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ABSTRACT

Among other variables, uncertainty and limitation of resources make real-life project portfolio management
a complex activity. Simulation-optimization is considered an appropriate technique to face stochastic
problems like this one. The main objective of this paper is to develop a hybrid model, which combines
optimization with Monte Carlo simulation, to deal with stochastic project portfolio management. A series
of computational experiments illustrate how these hybrid approach can include uncertainty into the model,
and how this is an essential contribution for informed decision making. A relevant novelty is the inclusion
of a sustainability dimension, which allows managers to select and prioritize projects not only based on
their monetary profitability but also taking into account the associated environmental and/or social impact.
This additional criterion can be necessary when evaluating projects in areas such as civil engineering,
building and construction, or urban transformation.

1 INTRODUCTION

Changing project priorities within an organization may be a sign of poor project portfolio management
(PPM). Even with the large number of results reflected in the scientific literature of this problem, practitioners
are still demanding PPM methods that reduce the probability of error in the selection and prioritization
of the projects that compose the portfolio. According to Mohagheghi et al. (2019) some authors focus
on improving the interaction with decision makers, while others concentrate on providing better solutions
in reduced computing times by employing metaheuristic algorithms and the combination of simulation
techniques and/or fuzzy sets with metaheuristic algorithms. Actually, one of the main trends in PPM is
the combination of optimization-simulation and machine learning approaches. Simulation-optimization
becomes a valuable tool to face practical problems including random variables, such as planning under
uncertainty, estimating the reliability of complex configurations (Faulin et al. 2008), or including behavioral
analysis into project portfolio selection.
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This paper first reviews recent contributions to PPM based on simulation and optimization methods
and using software tools that are popular in business-oriented applications, such as the well-known @Risk
software by Palisade. Then, the paper identifies and define a portfolio selection criteria that considers the
monetary and the sustainability dimensions. As a result, an original model is developed to support decisions
makers while managing uncertainty in project portfolio selection and prioritization. A computational case
study contributes to illustrate the main ideas behind our model. The rest of the paper is structured as
follows: Section 2 offers a review on related work. Section 3 discusses the importance of considering
sustainability issues in project portfolio management. Section 4 proposes a simulation-optimization model
implemented in the @Risk Optimizer functionality, and analyzes a first round of experiments computed
with this initial model. Section 5 provides an enriched model in which the probability distributions have
been properly selected using more data; the new model also considers two objectives: monetary efficiency
and sustainability. Section 6 includes some managerial insights that can be derived from the computational
experiments. Finally, in Section 7 we highlight the main findings of this work and propose some promising
research lines.

2 RELATED WORK ON PROJECT PORTFOLIO MANAGEMENT

The problem of selecting and prioritizing projects in the portfolio has been extensively addressed in the
literature. Anell (2000) indicates that managers have to systematically analyze and evaluate projects in
order to ensure that they fit and conform with the appropriate company portfolio, discarding projects that are
no longer adequate or lose importance. In order to do that, managers need to analyze different aspects that
influence projects over the portfolio timeline. More recently, Lopes and de Almeida (2015) identify three
key aspects in project selection: (i) the multi-objective nature of the decision context; (ii) an assessment of
the projects synergies; and (iii) the influence the previous aspects have on the decision maker’s preference
structure. Hence, the combination of these aspects results in a multi-attribute decision model. Defining the
project portfolio is also related to the corporate strategy and the limitation of resources. Recent surveys
on the use of metaheuristic algorithms in project portfolio optimization and related topics can be found in
Soler-Dominguez et al. (2017) and Doering et al. (2019).

There is a need for addressing the optimization of the project portfolio at risk (with an effective use of
limited resources), using techniques such as an stochastic optimization and Monte Carlo simulation. Actually,
simulation-based optimization approaches are applied in several works related to project portfolio selection.
Thus, for instance, Subramanian et al. (2003) combine mathematical programming and discrete-event
simulation to obtain statistically significant improvements over previous approaches. Also, Subramanian
et al. (2001) combine both methodologies to assess the uncertainty and control the risk. In a more recent
work, Wood (2016) defines a risk aversion factor in order to capture portfolio value and risk in a single
metric. Kettunen and Salo (2017) use Monte Carlo simulation in the project selection decision to avoid
inaccurate risk estimations in the project portfolio. Identifying the best values for a set of variables in
decision making falls within the scope of optimization. However, as pointed out by Better and Glover
(2006), the methods available for finding optimal decisions —including stochastic optimization— have not
effectively addressed the complexity and uncertainty posed by real-world problems. Hence, the combination
of simulation with metaheuristics (simheuristics) seems to be one of the most promising methodologies to
deal with these real-life stochastic optimization problems (Juan et al. 2018; Panadero et al. 2020).

3 SUSTAINABLE PROJECT PORTFOLIO MANAGEMENT

In a recent review on project portfolio selection, Mohagheghi et al. (2019) conclude that social and
environmental criteria should also be considered while selecting a project portfolio. Hence, these authors
propose dimensions such as sustainability, resiliency, foreign investment, and exchange rates to be considered
into the project portfolio selection process. They focus on artificial intelligence environments using big
data and fuzzy stochastic optimization techniques. In a similar direction, Sabini (2018) identifies a strong
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connection between sustainability and project management. In addition, the author identifies new parties,
such as Green Project Management (https://www.greenprojectmanagement.org/) or the United Nations
Office for Project Services (https://www.unops.org/), which are also contributing to make projects more
sustainable. Given the importance and impact that projects have on society, organizations will experience
an increasing pressure to balance social, environmental, and economic interests in their projects. Sanchez
(2015) reinforces this trend by maintaining that more and more organizations embrace sustainability through
their mission and strategy, although the social and environmental dimensions of sustainability are difficult
to incorporate into portfolios, programs, and projects. The author argues that the portfolio of projects
requires selecting the best combination of projects based on the simultaneous analysis of the environmental
impact of the projects and the achievement of the strategic objectives of the organization.

Facing the global growing environmental conscientiousness, Xidonas et al. (2016) propose the ex-
ploitation of sustainable patterns and incorporate the energy and environmental corporate responsibility
(EECR) in decision making. The authors propose a bi-objective programming model in order to pro-
vide the Pareto set of optimal portfolios based on the net present value of projects and the EECR score
of firms. In their research, they combine Monte Carlo simulation and multi-objective programming in
order to deal with the inherent uncertainty affecting the objective functions’ coefficients. Yang et al.
(2016) incorporate the carbon footprint to solve strategic decision making under resource constraints by
proposing the connection between activity-based costing evaluation and carbon footprint. This is also the
case of Echeverria et al. (2014), who noticed that many governments and international agencies propose
policies aimed at reducing greenhouse gas emissions, being one of these initiatives the carbon footprint
(https://www.carbonfootprint.com/). According to these authors, knowing the carbon footprint of a product
—or project in our case—, can contribute to the reduction of their carbon footprint and, hence, to be become a
more competitive item in a market increasingly sensitive to the sustainability dimension. These authors also
introduce the concept of ‘willingness to pay’ for a product in compensation for its sustainability impact.
Our approach combines simulation and optimization with a willingness-to.pay analysis in the selection and
prioritization of projects.

Fu et al. (2005) provides a general overview of the primary approaches founded in the research literature
for carrying out simulation optimization. The authors survey some of the commercial software market
available for simulation, and summarize their search strategies. Among these, the RISK Optimizer Software
(https://www.palisade.com/risk/default.asp) includes genetic algorithms (GA) as its primary strategy for
searching potentially optimal strategies. A project portfolio optimization problem can be addressed by
using the RISK GA in combination with the Monte Carlo simulation engine also included in this piece of
software.

4 INITIAL COMPUTATIONAL EXPERIMENTS

We consider a case example based on existing and ongoing smart-mobility initiatives in the area of Barcelona
(Spain). In order to collect the experimental data, different reports published by several City Councils in the
metropolitan area of Barcelona have been analyzed. The focus of this analysis was on the the relationship
between the willingness-to-pay and the CO, values associated with different smart-mobility initiatives.
Our professional experience in the sector of technological projects, in addition to the information obtained
from the public sources, has allowed us to establish an order of magnitude associated with the background
in the private and public industry and the parameters defined for each candidate project (Table 1). The
optimization problem consists in selecting the portfolio of projects that maximizes two conflicting targets,
savings in carbon footprint and citizens’ willingness to pay for the improved services, while respecting
budget and human resources constraints.

Let us assume that the city project portfolio has two types of projects. Firstly, basic or essential projects,
which must be executed without doubt. Examples of these projects could be infrastructure maintenance.
Secondly, not essential projects, which could be postponed to the next period of implementation.
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A data analysis software (@Risk in our case) can be used to study the data associated with the
willingness-to-pay and CO, values. In particular, the following goals and constraints have been considered:
(i) to maximize the willingness-to-pay; (ii) to maximize the total savings in CO, emissions; and (iii) to
achieved the former goals without violating the budget and human resources constraints.

The data we use on the simulation is based on the following parameters:

A total of 15 candidate projects on smart mobility.
Each project requires a known budget and a workload to be assumed by the human resources,
determined as working weeks.

A 6-month planning period is considered.

The price increase that each citizen would accept to enjoy the project benefits, also known as
willingness-to-pay, has been obtained after a survey.
e The reduced carbon footprint (emission savings, in millions of tons of CO;) is also know for each

project.

Table 1 contains the expected values associated with each candidate project. Actually, these expected
values correspond to random variables, each of them following a probability distribution (more details will

be given later).

Table 1: Expected values for the candidate projects.

Project Human resources Capital Willingness to pay Emission savings
# [Working-weeks]  [k$] [$ per hab & yr.] [Tm COs]

1 200 229 59 34

2 95 173 36 72

3 200 120 52 36

4 50 77 7 240

5 40 71 5 244

6 145 146 42 72

7 100 104 30 116

8 180 179 53 38

9 130 45 24 134

10 180 182 98 18

11 150 120 47 74

12 105 81 34 120

13 180 124 53 42

14 140 64 24 138

15 220 216 98 22

Initially, we will assume a ‘low-level’ information scenario in which the probability distributions that
model each of the previous variables are uniform ones. For computational purposes, as one working year
represents 44 weeks, then the 6-month planning period includes a total of 22 weeks. Figure 1 shows the
four histograms representing the distribution of each of the four project parameters related to Project 1,
where 200 working weeks can be assumed within the period (22 weeks) by for example 200/22 = 9 full-time

workers.
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Figure 1: Low level of information, uniform probability distribution.
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Not all the 15 candidate projects can be selected within the available budget, which is set to 900 k$
and 1,100 working weeks. To represent the optimization model of the problem, the following decision
variables have been considered:

a = “available number of working-weeks”.
b = “available budget”.

WTP = “willingness to pay”.

CO, = “amount saved in emissions”.

To carry out the simulation, the following restrictions have been considered in our model:

e 1,100 working weeks (in this example we considered that only 50 full time employees can be
dedicated to these project during the 22 week planning period).

e A maximum budget of 900,000 euros.

e The portfolio choice must achieve a utilization of the available human resources of at least 95%.

In order to identify the efficient frontier, we need to determine the range in which we want to perform
the analysis. For that, we need to solve two stochastic optimization problems. Firstly, the maximum
willingness-to-pay that is achievable within the budgetary and human resource constraints. Secondly, the
maximum emission savings achievable within the same constraints. Figure 2 (left) shows the answer to
the first question. It corresponds to the choice of projects 3, 10, 12, and 15. The mean value that results is
$287. This optimal level has been achieved at the expense of low levels in emission reduction (averaging
200 Mio.Ton per yr., as displayed in Figure 2 (right).

Figure 2: Histogram of outcomes in terms of willingness-to-pay, maximizing their mean value.

The maximum emission reduction level achievable within the same constraints is depicted on Figure 3
(left). It corresponds to the choice of projects 4, 5, 7, 9, 11, 12, and 14. Its mean is 1,082 Mio.Ton per
yr. This optimal emission reduction is achievable at the expense of lower willingness-to-pay levels, with
an average of $174 as shown in Figure 3 (right). Knowing the ranges for the two objectives, we can now
complete the frontier analysis. The result is the one summarized in Figures 4 and 5.
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Figure 3: Histogram of outcomes in terms of emission reduction levels, maximizing their mean value.

Figure 4: Efficient frontier of portfolios.
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Figure 5: Portfolio combinations for each point within the efficient frontier.

5 IMPROVEMENT OF PORTFOLIO OPTIONS THROUGH BETTER RISK MODELLING

The uniform distributions employed in the previous section represent a scenario with limited information.
In order to illustrate the benefits of having more information on how each of the random variables are
distributed, we will now assume that more observations are available and that we have been able to fit these
observations by a proper probability distribution. Accordingly, the project budget has been modeled using
a gamma distribution. This distribution has been chosen due to its adequacy to simulate the tail risks, which
are typical in many projects. In order to have comparable orders of magnitude, percentiles 5% and 95%
of each project have been forced to match the maximum and minimum limits of the range estimated for
the associated project in the previous section. The willingness-to-pay and the emission savings variables
have been modeled using a subjective beta probability distribution, as in Yoe (2011). According to the
previous reference, it is possible to consider the truncated beta distribution to eliminate cases of extreme
values, since they are very unrealistic.

As before, their percentiles 5% and 95% have been forced to match the lower and upper limits assigned
to each project. Likewise, human resources have been modeled through beta distributions, applying the
same conditions to the extreme percentiles as before. This is more optimistic than the previous cases, which
reflects the fact that the resource dispersion can typically be more controlled than the project benefits or
project budget. Figure 6 illustrates the graphical representation of these probability distributions (“improved
model”) compared to the previous ones (“rough model”) in Figure 1. Repeating the steps explained in
Section 4, a new efficient frontier is obtained (Figure 8). Notice that it shows a larger set of portfolio
proposals, which contributes to diversify risk. It becomes clear that the effort in getting a better description
of the potential benefits allows to include more projects in the portfolio, and also to obtain higher benefits
without increasing the probability of exceeding the budget or human resource constraints.

6 MANAGERIAL INSIGHTS

Computing the net present value of a project portfolio constitutes one of the most popular selection
criterion. Hence, the goal is to maximize the monetary value of the portfolio. In addition, our method aims
to maximize both the portfolio value (modeled as willingness to pay) and the level of emission savings.
However, environmental and sustainability challenges request to take these dimensions into account when
designing a portfolio of projects, especially in areas such as civil engineering, infrastructure networks,
and urban logistics and transportation systems. Accordingly, managerial decisions need to reconcile two
objectives, which in some cases may be conflicting with each other. This is typically the case for projects
in the public sector, where there is a need for economic efficiency but also a requirement for reducing the
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Figure 6: Distribution comparison of the new model respect to the previous one.

Figure 7: Efficient frontier of portfolios.
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Figure 8: Improved optimal portfolio selection.

carbon footprint. The combination of simulation with optimization offers a valuable tool to support these
complex decision-making processes.

The advantages of applying a bi-objective approach instead of a single-objective one can be clearly
observed in Figure 4: with a very similar level of average willingness-to-pay ($286), it is possible to choose
a portfolio configuration that leads to a savings of 543 million-tons of CO; instead of the original 200 that
were identified in the single-objective scenario. In addition, we have illustrated the importance of modeling
each project in a way as realistic as possible —i.e., by using the proper probability distribution to model
each random variable. This has been observed in the case study, where an improvement of 25% (for the
same level of willingness-to-pay) was reached. Some final insights obtained from our experiments are:

e By including the willingness-to-pay variable, it is possible to identify a project portfolio that is not
only selected based on the citizen-perceived value, but also according to a sustainability factor.

e In most real-life projects, it is extremely difficult to identify a single portfolio as “the best portfolio”.
Instead, it is usually the case that trade-offs exist between the portfolio monetary cost and the
environmental cost.

e A holistic model, like the one presented here, allows managers to make more informed decisions
based on several criteria.

7 CONCLUSIONS

For the project portfolio optimization problem with sustainability issues, this paper has introduced a
simulation-optimization methodology that is able to generate a Pareto curve showing balanced portfolio
configurations. This approach allows then offer efficient take-rates in the share among two conflicting
objectives, i.e., monetary return and environmental or social sustainability. It has also become evident that
one-dimensional portfolio optimization is very likely to hide other possible options, which can add value
for most stakeholders at a relatively low monetary cost.

In the same way, a more realistic and thorough estimation of the possible project outcomes and needs
(human and economical resources), is leading to a portfolio choice that offers better average values. As
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future research lines, the following ones can be considered: (i) extension of this methodology and case
analysis to more than two objectives; (ii) development of a complete simheuristic approach independent
from any commercial software; and (iii) development of a real-life case study to evaluate how the different
alternatives would be perceived by managers in different sectors, and how they influence their decisions.
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