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A STOCHASTIC MODEL TO QUANTIFY AND OPTIMIZE THE
IMPACT OF OPERATIONAL RISKS ON CORPORATE
SUSTAINABILITY USING MONTE CARLO SIMULATION
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Abstract: Operational risk has been widely studied, and international guidelines provide
procedures for the correct management of operational risk; however, this has not been studied
from a corporate sustainability point of view. Therefore, this work seeks to find a way to
model and optimize the impact of operational risks on corporate sustainability. The
methodology used is based on the assignment of two distribution functions for the creation
of a probabilistic model that allows quantifying the probability of occurrence (frequency) and
the expected monetary impact (severity) on the sustainability variables (environmental,
social, and economic). The result is a statistical convolution through Monte Carlo simulation,
which makes it possible to quantify aggregate losses to finally make an optimization process
of the variables and estimate the financial impact. Therefore, this study extends the literature
on risk quantification, proposing a stochastic model that quantifies and optimizes the
operational risks that are related to corporate sustainability. The proposed model offers
a practical way to quantify operational risks related to corporate sustainability while also
being flexible, as it does not require historical information and can be used with data collected
from the company based on the proposed probability distributions. Finally, the proposed
model has three limitations: the distribution functions, use of Solver (Excel), and exclusion
of some risk management strategies, which future research can consider.
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Introduction

Operational risks generate unexpected losses resulting from the performance of the
company's operations. Therefore, it is necessary to develop models to predict losses
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and associated operational risks to reduce the associated risks (Cornalba and Giudici,
2004). Risk management used by organizations includes methods and processes for
identifying, managing, and predicting uncertainty (Makarova, 2021). In recent years,
there has been a paradigm shift in risk management towards a holistic view of risk
management (Zhao et al., 2015).

This study focuses on measuring the operational risks that affect corporate
sustainability from a holistic point of view. Therefore, information is identified on
risk modeling and quantification techniques, revealing that there are various methods
available, but when searching for operational risk models that quantify the impact
on corporate sustainability, it is evident that no specific model measures the impact
of risk on sustainability. In the literature, there are approximations for quantifying
environmental, social, and economic impacts. However, the quantification and
optimization of risk remain open-ended (Griffy-Brown et al., 2019).

This research aims to develop an operational risk model to extend the literature on
risk quantification. So, this study quantified the causes and consequences of risks in
a simulated setting. For this, a standard distribution function for frequency and
severity was selected because there are many companies for which no historical
information is available to identify appropriate statistical models. Contrary to the
selection of distribution functions, sufficient data must be available to identify
suitable statistical models. This offers a practical way to quantify operational risks
related to corporate sustainability while also being flexible, as it does not require
historical information.

Given these distribution functions, operational risk losses may be measured due to
the convolution between frequency and severity (Cornalba and Giudici, 2004). This
is known as the possible inherent risk (Andersen and Hager, 2010) to the company
owing to its operational exposure. Subsequently, this research based on the model
seeks to reduce the negative impact on companies and improve business performance
and profitability by optimizing business management efficiency (Zhang, 2020).
Hence, an optimization process is carried out to quantify the importance of cost
optimization (Rakhaev, 2020) through the analysis of the budget allocation to
undertake risk management so that companies can find the optimal parameters (Zhu
et al., 2022). To develop the research, the next section explains the literary
background, followed by the methodology used; the researchers present the results,
the critical discussion, and finally, the conclusions and the references.

Literature Review

Monte Carlo analysis has been used to estimate risks (Jaco et al., 2021), because
uncertainty analysis provides information about the distributions that explain the
results (Parolin et al., 2021). This type of analysis involves statistics, probability, and
the assignment of theoretical distribution functions (Chang et al., 2018).

In contrast, stochastic analytics studies show that this type of analysis helps reduce
uncertainty and increases the reliability of the risk-associated data (Kerim and
Zeynep, 2021). In the case of losses due to operational risk, random variables are
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assigned to characterize a risk event, where (Pefia et al., 2018) frequency defines the
number of times a risk event is repeated in each period, and severity shows the
number of losses expressed in a currency over a period. Generally, frequency is
modeled using discrete distributions, whereas severity is modeled using continuous
distributions. However, there are many companies for which no historical
information is vailable to carry out this type of modeling (Cruz, 2006). Therefore,
this research oversees selecting a standard distribution function for both frequency
and severity, where any company can use its information to generate the input
parameters and model from standard distributions. This is supported by the fact that
several authors have shown that a key concept for modeling is the adequacy of the
information available, thus, reducing uncertainty, ambiguity, and complexity (Pich
et al., 2002). In addition, some of the methods are insufficient to model the variables
and behavior of the processes, which represents a lack of crucial information to make
accurate forecasts.

Due to the above, the research question arises: How to model the operational risks
that have an impact on corporate sustainability? For which the following research
methodology is designed:

Research Methodology

This study commences with a comprehensive literature review, utilizing Scopus
samples and employing data export as the data collection technique to gather
information encompassing titles, abstracts, and keywords. The primary objective is
to scrutinize existing models pertaining to operational risk. Subsequently, the study
proposes an experimental design that allocates experimental units to various
treatment levels. This is followed by a thorough statistical analysis of the model
(Kirk, 2019). Thus, it carries out a simulation process that consists of repeating or
duplicating the characteristics and behaviors of a real system. In (Channell, 1989),
in most situations, it is based on an approximate model and learns about this model
with approximate solutions based on theories and experimental verifications.

To develop the model, the standard steps for quantitative risk assessment proposed
by (Chen et al., 2020) were taken as a reference.

Then, the optimization formulation provides the flexibility to effectively incorporate
the risk-return trade-off (Zhu et al., 2022) by providing a mechanism to integrate risk
management activities and optimize performance. In this investigation, an
optimization problem is formulated to reduce losses and costs (Cruz, 2009) using
budget allocation analysis to perform risk management and maximize business value
following risk and uncertainty quantification (Michalski, 2009). In this research,
optimization entails the reduction of operational risk exposure for companies, thus
influencing corporate sustainability by minimizing the expenses associated with risk
management. This is achieved through the optimization of budget allocation
designated by companies for risk control.

Once the risk quantification and its optimization are formulated, scenarios are
created to verify the mathematical validity of the model through simulation with seed
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values (Gkogka et al., 2013). These are done with stress analysis on the limits of the
distribution results to confirm that the simulation outcomes give consistent values.
Based on these results, the researchers have obtained a stochastic model based on
the standard steps for quantitative risk assessment, which consist of performing
probabilistic analysis, consequence analysis, risk calculation, and risk decision-
making (Chen et al., 2020) presented below.

Research Results

This section presents the standard steps for the quantitative evaluation of risks
proposed in the methodology, and then the development of the model and the step-
by-step are presented.

Probabilistic Analysis (Distribution Function Selected for Frequency)

The operational risk measurement frequency is modeled using discrete distributions
(Pefia et al., 2018), where the most popular discrete probability distributions are
Bernoulli, binomial, geometric, hypergeometric, multinomial, negative binomial,
Poisson, and discrete uniform. However, for modeling the frequency in operational
risk measurement, distributions such as binomial (Klenke and Mattner, 2010),
negative binomial (Elbatal et al., 2010), and Poisson distributions (Jayasree and
Swamy, 2006) are taken. In the measurement models, the operational risk events
highlighted the Poisson distribution (Hussain, 2020), where the Poisson distribution
follows a distribution with parameter A defined for a time interval (Beltran-Beltran
and O’Reilly, 2019), as shown in Figure 1.
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Figure 1: The Poisson distribution adapted by authors

Density function of the Poisson distribution, where X represents the number of
outcomes occurring in each time interval t, and A is the average of the results per unit
of time, is (Jayasree and Swamy, 2006) shown in Equation 1:
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Equation 1. Density function of the Poisson distribution

Consequences Analysis (Distribution Function for Severity or Monetary Losses)
In this investigation, different continuous distributions are analysed to define the
severity distribution function, such as the normal, lognormal, uniform, triangular,
and program evaluation review technique (PERT) distribution functions, and
subsequently selecting the PERT distribution function.

The selection of the distribution model is supported by other authors who have
previously conducted comparisons between these distributions (i.e., normal,
lognormal, triangular, and PERT) and have shown in the results of their
investigations that there is no significant difference in the output distributions when
these are used as input distributions with the same mean and variance values (Visser,
2016). In addition, some authors have previously used the PERT distribution
function to simulate and analyze risks (Pan and Xin, 2013) through the three-point
(Sackey and Kim, 2019) discovery in the literature that this distribution is widely
used due to its flexibility to adapt to situations in which the absence of specific data
does not prevent having a global idea of the statistical behavior (Forcael et al., 2018).
The existing literature on the PERT revealed that the PERT distribution is a
traditional method for modeling uncertainties (Liu et al., 2021). It uses a three-point
estimation method, i.e., the optimistic, pessimistic, and most likely points (Chang et
al., 2019). Figure 2 below shows the points of a PERT distribution function.
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Figure 2: The PERT distribution (Hajdu and Bokor, 2016).

This can be explained by the mean expressed in Equation 2 and the variance in
Equation 3 below:
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Equation 2. Mean of the PERT distribution

Variance, o2 is defined in Equation 3:

Equation 3. Variance of the PERT distribution

Risk Calculation and Risk-Decision Making

The literature has been investigating how to identify, analyze, predict, evaluate, and
manage different types of risk (Chen and Zhao, 2022) without much success.
Therefore, this paper aims to fill this gap by providing steps for managing
operational risk related to corporate sustainability. After determining the variables,
the design of the simulation system is developed, in which the detailed model design
is described. According to (Zhang and Wang, 2021), the simulation system must
have information for the estimation of the distribution for probability, the estimation
of the distribution for impact, and the method for calculating the aggregate losses.
Hence, each of the steps to be followed is explained below.

Step 1: Risk evaluation — Identification: Identify the operational risks that generate
environmental, social, and economic impacts, defining causes, risks, and
Consequences.

Step 2: Assign quantitative information to quantify the frequency: Use the Poisson
distribution: the probability that the event can materialize in a year must be inputted.
This simulates whether risk materializes and how many times it materializes per
year.

Step 3: Assign quantitative information to quantify the severity: Use the PERT
distribution for the consequences, assigning the minimum, most likely and maximum
impact.

Step 4: Quantify the sampling impact by a convolution: To quantify the sampling
impact for each sustainability pillar, the statistical convolution of random variables
was quantified for each risk (Bertsch et al., 2014). A convolution is an operator that
transforms two functions, pi and xi, into a third function, where the convolution of
pi and xi is denoted by pixi and is defined as the integral of the product of both
functions after shifting one of them by a distance, t, (Razminia and Razminia, 2022)
as shown in Equation 4.
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Equation 4. Convolution process is defined as the integral.
The effect of convolution in practice is to create probability distribution functions
(PDF; Mitchell et al., 2005). So, to quantify the expected losses for each pillar of
sustainability, inherent risk must be calculated, which is the sum of the product of

each risk impact with its probability (Capone and Narbaev, 2022) as is shown in
Equation 5, so the total losses are the sum of the sample impact by group:

Z(impacti * probability;)
Equation 5. The expected losses
The previous formula is applied for each of the sustainability pillars: Equation 6 for

environmental effects (Theta 0), Equation 7 for social effects (Phi ¢), and Equation
8 for economic effects (Epsilon ).

n
o(t) = Z PaiXa;
i=1

Equation 6. The expected losses due to environmental effects
ne
o @)= Z PsiXsi
i=1

Equation 7. The expected losses due to social effects

ne
€ (t) = z PeiXei
i=1

Equation 8. The expected losses due to economic effects

Step 5: Calculate the total expected losses and analyze losses: Upon obtaining the
calculations for losses associated with each sustainability pillar, it becomes
necessary to determine the total expected losses at a specific time, denoted as "t."
This total expected loss is determined by adding together the losses attributed to
environmental, social, and economic impacts. Equation 9 provides the formula for
calculating the Total Expected Losses at time "t."
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n
Total expected losses(t) = z )+ (t)+e (t)
i=1
Equation 9. The total expected losses

If the sum of the total losses (Equation 9) exceeds the value of equity, a consequence
of the temporary effect (Lozano and von Haartman, 2018) is incurred, and the
company can enter bankruptcy. Then, the total expected losses must be included as
an output in the simulation and analysis and run the Monte Carlo simulation.
Descriptive statistics were analyzed to quantify the impact of risks on corporate
sustainability.

Risk control management was conducted to optimise the model after considering the
potential losses that the company may incur due to the materialization of operational
risks. The next step demonstrates how risk control is used to implement model
optimization.

Step 6: Risk control: There are different ways of reducing exposure through the use
of risk controls (Zhang, 2020). Four strategies are available for dealing with threats
(Hosny et al., 2018): avoidance, acceptance, transference, and mitigation
(Kouloukoui et al., 2019). Avoidance is eliminating a threat by eliminating its cause.
Thus, the company must decide on the strategy to select the elements that make up
each control.

Step 7: Risk control information: Once the company decides on the strategy, it must
select the elements that make up the selected control.

The mitigation strategy helps to reduce the probability of risk entry and the expected
loss (Hoang and Ruckes, 2017), the transfer strategy takes actions that transform the
consequences of risk to a third party, which also means transferring the responsibility
of risk (Keshk et al., 2018). When the company decides to assign controls, they are
associated with a cost (Finger et al., 2018). These risk management costs must
demonstrate the economic benefit of risk reduction (Shreve and Kelman, 2014).
Therefore, the company must have a budget, which is analyzed in the next step.
Step 8: Budget: Risk reduction has been recognized in the literature for its role in
mitigating negative environmental, social, and economic impacts (Shreve and
Kelman, 2014), where corporate sustainability and the capability to estimate and
reduce an organization's business risks are undoubtedly becoming indispensable
plans of companies (Hui and Fatt, 2007).

Therefore, if a company wants to manage risk to minimize its impact, it has a cost
that is generally associated with budget restrictions (Mohsni and Otchere, 2014) that
are assigned to the financial department (Cousin et al., 2016), management (Lainez
et al., 2009), and even the government (Le et al., 2021). Therefore, the company
must request a budget allocation to reach an optimal coverage decision. Therefore,
in the next step, budget allocation and losses from operational risks related to
sustainability must be optimized to ensure effective planning, which protects and
creates organizational value (Wang et al., 2021) associated with risk management.
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Step 9: Optimize: Mathematical optimization is the process of formulating and
solving a constrained optimization problem (Snyman and Wilke, 2018). This
research seeks a new approach to optimize not only the losses due to risk generated
by operational risks in companies related to corporate sustainability but also the
optimal management of the assignment of controls to manage risks.

For this purpose, this investigation seeks a cost function that aims to minimize risk
exposure and the costs associated with the management of each risk Ci.

The function presented below explains the quantification of the cost, Ci, that the
company has for each risk control, i defined in each process. The function presented
in Equation 10 explains the quantification of the costs that a company has for every
risk control defined in each process.

The company must optimize the allocation of risk control, which is expected to
minimize the risks and costs generated by applying the controls. For this, there is a
determined cost of control and a percentage of risk coverage, as defined in Steps 7
and 8; thus, the model indicates which controls should be used and how many times
that control should be used. To formulate the objective and constraint functions
(Snyman and Wilke, 2018), the structure of the optimization of the model is
presented in Equation 10.

f(x) = Total Risk cost after apply controls

Where the model wants to Minimize £ (x) as mTinf(x)

n
fGx) = Z C; Te; + Resid Risk  p;

=1
Equation 10. Total risk cost after applying controls

Where:

C;= Cost of risk control

T,; = Control assignment times

Residual risk = Remaining impact after using risk control

Resid Risk = Inherent risk * (1-%Cov)

Inherent Risk = Total expected losses (t) = Zf‘:(? O(t)+q@ ) +e (b)
% Cov = % of coverage

B, = Budget allocation

Pi = Probability of residual risk occurring

Constraints or restrictions:

1. X%, C; * Te; + Resid Risk + P; < B,
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min

2. Tf(x) < Inherent Risk
it means that.

" CiTe; + Resid Risk * P, < Y1060 () + o (t) + ¢ (©)

3. Resid Risk > 0

The above model can be used to:

-Minimize the inherent risk by applying controls considering the percentage of
coverage, which is known as residual risk.

-Optimally allocate the budget that will be used to control risk by analyzing the cost
and time that the control is assigned.

-Determine the total cost of risk exposure; that is, analyze the costs of controls and
the inherent risk for business decision-making.

Finally, budget allocation is done optimally to assign the controls that can be applied
depending on the budget and manage the risks to reduce losses, applying risk
management strategies to enhance shareholder value and company performance.
Step 10: Decision-making: An epistemic perspective acknowledges that decision-
makers recognize uncertainty when projecting into the future (Luther et al., 2023).
Therefore, it is necessary to make risk-aware decisions through the explicit
quantification of risks (Zheng et al., 2019) to determine the risk profile of the
company, and enable risk acceptance or mitigation decisions that support decision-
making under uncertainty. Simulation-based optimization techniques can help risk
managers improve the quality of their decisions (Oliveira et al., 2019). Hence, this
study uses simulation to help make decisions based on effectively capturing and
integrating quantitative and qualitative information.

The results of this model can provide answers as to why the literature seeks to
prioritize budget management for mitigation efforts and, thus, prioritize the decision
criteria. Using the findings from earlier results, the company can make informed
choices about how to manage operational risks. This helps validate how these actions
affect the overall sustainability of the company by providing clear and objective
measurements to guide strategic decisions. Additionally, it helps optimize the
company's financial resources by using techniques like optimization and simulation
to enhance the decision-making process.

Discussion

In light of this theory, the model presented in this research is developed considering
the standard steps for quantitative risk assessment proposed by Chen et al. (2020),
which includes probabilistic analysis, consequence analysis, risk calculation, and
risk decision-making. The model is based on the need to generate risk models that
do not require historical information (Shojaeimehr and Rahmani, 2022), since
companies have evidenced this need, according to authors such as Cruz (2006).
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The method proposed in this research starts with the identification of risks that it
follows, in line with the theory that lies in defining the causes (Yang et al., 2018),
risks, and consequences to subsequently assign quantitative data of frequency and
severity for each pillar of sustainability.

Previous studies identified that probability distributions can be used for risk
measurement (Pefia et al., 2018), so this research assigns a discrete distribution for
frequency, taking Hussain (2020) as a point of reference, for which this research
assigned a Poisson distribution, and a continuous distribution for severity following
authors such as Pan and Xin (2013). A PERT distribution is selected, where a
statistical convolution (Mitchell et al., 2005) is performed for the quantification of
aggregate losses. Finally, an optimization process (Zhu et al., 2022) is performed to
comprehensively analyze the company's risks and their management.

The literature review provided a basis for the creation of the model. However, the
sustainability pillars were linked to this quantification, creating a new methodology
that contributes to the literature by classifying the sustainability pillars and
performing quantification, leading to results in terms of corporate sustainability. For
this, the classification of corporate sustainability proposed by Lozano and von
Haartman (2018) was taken as a reference. In this way, a contrast can be generated
between the existing literature and the results found. Although the model is mainly
based on existing risk theories and methods, this novel operational risk model
presents a new relationship between operational risks and corporate sustainability.

Conclusion

When reviewing the literature on the modeling of operational risks that impact
corporate sustainability, it became evident that there are models used in previous
studies that allow quantifying operational risk primarily based on statistical models
that approximate the expected losses of the companies. Although there are
approximations of quantifications for some specific pillars of sustainability, such as
losses due to environmental effects, social responsibility indicators or economic
losses due to risk materialization, a model that allows estimating operational risks in
light of corporate sustainability as a holistic analysis of the company was not found.
The models developed by other researchers show that operational risk quantification
usually employs the Monte Carlo simulation methods. This study also uses methods
developed in previous literature, using this type of quantification as a reference.
However, the current models require historical information and are not fully linked
to corporate sustainability. To identify the limitations of companies who want to
quantify operational risks and do not have historical information available, this
research proceeds to evaluate Monte Carlo simulation methods, which are the most
used distributions in the literature for this type of modeling. According to authors
who have been developing this type of analysis over time, frequency is normally
modeled using discrete distribution functions, and severity is normally modeled
using continuous distribution functions.
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Based on the experience of these authors, and with the aim of benefiting the scientific
community and companies that require quantification of operational risks, which are
also related to corporate sustainability, this study proceeds with the selection of two
distribution functions. The first one explains frequency based on a Poisson
distribution, and the other explains severity through a PERT distribution, allowing
the company to quantify the risk based on company parameters or expert opinions
that allow approximating these values.

Therefore, the results of this study can be interpreted from the perspective of
previous studies as an option to provide tools for companies that do not have
historical information for risk modeling.

Finally, an optimization process is conducted to reduce the impact of risks on the
company through risk control by optimizing the company's budget allocations. After
developing the model and analyzing different scenarios for the results, the model has
three limitations. First, by suggesting the Poisson and PERT distribution functions
as standard distribution functions, the results can generate biases, be limited, and
even be manipulated. Second, Solver (Excel) has problems with relative minima and
maxima solutions. Third, the model considers only three of the four strategies
proposed in the literature regarding risk management because the model makes
budgetary allocations for reduction and transfer and suggests the acceptance of risks
in some scenarios. However, avoidance was not considered, and hence, this strategy
is not considered as a means of risk control in the methodology of this research.
Future studies should investigate budget allocation analysis to find a way to use
resources optimally. In addition to the findings of this study, it is possible to indicate
whether budget allocation should be used to reduce frequency through mitigation
strategies, reduce severity through transfer strategies, or combine both strategies to
define the optimal risk management strategy.

In addition, this research emphasizes modeling; therefore, in future investigations, it
is suggested to examine in detail the processes of identification and monitoring of
risks that are a part of integrated risk management, as indicated in the literature.
Finally, the primary contribution of this study is that it is a practical model for
companies to implement the quantification of operational risks and demonstrate their
impact on corporate sustainability by modeling the frequency, severity, and
calculation of aggregate losses through the 10 steps proposed.

70



POLISH JOURNAL OF MANAGEMENT STUDIES

Bravo-Sepilveda M., Wilke D.N., Isaza Cuervo F., Polanco J-A. |V W4RN (oW

References

Andersen, L. B., Héager, D., (2010). An event classification scheme for causal modeling of
operational risk in the financial industry. Reliability, Risk and Safety: Back to the Future,
2213-2220.

Beltran-Beltran, J. I., O’Reilly, F. J., (2019). On goodness of fit tests for the Poisson, negative
binomial and binomial distributions. Statistical Papers, 60(1), 1-18.

Bertsch, S., Schmidt, M. and Nyhuis, P., (2014). Modeling of lateness distributions
depending on the sequencing method with respect to productivity effects. CIRP Annals -
Manufacturing Technology, 63(1), 429-432.

Capone, C., Narbaev, T., (2022). Estimation of Risk Contingency Budget in Projects using
Machine Learning. IFAC-PapersOnLine, 55(10), 3238-3243.

Chang, H. K., Yu, W. der, Cheng, S. T. and Cheng, T. M., (2019). The Use of a Multiple
Risk Level Model to Tackle the Duration of Risk for Construction Activity. KSCE
Journal of Civil Engineering, 23(6), 2397-2408.

Chang, H.-K., Yu, W.-D. and Cheng, S.-T., (2018). A new project scheduling method based
on activity risk duration and systems simulation. Journal of Technology, 33(1), 1-16.
Channell, D. E., (1989). Problem solving with simulation. Journal of Chemical Information

and Modeling, 53(9), 713-720.

Chen, H., Zhao, X., (2022). Green financial risk management based on intelligence service.
Journal of Cleaner Production, 364.

Chen, Y., Patelli, E., Zeng, P., Edwards, B., Li, T. and Beer, M., (2020, November). Decision
making for optimal primary-support selection to minimise tunnel-squeezing risk. In 30th
European Safety and Reliability Conference, ESREL 2020 and 15th Probabilistic Safety
Assessment and Management Conference, PSAM 2020 (pp. 2257-2264).

Cornalba, C., Giudici, P., (2004). Statistical models for operational risk management. Physica
A: Statistical Mechanics and Its Applications, 338(1), 166-172.

Cousin, A., Jiao, Y., Robert, C. Y. and Zerbib, O. D., (2016). Asset allocation strategies in
the presence of liability constraints. Insurance: Mathematics and Economics, 70, 327—
338.

Cruz, J. M., (2009). The impact of corporate social responsibility in supply chain
management: Multicriteria decision-making approach. Decision Support Systems, 48(1),
224-236.

Cruz, M., (2006). Chapter 14 - Developing a Framework for Operational Risk Analytics. In
M. K. Ong (Ed.), Risk Management (pp. 295-307). Academic Press.

Elbatal, 1., Ahmed, A. N. and Ahsanullah, M., (2010). Characterizations of discrete
ditributions by the reversed hazard rate. Journal of Applied Statistical Science, 18(2),
269-279.

Finger, M., Gavious, I. and Manos, R., (2018). Environmental risk management and financial
performance in the banking industry: A cross-country comparison. Journal of
International Financial Markets, Institutions and Money, 52, 240-261.

Forcael, E., Gonzalez, M., Soto, J., Ramis, F. and Rodriguez, C., (2018). Simplified
scheduling of a building construction process using discrete event simulation.
Proceedings of the LACCEI International Multi-Conference for Engineering, Education
and Technology, 2018-July.

71



2023 POLISH JOURNAL OF MANAGEMENT STUDIES

LI ENGRE Bravo-Sepulveda M., Wilke D.N., Isaza Cuervo F., Polanco J-A.

Gkogka, E., Reij, M. W., Gorris, L. G. M. and Zwietering, M. H., (2013). Risk assessment
strategies as a tool in the application of the Appropriate Level of Protection (ALOP) and
Food Safety Objective (FSO) by risk managers. International Journal of Food
Microbiology, 167(1), 8-28.

Griffy-Brown, C., Miller, H., Zhao, V., Lazarikos, D. and Chun, M., (2019). Emerging
Technologies and Risk: How Do We Optimize Enterprise Risk When Deploying
Emerging Technologies? 2019 IEEE Technology and Engineering Management
Conference (TEMSCON), 1-5.

Hajdu, M., Bokor, O., (2016). Sensitivity analysis in PERT networks: Does activity duration
distribution matter? Automation in Construction, 65, 1-8.

Hoang, D., Ruckes, M., (2017). Corporate risk management, product market competition,
and disclosure. Journal of Financial Intermediation, 30, 107-121.

Hosny, H. E., Ibrahim, A. H. and Fraig, R. F., (2018). Risk management framework for
Continuous Flight Auger piles construction in Egypt. Alexandria Engineering Journal,
57(4), 2667-2677.

Hui, L. T., Fatt, Q. K., (2007). Strategic organizational conditions for risks reduction and
earnings management: A combined strategy and auditing paradigm. Accounting Forum,
31(2), 179-201.

Hussain, T., (2020). A zero truncated discrete distribution: Theory and applications to count
data. Pakistan Journal of Statistics and Operation Research, 16(1), 167-190.

Jaco, J. C. E., Galarza, C. M. L., Venero, R. M. and Quispe, J. A. D., (2021). Monte carlo
simulation in a peruvian highway. Civil Engineering and Architecture, 9(6), 1727-1734.

Jayasree, G., Swamy, R. J. R., (2006). Some new discrete probability distributions derived
from power series distributions. Communications in Statistics - Theory and Methods,
35(9), 1555-1567.

Kerim, K., Zeynep, 1., (2021). Assessment of Urban Flood Risk Factors Using Monte Carlo
Analytical Hierarchy Process. Natural Hazards Review, 22(4), 04021048.

Keshk, A. M., Maarouf, I. and Annany, Y., (2018). Special studies in management of
construction project risks, risk concept, plan building, risk quantitative and qualitative
analysis, risk response strategies. Alexandria Engineering Journal, 57(4), 3179-3187.

Kirk, R., (2019). Experimental design. EEG Signal Processing and Feature Extraction, 43—
69.

Klenke, A., Mattner, L., (2010). Stochastic ordering of classical discrete distributions.
Advances in Applied Probability, 42(2), 392-410.

Kouloukoui, D., Marinho, M. M. de O., Gomes, S. M. da S., Kiperstok, A. and Torres, E. A.
(2019). Corporate climate risk management and the implementation of climate projects
by the world’s largest emitters. Journal of Cleaner Production, 238.

Lainez, J. M., Puigjaner, L. and Reklaitis, G. V., (2009). Financial and financial engineering
considerations in supply chain and product development pipeline management.
Computers and Chemical Engineering, 33(12), 1999-2011.

Le, A. T., Doan, A. T. and Phan, T., (2021). Institutional development and firm risk from a
dynamic perspective: Does ownership structure matter? Economic Analysis and Policy,
72, 342-357.

Liu, X., Shen, L. and Zhang, K., (2021). Estimating the probability distribution of
construction project completion times based on drum-buffer-rope theory. Applied
Sciences (Switzerland), 11(15).

72



POLISH JOURNAL OF MANAGEMENT STUDIES

Bravo-Sepilveda M., Wilke D.N., Isaza Cuervo F., Polanco J-A. |V W4RN (oW

Lozano, R., von Haartman, R., (2018). Reinforcing the holistic perspective of sustainability:
Analysis of the importance of sustainability drivers in organizations. Corporate Social
Responsibility and Environmental Management, 25(4), 508-522.

Luther, B., Gunawan, I. and Nguyen, N., (2023). Identifying effective risk management
frameworks for complex socio-technical systems. In Safety Science (Vol. 158). Elsevier
B.V.

Makarova, V., (2021). Measuring corporate management in business maturity forecasting
models. Original Research, 9(4), 277-290.

Michalski, G., (2009). Inventory management optimization as part of operational risk
management. Economic Computation and Economic Cybernetics Studies and Research,
4.

Mitchell, K., Nagrial, M. and Rizk, J., (2005). Simulation and optimisation of renewable
energy systems. International Journal of Electrical Power and Energy Systems, 27(3),
177-188.

Mohsni, S., Otchere, 1., (2014). Risk taking behavior of privatized banks. Journal of
Corporate Finance, 29, 122-142.

Oliveira, J. B., Jin, M., Lima, R. S., Kobza, J. E. and Montevechi, J. A. B., (2019). The role
of simulation and optimization methods in supply chain risk management: Performance
and review standpoints. In Simulation Modelling Practice and Theory (Vol. 92, pp. 17—
44). Elsevier B.V.

Pan, X., Xin, Z., (2013). Study of Cost-Time-Quality in Project Failure Risk Assessment
Based on Monte Carlo Simulation. In E. Qi, J. Shen, and R. Dou (Eds.), The 19th
International Conference on Industrial Engineering and Engineering Management (pp.
1361-1368). Springer Berlin Heidelberg.

Parolin, G., Borges, A. T., Santos, L. C. C. and Borille, A. V., (2021). A tool for aircraft eco-
design based on streamlined Life Cycle Assessment and Uncertainty Analysis. Procedia
CIRP, 98, 565-570.

Pefia, A., Bonet, 1., Lochmuller, C., Chiclana, F. and Gongora, M., (2018). Flexible inverse
adaptive fuzzy inference model to identify the evolution of operational value at risk for
improving operational risk management. Applied Soft Computing Journal, 65, 614-631.

Pich, M. T., Loch, C. H. and Meyer, A. De., (2002). On Uncertainty, Ambiguity, and
Complexity in Project Management. Management Science, 48(8), 1008-1023.

Rakhaev, V. A., (2020). Developing credit risk assessment methods to make loss provisions
for potential loans. Finance: Theory and Practice, 24(6), 82-91.

Razminia, K., Razminia, A., (2022). Convolution integral for fractional diffusion equation.
In Chaos, Solitons and Fractals (\Vol. 155). Elsevier Ltd.

Shojaeimehr, S., Rahmani, D., (2022). Risk management of photovoltaic power plants using
a novel fuzzy multi-criteria decision-making method based on prospect theory: A
sustainable development approach. Energy Conversion and Management, X, 16.

Shreve, C. M., Kelman, 1., (2014). Does mitigation save? Reviewing cost-benefit analyses of
disaster risk reduction. International Journal of Disaster Risk Reduction, 10(PA), 213~
235.

Snyman, J. A., Wilke, D. N., (2005). Practical mathematical optimization (pp. 97-148).
Springer Science+ Business Media, Incorporated.

73



2023 POLISH JOURNAL OF MANAGEMENT STUDIES

LI ENGRE Bravo-Sepulveda M., Wilke D.N., Isaza Cuervo F., Polanco J-A.

Visser, J. K., (2016). Suitability of different probability distributions for performing schedule
risk simulations in project management. 2016 Portland International Conference on
Management of Engineering and Technology (PICMET), 2031-2039.

Wang, X., Zhao, T. and Chang, C. Ter., (2021). An integrated FAHP-MCGP approach to
project selection and resource allocation in risk-based internal audit planning: A case
study. Computers and Industrial Engineering, 152.

Yang, Q., Chin, K. S. and Li, Y. L., (2018). A quality function deployment-based framework
for the risk management of hazardous material transportation process. Journal of Loss
Prevention in the Process Industries, 52, 81-92.

Zhang, H., (2020). Optimization of risk control in financial markets based on particle swarm
optimization algorithm. Journal of Computational and Applied Mathematics, 368.

Zhang, L., (2020). The optimization analysis of the communication model of negative
influence of the entrepreneur’s social relationship change. Intelligent Automation and Soft
Computing, 26(3), 577-583.

Zhang, S., Wang, X., (2021). Dynamic Probability Analysis for Construction Schedule Using
Subset Simulation. Advances in Civil Engineering, 2021, 1-13.

Zhao, X., Hwang, B. G. and Low, S. P., (2015). Enterprise risk management in international
construction firms: Drivers and hindrances. Engineering, Construction and Architectural
Management, 22(3), 347-366.

Zheng, D., Yu, L. and Wang, L., (2019). A techno-economic-risk decision-making
methodology for large-scale building energy efficiency retrofit using Monte Carlo
simulation. Energy, 189, 116169.

Zhu, W., Zhang, T., Wu, Y., Li, S. and Li, Z., (2022). Research on optimization of an
enterprise financial risk early warning method based on the DS-RF model. International
Review of Financial Analysis, 81, 102140.

MODEL STOCHASTYCZNY KWALIFIKACJI | OPTYMALIZACJI
WPLYWU RYZYKA OPERACYJNEGO NA ZROWNOWAZONY
ROZWOJ KORPORACYJINY ZWYKORZYSTANIEM SYMULACJI
MONTE CARLO

Streszczenie: Ryzyko operacyjne zostatlo szeroko zbadane, a migdzynarodowe wytyczne
dostarczajg procedur do prawidlowego zarzadzania ryzykiem operacyjnym; jednakze nie
badano tego z punktu widzenia zrdwnowazonego rozwoju przedsi¢biorstwa. Dlatego tez
niniejsza praca ma na celu znalezienie sposobu modelowania i optymalizacji wptywu ryzyka
operacyjnego na zrownowazony rozwoj przedsiebiorstwa. Zastosowana metodologia opiera
si¢ na przypisaniu dwoch funkcji rozktadu w celu stworzenia modelu probabilistycznego,
ktory pozwala kwantyfikowa¢ prawdopodobienstwo wystgpienia (czgstotliwosc)
i oczekiwany monetarny wptyw (ciezko$¢) na zmienne zréwnowazone (Srodowiskowe,
spoteczne i ekonomiczne). Rezultatem jest statystyczna konwolucja poprzez symulacje
Monte Carlo, ktory umozliwia iloSciowe okreslenie zagregowanych strat, aby ostatecznie
przeprowadzi¢ proces optymalizacji zmiennych i oszacowa¢ wptyw finansowy. Dlatego tez
niniejsze badanie poszerza literature w obszarze kwantyfikacji ryzyka, proponujac model
stochastyczny, ktory kwantyfikuje i optymalizuje ryzyko operacyjne zwigzane ze
zrdwnowazonym rozwojem przedsigbiorstwa. Proponowany model oferuje praktyczny
sposob ilosciowego okreslenia ryzyk operacyjnych zwigzanych ze zréwnowazonym
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rozwojem przedsigbiorstwa, a jednoczesnie jest elastyczny, poniewaz nie wymaga informacji
historycznych i moze by¢ stosowany w potaczeniu z danymi zebranymi z przedsi¢gbiorstwa
w oparciu o proponowane rozktady prawdopodobienstwa. Wreszcie proponowany model ma
trzy ograniczenia: funkcje rozktadu, uzycie Solvera (Excel) i wykluczenie niektérych
strategii zarzadzania ryzykiem, ktore mogg zosta¢ uwzglgdnione w przysztych badaniach.

Stowa kluczowe: ryzyko operacyjne, zrownowazony rozwoj, symulacja Monte Carlo,
optymalizacja
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