Uncertainty level Individual projects Portfolio 
Benefit 

Low Uncertainty 10.99% 90.34% 8.22 
High Uncertainty 5.42% 81.28% 15 
 

The results show that high-uncertainty projects gain more benefit 
from portfolio management than low-uncertainty ones. Therefore, 
portfolio management can be a useful methodology for managers 
to handle highly uncertain or risky software projects effectively.  

5. CONCLUSION 
This paper proposes an integration of COCOMO II, NOSTROMO 
model and portfolio management of software projects. The 
concept allows us to construct a probability distribution when 
historical data and expert judgments are unavailable. Moreover, 
COCOMO II allows us to introduce time constraints into portfolio 
management without assuming unrealistic linearity between time 

and effort. Since COCOMO II consists of many parameters of 
software projects for cost prediction, these factors, in addition to 
deadlines and the number of employees, can be utilized for 
managerial adjustment to improve probability of success. These 
parameters represent practical alternatives for project managers to 
trade off among possible resources. Finally, experimental results 
illustrate that portfolio management can be an effective tool in 
handling software projects, especially those with high uncertainty. 
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