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Abstract. Nowadays, due to the development of technology as well as the occurrence of
unpredictable events, it is necessary to address risk management as an important part of
projects and businesses. In this paper, a novel approach based on Monte Carlo simulation
is proposed for risk assessment, which considers the co-occurrence of risks. In this method,
the output of extended and classic Monte Carlo simulations is employed for Co-Occurrence-
based Risk Assessment (CORA) and prioritization. Also, the magnitude of uncertainty in
each source has been determined using the new approach. In addition to identifying and
analyzing the risks, the proposed model investigates possible relationships between risks
and determines the type of risk-induced impact as either resonance or reduction. Also, a
system dynamic model is applied to illustrate the relationships among the risks. Finally,
this method is utilized for a petrochemical project. Five risks including temperature, rain,
labor, cost, and ination are considered in this project. Based on the numerical results,
the most important risk is ination. Also, there is a signi�cant di�erence between the
result of the proposed model and the model outcome, which had previously ignored the
co-occurrence of risks. CORA helps managers consider all aspects of risks and make a
better decision.
© 2022 Sharif University of Technology. All rights reserved.

1. Introduction

Nowadays, it is important to address risk manage-
ment due to the rapid development of science and
technology [1] and consequently, unpredictable and
complicated conditions of the industrialized world. In
this condition, uncertainties and risky situations are
on the rise and the harm of disregarding risk and its
management is clear.

Risk as an uncertain condition or event may have
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positive or negative impacts on the �nal objective of a
project [2].

In another de�nition, risk is de�ned as the result
of uncertainty in the system which may cause either
�nancial pro�t or economic loss [3].

Risk management is a systematic process with six
steps consisting of planning, risk identi�cation, quali-
tative risk analysis, quantitative risk analysis, risk re-
sponse planning, and risk monitoring and control. This
process is indeed an determining factor in the success of
a project, given that risks a�ect not only cost, time, and
resource management but also achievement of projects'
objectives. Risk impacts are of greater signi�cance
in the case of large projects such as projects with
many complexities, macro-�nance, long-term works,
projects with many resources or unstable economic
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conditions, special environmental characteristics, and
various shareholders [2].

As a result, the need for evaluating and analyzing
risks is essential in all steps of completing a project.
There are di�erent techniques for risk assessment
such as Monte Carlo Simulation (MCS), Extended
Monte Carlo Simulation (EMCS) [4], Failure Mode
and E�ective Analysis (FMEA), fuzzy set, event trees,
fault trees, Multi-Criteria Decision Analysis (MCDA),
Markov analysis, Bayesian statistics and Bayes nets,
and consequence/probability matrix [5].

Also, a number of hybrid models have been
proposed that attempt to combine the bene�ts of
the mentioned techniques including fuzzy Monte Carlo
simulation [6], fuzzy ANP [7], fuzzy AHP [8], etc.

Di�erent research studies have focused on the
models of risks, risk identi�cation and analysis, risk
development models, risk assessment, and risk prioriti-
zation, which are shown in Table 1.

According to Table 1, the research scopes of risk
analysis are classi�ed into �ve groups. Our proposed
model has three phases: risk identi�cation, risk assess-
ment, and risk prioritization.

There are di�erent techniques for risk identi�ca-
tion. For example, the risks are identi�ed through
literature review, use of Delphi technique, and in-
terview with experts [9]. Also, the risks associated
with the PPP project are identi�ed through the use
of decomposition analysis and based on the scienti�c,
system, comparison, and operation principles [25].

Di�erent techniques including ANP, AHP, DE-
MATEL, and MCS are applied to risk assessment.
MCS, as a popular method, is used in di�erent scopes of
risk such as risk assessment and risk modeling. For ex-
ample, Rezaie et al. introduced extended Monte Carlo
simulation [4]. They proposed a rotatory algorithm in
which case the classic Monte Carlo simulation comes
closer to reality by considering the relationship for the
project's major uncertainties.

In another research, Huang et al. extended the
MCS model [11]. Their proposed model considers the
uncertainties associated with the historical cost data.
The result of their model proved that the achieved risk
distribution signi�cantly di�ered from the evaluation
result of the classic MCS.

In 2017, Kim proposed fuzzy MCS and compared
the results with the outcome of Monte Carlo simu-
lation. Based on the comparison of the results of
fuzzy MCS and MCS, it was found that Fuzzy Monte
Carlo Simulation managed to achieve more reliable and
meaningful information [6].

In the case of one of the hybrid methods, Ba-
makan and Dehghani Mohammadabadi [14] proposed
weighted Monte Carlo simulation to perform the risk
assessment of information security management system
by applying MCS and AHP. Risk prioritization is

important because risks are ranked based on their
importance and the management performs necessary
actions to deal with them.

For risk prioritization, a model based on ANP
was proposed to prioritize the risks associated with
mega-projects [20]. Another study used the FMEA
method for prioritizing the risks associated with supply
chains [21].

In the real world, the occurrence of two or more
risks leads to the exacerbation or reduction of the risk
e�ects. In this regard, no research has taken the co-
occurrence of risks into account.

Therefore, traditional risk assessment methods do
not consider the co-occurrence of risk factors. Co-
occurrence of risks results in resonance or exacerbation
of the uncertainty in each source, and the manager and
decision-maker should pursue a correct strategy in this
situation.

Determining logical risk values remains an im-
portant challenge that was considered in the EMCS
proposed by Rezaie et al. This study focuses on
the issue of risk assessment with emphasis on the co-
occurrence of risks. Therefore, the outputs of EMCS
and MCS are used as the inputs of the proposed method
so that risk assessment can be performed.

The objectives of this study are as follows:

� A new model for risk assessment by considering the
co-occurrence of risks;

� Employing extended Monte Carlo simulation for
accurate simulation of possible events;

� Investigating of the impact of the occurrence of risks
on each other and also, determining the type of risk
impact as either resonance or reduction;

� Calculating the magnitude of uncertainty in each
source using a new approach;

� Designing a dynamic system model for analyzing
the relationships between risks and cause-and-e�ect
loops.

In the next section, MCS is explained. The
proposed model, based on the co-occurrence of risks,
is presented in Section 3. The numerical results and
the proposed system dynamic model are presented in
Sections 4 and 5. Finally, the last section covers the
conclusion and further research suggestions.

2. Monte Carlo simulation method

Monte Carlo simulation, as a powerful technique in risk
assessment, considers both threats and opportunities
simultaneously. It also investigates the probability
of the selection of di�erent criteria. Monte Carlo
simulation is used by risk assessors as a statistical
technique to assess uncertainty [4,26].
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Table 1. Classi�cation of the papers based on risk methodology.

Research
area in risk

management
A focused model Refs. Main results and �ndings

Risk
identi�cation
and analysis

Fuzzy ANP,
fuzzy DEMATEL, and
fuzzy TOPSIS methods

[9]

It is focused on the identi�cation and prioritization of risk of a
construction project. Financial risks and project management
risks were identi�ed as the most important risks among eleven
groups of risks categorized by an expert's opinion. This paper
proposed some strategies to reduce these risks. The important
risks were assessed by the fuzzy ANP, fuzzy DEMATEL, and
fuzzy TOPSIS methods. The proposed model is appropriate
for risk prioritization related to cost, time, and quality.

Fuzzy ANP [7]

One hundred sixteen main risks were identi�ed and fuzzy
ANP, time, quality, safety, cost, and environmental e�ects
were ranked as �ve main evaluation indices in the project
of big 18-inch pipeline repair. The �nding of the study
illustrated that sanction, ination, rapid changes in the rate of
materials, equipment and exchange rate, and the impossibility
of having access to transaction for supplying foreign goods
were identi�ed as critical risks.

FMECA,
ANP, AHP

[10]

A new approach to improving safety based on failure mode
e�ect and criticality analysis technique (FMECA) was pro-
posed. The two essential purposes of this study include (1) a
model based on the e�ectiveness of FMECA and (2) a method
to select the best mix of failures to be repaired regarding the
budget considered by the �rm.

Development
of model

Monte Carlo
simulation

[4]

In this paper, the interdependency of the uncertainties was
considered in extended Monte Carlo simulation and thus, the
Monte Carlo simulation came closer to reality. It improved
classic Monte Carlo simulation.

Monte Carlo
simulation

[11]

This study proposed an extended Monte Carlo simulation that
considered the uncertainty of history cost to analyze aircraft
development cost risk. Also, its process of simulation covers
the phase of the building model. The results of comparing the
proposed method with classic Monte Carlo simulation show
signi�cant di�erences.

Monte Carlo
simulation

[6]

This study proposed a fuzzy Monte Carlo simulation and
compared it with Monte Carlo. The comparison showed that
the proposed model considered the stochastic and epistemic
uncertainty and presented a family of probability distributions
and more reliable information for decision-makers.

Risk
assessment

Fuzzy analytic
network process

[12]

This study assessed the risks of implementing Enterprise
Resource Planning (ERP) based on fuzzy analytic network
process. Lack of management support and assistance was
identi�ed as a critical risk for a successful implementation of
ERP.

DEMATEL,
ANP

[13]

A model was presented based on a DEMATEL and ANP for
risk assessment in oil and gas construction projects. Since
the interrelationships of factors in traditional models of risk
assessment were not considered, their proposed model was
capable of creating a structural relationship between various
e�ective factors to visualize complex correlations.
The results indicated that the most important dimensions
based on high interrelationships with other dimensions were
�nancial and technical dimensions. Environmental risk factors
were identi�ed as important factors that a�ected other factors.
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Table 1. Classi�cation of the papers based on risk methodology (continued).

Research
area in risk

management
A focused model Refs. Main results and �ndings

Risk
assessment

Monte Carlo
simulation &AHP

[14]

This study proposed a stochastic risk assessment model of
information security based on AHP and Monte Carlo simula-
tion. The proposed model became closer to reality in the risk
analysis process because of de�ning probability distribution
for the level of vulnerabilities and the probability of their
occurrence

Fuzzy-AHP [15]
A two-stage fuzzy-AHP model was proposed to develop a risk
assessment model for implementing green initiatives in the
fashion supply chain

Monte Carlo
simulation

[16] A Monte Carlo simulation was used to assess risks.

Monte Carlo
simulation

[17] A Monte Carlo simulation was presented based dual-interval
stochastic programming.

Fuzzy group
decision making

[18] The bridge risk was identi�ed by developing a Fuzzy Group
Decision Making (FGDM).

Monte Carlo
simulation

[19]
The risks of Iranian bridge construction industry were identi-
�ed and assessed by Monte Carlo simulation. The most crucial
risk factor that negatively inuenced projects was �nancial
risk.

Risk
prioritization

ANP [20]
A new risk prioritization of transportation megaprojects was
done at the construction stage with ANP and a new Risk
Priority Index. Technical, economic, political, environmental,
and social risks were the most important risks, in order.

FMEA [21] Risk prioritization of supply chain based on FMEA was done.
Multi-stage Fuzzy

Cognitive Map
(FCM) method,
Process Failure

Mode and E�ects
Analysis (PFMEA)

[22]
FCM and PFMEA were employed for identi�cation and
prioritization of failure of the production process of the food
industry.

Risk
modeling

Bow-Tie analysis,
optimization techniques

[23]
A model was proposed based on Bow-Tie analysis and opti-
mization for modeling and mitigating the risk of the supply
chain.

Interpretive
ranking process,
system dynamics

[24]
Interpretive Ranking Process and System Dynamics were
employed to model risk factors of an Indian construction
project. Based on the result, the risk factor dimension
`construction management' had a high probability to arise over
the construction phase.

Monte Carlo simulation has become too appealing
and available for di�erent applications. Also, the
technique has become a popular quantitative method
that produces probability distributions for risks [26].

In this paper, the output of the Monte Carlo
simulation is used as the input of the proposed model.

Monte Carlo simulation consists of 5 steps as
follows [4]:

Step 1: Determine the distribution function of
uncertainties based on the available data and experts'
opinions;

Step 2: Segment the area below the curve into equal
squares based on the number of simulation runs;

Step 3: Initialize each uncertainty by a random
number at the interval of [1,100];
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8><>:(max(1; (A� 5n));min(1; (A+ 5n)) Straight impact
(max(1; 100� (A+ 5n)));min(100; 100� (A� 5n)) Inverse impact
[1; 100] No dependency

Box I

Step 4: Calculate the value of each uncertainty
similar to the referenced study [4] (for more details,
refer to [4]);
Step 5: Go to Step 2 to move on to the next run.

While MCS enjoys many bene�ts and applications as
a risk assessment, it is far from reality in some cases
because some uncertainties are impossible to occur in
reality; in other words, the outcome should consider
the action and reaction of uncertainties. Therefore,
extended Monte Carlo simulation solves this problem
by considering the interdependence between the uncer-
tainties and rotatory algorithm [4].

In extended Monte Carlo simulation, instead of
assigning a random value to uncertainties, they are
valued with respect to the type and level of interde-
pendencies between uncertainties.

Thus, at each stage, an uncertainty is chosen
as free uncertainty, which is valued randomly; how-
ever, the values of the remaining uncertainties are
determined under the control state based on the type
and level of interdependencies. At each run, free
uncertainty varies.

Extended Monte Carlo simulation not only elimi-
nates inconceivable state but also analyzes the possible
solution space more accurately.

The algorithm of extended Monte Carlo simula-
tion is presented as follows [4]:

Step 1: Determine the type and level of dependency
for each couple of uncertainties;
Step 2: Determine the distribution function of
uncertainties according to available data and experts'
opinions;
Step 3: Segment the area below the curve into equal
squares based on the number of simulation runs;
Step 4: At each run, apply a rotary algorithm to
choose free uncertainty;
Step 5: Initialize free uncertainty by the random
number A at the interval of [1,100];

Step 6: Specify the control interval for all dependent
uncertainties based on the type and level of depen-
dency between free and dependent uncertainties as
shown in Box I.
Step 7: Assign a random number at the controlled
interval to dependent uncertainties;
Step 8: Go to Step 5 to continue with the next run.

3. The Co-Occurrence-based Risk Assessment
approach (CORA)

Severity and probability of risks are two important
factors in risk assessment. The severity of risks may
increase or decrease based on the type and degree of
their interdependency. Thus, the co-occurrence of risks
a�ects the severity. To the best of our knowledge,
this co-occurrence has been neglected in the classic
risk assessment methods. Risks are evaluated through
Eq. (1) in the classic mode:

Riskj = Sj � Pj : (1)

In the proposed method, risks are evaluated according
to Eq. (2):

Riskj =Sj � Pj � (1�Wij)� (1�Wkj)

� (1�Wmj)� (1�Wsj)� (1�Wnj)

� (1�Woj); (2)

where Pj is the probability of risk j based on the prob-
ability distribution function of the jth risk. Sj is the
severity of the jth risk. The severity of risk occurrence
is considered for determining Sj using Eq. (3) (Eq. (3)
is shown in Box II) which simpli�ed the process of
calculating the risk severity. Wij is the coe�cient of
the co-occurrence of the ith and jth risks determined
at each dependency level. The steps of the proposed
model are presented in Figure 1. The uncertainties are
determined based on the experts' opinions in the �rst
step given in Figure 1. Then, the distribution function

Sj =
Severity of occurrence (Rj)� Severity of impact (Rj)P

max(Severity of impact)� Severity of occurrence
: (3)

Box II
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Figure 1. Steps of the CORA.

is speci�ed for each uncertainty in an orderly fashion.
In the third step, Monte Carlo or extended Monte Carlo
simulation [4] is applied to produce possible values
for uncertainties. Probability and severity of risks are
determined in the fourth and �fth steps, respectively.
In the next step, the co-occurrence of risks' coe�cients
is determined by experts. Finally, the proposed method
is applied to risk assessment and its prioritization.

In this paper, to calculate the severity of risks, the
magnitude of uncertainty in each source is measured
in terms of the severity of risk occurrence and the
impact severity. In previous studies, the magnitude of
uncertainties is determined based on questionnaire and
experts' opinions or through Monte Carlo simulation.
MCS is applied because of the stochastic nature of risk
assessment [13].

4. Numerical test and results

As mentioned earlier, risks generally occur simulta-
neously and the e�ect of each risk may vary when
occurring at the same time. So, the results of risk
assessment with emphasis on their co-occurrence facil-
itate making a more logical decision. Hence, a method
functioning based on the MCS for risk assessment is
proposed considering risks co-occurrence.

To evaluate the performance of the proposed
model, it is customized for the project of construct-
ing a petrochemical plant similar to the referenced
study [27]. In this project, �ve uncertainties are
considered. The uncertainties and their distribution
functions are presented in Table 2 [27]. Given that
this project is a petrochemically related construction

Table 2. Uncertainty distribution functions [27].

Uncertainty Distribution
function

Unit

x1: Cost N(700,15) Billion (IRR�)
x2: Temperature T (10, 21, 31) Day��

x3: Rain T (22, 32, 43) Hours
x4: Labour N(386,15) Unit
x5: Interest rate T (13, 13.8, 15.5) Unit
�: Iranian Rial;
��: Number of days when temperature is above 45�C.

in a particular area, experts' opinions have considered
uncertainties and their distributions.

To follow Step 1 of the EMCS algorithm de-
scribed in Section 2, the level of dependencies between
uncertainties is considered low, medium, high, and
non-impact and these are quanti�ed by 4, 2, 1, and
0, respectively. Direct impact is shown by +. The
relationships between the uncertainties are shown in
Table 3 similar to the referenced studies [4,27].

The values of uncertainties are set through MCS
and extended MCS. The output of MCS and extended
MCS Carlo simulation based on the interval proposed
by experts is categorized as the occurrence severity for
each uncertainty, as shown in Table 4. The magnitude
of uncertainty in each source is a�ected by the severity
of its occurrence.

For example, imagine the ination rate as an
element of uncertainty in a project. It is obvious that
the value of 10 for ination does not have the same
e�ect as the value of 18. In another example, rain is
an element of uncertainty in a construction project.
it is clear that 35 hours of rainfall is not the same
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Table 3. Relationships between uncertainties.

Uncertainty Cost Temperature Rain Labor Interest rate
x1: Cost 0 +4 +4 +2 +1
x2: Temperature +4 0 0 0 0
x3: Rain +4 0 0 0 0
x4: Labour +2 0 0 0 0
x5: Interest rate +1 0 0 0 0

Table 4. Categorization of MCS output based on the
interval and level of impact of uncertainties.

Uncertainty Interval Severity of occurrence

Rain
x < 25 Low
25{32 Medium
x > 32 High

Temperature
x < 15 Low
15{20 Medium
x > 21 High

Interest rate
x < 13:6 Low
13.6{14.2 Medium
x > 14:2 High

Labor
x > 368 low
350{368 Medium
x < 350 High

Cost
x < 718 Low
718{736 Medium
x > 736 High

as 20 hours and it, thus, does not have the same
impact on the end results. Therefore, determination
of the uncertainty magnitude in each source a�ecting
the severity of its occurrence leads to a more accurate
de�nition of the risk severity.

Table 5 shows the severity of occurrence and
severity of the impact for each uncertainty. Eq. (3)
is applied to quantify the magnitude of uncertainty in
each source.

As pointed out, the probability of the occurrence
of each uncertainty is calculated by the distribution
function.

Table 6 shows the coe�cient of relationships
between the uncertainties that occur simultaneously.

According to Table 6, the result of risk evaluation
for ination as an example is presented in Table 7.
The values of uncertainties are set through MCS and
extended MCS for 1000 iterations and applied as the
input of the proposed model.

Table 5. The severity and impact of occurrence.

Uncertainty Severity
of occurrence

Severity
of impact

Sj

Rain
High(5) 5 0.2778
Medium(3) 3 0.1000
Low(1) 1 0.0111

Temperature
High(5) 5 0.2778
Medium(3) 3 0.1000
Low(1) 1 0.0111

Interest rate
High(5) 3 0.1667
Medium(3) 2 0.0667
Low(1) 1 0.0111

Labor
High(5) 8 0.4444
Medium(3) 6 0.2000
Low(1) 4 0.0444

Cost
High(5) 10 0.5556
Medium(3) 9 0.3000
Low(1) 8 0.0889

Moreover, the upper bound of the con�dence
interval at 99% is considered as the threshold of the
critical value of risk and used to compare and prioritize
the risks. This threshold may change in di�erent
projects based on the decision-makers' policies and
strategies. Table 8 shows the results of risk analysis
for all �ve risks.

Based on the results presented in Table 8, ina-
tion is the most important risk that deserves greater
attention. Cost, rain, temperature, and labor have the
second, third, fourth, and �fth ranks, respectively.

The result of risk analysis without cooccurrence
is given in Table 9. The results show that the
risks are prioritized orderly as follows: ination, rain,
temperature, cost, and labor. According to the results
presented in Tables 8 and 9, there is a signi�cant
di�erence between the outcomes of risk analysis with
and without considering the co-occurrence of risks. It
is shown that the values of all risks are intensi�ed due
to their co-occurrence.

Table 10 shows the result of risk analysis consid-
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Table 6. The coe�cient of co-occurrence of risks.

Uncertainty Cost Temperature Rain Labor Interest rate
Cost 0.00 -0.75 0.25 0.25 0.75
Temperature 0.75 0.00 0.25 0.25 0.00
Rain 0.25 0.25 0.00 0.00 0.00
Labor 0.25 0.25 0.00 0.00 0.00
Interest rate 0.75 0.00 0.00 0.00 0.00

Table 7. Calculating the risk value of extended Monte Carlo simulation.

Run Weights of
occurrence

The severity of
uncertainty (S)

The probability of
uncertainty (P )

Risk valuesP
w � S � P

1 ((1 + 0:75)� (1 + 0)� (1 + 0)� (1 + 0)) 0.0100 0.2600 0.0046
2 ((1 + 0:75)� (1 + 0)� (1 + 0)� (1 + 0)) 0.0700 0.6200 0.0760
3 ((1 + 0:75)� (1 + 0)� (1 + 0)� (1 + 0)) 0.1700 0.4800 0.1428
...

...
...

...
...

1000 ((1 + 0:75)� (1 + 0)� (1 + 0)� (1 + 0)) 0.0100 0.2500 0.0044

Table 8. Risk analysis based on extended MCS output.

Risk factor Min Mean Max One% lower bound 99% upper bound
Temperature 0.0000 0.0078 0.0200 0.0001 0.0200
Rain 0.0001 0.0166 0.0333 0.0002 0.0333
Ination 0.0009 0.0885 0.1820 0.0019 0.1806
Cost 0.0000 0.0104 0.0380 0.0000 0.0380
Labor 0.0000 0.0018 0.0062 0.0000 0.0062

Table 9. Risk analysis without considering co-occurrence.

Risk factor Min Mean Max One% lower bound 99% upper bound
Temperature 0.0000 0.0063 0.0160 0.0000 0.0160
Rain 0.0000 0.0133 0.0267 0.0002 0.0267
Ination 0.0005 0.0505 0.104 0.0012 0.1032
Cost 0.0000 0.0025 0.0092 0.0000 0.0093
Labor 0.0000 0.0012 0.0041 0.0000 0.0041

Table 10. The result of cooccurrence of risks with classic MCS output.

Risk factor Min Mean Max One% lower bound 99% upper bound
Temperature 0.0000 0.0174 0.0199 0.0002 0.0194
Rain 0.0000 0.0149 0.0333 0.0002 0.0329
Ination 0.0010 0.0848 0.1818 0.0028 0.1801
Cost 0.0000 0.0097 0.0380 0.0000 0.0379
Labor 0.0000 0.0015 0.0062 0.0000 0.0062

ering classic MCS output and co-occurrence of risks.
As demonstrated by the result, ination is the most
important risk, followed by cost, rain, temperature, and
labor priorities.

The results of risk prioritization in the classic and
extended MCSs by considering the co-occurrence of
risks are the same, while the results of disregarding

the co-occurrence vary considerably, which can be
misleading to decision-makers.

5. System dynamic model

Figure 2 shows the cause-and-e�ect loops. This model
consists of four cause-and-e�ect loops. Heavy rain-
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Figure 2. System dynamic model.

fall increases the cost because the project should be
stopped and it needs much time to �nish the project on
time. Increase in costs a�ects the project time which
puts it in high-risk periods and ultimately, it has a
positive impact on the case of rainfall. The same holds
for the case of temperature. Also, there is a positive
relationship between labor and cost. Growth of labor
force increases costs.

On the other hand, due to increased costs, greater
workforce needs to be present to complete the project
as soon as possible. Ination raises costs and subse-
quently, rising costs are among the causes of ination
that create a reinforcing loop. All risks a�ect the costs
which, in turn, cause a rise in ination. As is evident
from the numerical results, ination is identi�ed as a
risk with the highest priority.

6. Conclusion

Evolutions and developments represent an inevitable
part of business environment in which various risks and
dangers occur. Therefore, risk management plays a
signi�cant role in proper planning for e�ective decision-
making under extraordinary circumstances.

In this paper, a new quantitative risk assess-
ment method was presented that considered the co-
occurrence of risks. This consideration is important
because the co-occurrence of risks intensi�es them, or
in some cases, reduces their severity. Also, using both
metrics \the severity of occurrence" and \the severity
of impact" to calculate the risk severity, raises the
precision.

To perform risk assessment, the outputs of EMCS
and classic MCS were employed as the input of our
method. Based on the empirical results achieved
by EMCS and MCS considering risks co-occurrence,
the ination was found as the most important risk,

orderly followed by cost, rain, temperature, and labor.
Without considering their co-occurrence, the risks were
prioritized as follows: ination, rain, temperature, cost,
and labor, in order. There was a considerable di�erence
between the results obtained from considering the co-
occurrence of risks and neglecting it. According to
the experts' opinions, the results achieved by EMCS
and MCS considering risks co-occurrence were more
logical and applicable than those without considering
it. This study also considered the cause-and-e�ect
loops to demonstrate the e�ect of risks on each other.
For future work, it is recommended that fuzzy-based
methods be employed for calculating the severity of
risks. Also, the co-occurrence of risks in the FMEA
method can be considered.
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