Supplementary materials
A)
4. Fuzzy-robust-stochastic optimization model 
Here, we develop the uncertain version of the developed model given in Section 3.2. In this regard, a fuzzy-robust-stochastic (FRS) optimization model is defined to tackle uncertainty as challenging issue in the response phase of PPS for the industrial project portfolio with sustainability dimensions. When an uncertainly occurs, there is usually inaccurate information about the costs, amount of resources, amount of revenue of selected projects, and so on. Hence, we need to treat uncertainty condition in the planning phase. Bairamzadeh et al. (2018) classified the type of uncertainty as i) random (when there is adequate historical data to estimate the probability distribution of the uncertain data whose values can change randomly), ii) epistemic (lack of knowledge for estimating the exact values of the input parameters) and iii) deep uncertainty (lack of information about the parameters). Figure A shows each type of uncertainty and the corresponding solution method (Bairamzadeh et al., 2018; Gholizadeh et al, 2020b). Depending on the nature of the PPS and the type of uncertainty, we consider hybrid uncertainty based on randomness and the epistemic types. Following Fazli-Khalaf et al. (2017), we take amount of revenue of selected projects as a fuzzy scenario parameter, cost factors as fuzzy parameters, and amount of resources as scenario-based parameters, and to tackle the hybrid uncertainty, fuzzy robust stochastic optimization is employed, as explained below.
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Figure A: Types of uncertainty and corresponding modeling method

Consider Model (1) where  and  are fuzzy triangular parameters represented by three critical points (). The symbols ,  and  denote the constraint’s coefficients. The decision variables are x and y with y related to a scenario, and  is the probability of occurrence of scenario s. 
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Based on Fazli-Khalaf et al. (2017), the FRS counterpart for model (2) can be detailed as follows:  is the weight (importance) of the optimality robustness,  is weight of the feasibility robustness, ,  and are the constraints’ satisfaction levels, and  exert an absolute value of deviation in the objective function.
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B)
5.A. MCGP-UF
GP is one of the most widely used methods for solving multi-objective models that are more effective than other methods. There are several approaches to GP that can be found in (Jadidi et al. 2015) for more information on these methods. One type of GP used in this study is MCGP-UF provided by (Chang, 2011). The advantages of this method over other versions of GP are taking into account the opinions of experts on various issues and also considering the preferential value of decision-makers. The corresponding model is as follows:
	MCGP-UF to solve Robust PPS model
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	Model constraints set
	



In the above model,  and  represent the upper bound and lower bound of the of kth objective aspiration level, respectively.  is a continuous decision variable,  and  are the positive and negative deviations of  from , respectively.  shows the utility value and shows the normalized deviation of  from . It should be noted that the model can be normalized as follows (if needed): 
	
	(4)


In the above equation, for the minimization objective functions,  and.  Do not need to be normalized because of  . 
5.B. GA
For large-scale solutions to PPS problems, innovative algorithms such as GA are used to solve these problems (Cui et al, 2020; Cui et al, 2015). Since GA is based on a random search method (Gholizadeh, & Fazlollahtabar, 2020), this algorithm is also used in this study. Many studies have been used in the field that can be found here (Gaspero et al, 2011). The first step in solving the problem with metaheuristics methods is to create a suitable structure for the desired problem (Cui et al, 2020).
In this algorithm, the chromosome is composed of three parts that represent the select a certain number of portfolios, projects that are conflict with the project, and projects that are dependent on the project, respectively. The possibility of any chosen chromosome is based on its adaptability value and corresponding indices, and chromosomes with preferable possibilities of greater adaptability are designed, for example, the first part determines the Quantity from each select a certain number of portfolios for all projects under scenarios. This operator is a hybrid operator, which consists of three steps. In the first step, a pair of preferred chromosomes r randomly selects between  In the second step, the locality is randomly selected for integration between  and  along the chromosome strand. Finally, in the third step, the value of the two strings, which is determined based on the location of integration. The crossover operator used in this study is shown in Figure B. After the crossover process, the mutation operation reverses the intersection between the chromosomes to prevent the GA from falling into the local search. The mutation operator is shown in Figure C.
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	Figure B: Crossover operator display
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Figure C: mutation operator display
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