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Abstract: The intensified global focus on energy transition and sustainability has increased the drive 

to leverage electric vehicle (EV) batteries as virtual power plant (VPP) resources. However; 

uncertainties and governance factors associated with this integration have not been systematically 

researched. This study aimed to identify and evaluate the key uncertainties surrounding the 

deployment of EV batteries in VPPs and propose strategic responses from an ESG perspective. We 

adopted a mixed-methods approach using scenario planning to identify critical uncertainties. The 

approach included quantitative assessments using Monte Carlo simulations and a scenario matrix to 

incorporate ESG elements into future projections. The findings highlighted economic value volatility 

(E) and employment creation potential and sustainability (S) as key uncertainties; with transparency 

requirements (G) as a subfactor. Four distinct scenarios were identified. By proposing tailored 

response strategies for each scenario; this study suggests that the long-term sustainability of EV 

batteries and VPP industries can be bolstered in various potential future environments. Integrating 

ESG factors into scenario analysis helps decision-making in industries characterized by high 

uncertainty. The study offers strategies that embed ESG considerations to support the sustainability 

of EV batteries and VPP sectors and provides valuable insights for shaping policies; industrial 

strategies; and corporate ESG initiatives. 

Keywords: virtual power plant (VPP); scenario planning; Monte Carlo simulation; ESG; uncertainty 

prediction; sustainability strategy; EV batteries 

 

1. Introduction 

Major countries, including Korea, face the significant challenge of enhancing their energy supply 

efficiency while achieving substantial reductions in greenhouse gas emissions by 2050 [1]. In 

particular, these nations are rapidly increasing their share of renewable energy in their efforts to meet 

the 2050 carbon neutrality goals. However, the intermittency of renewable energy sources poses a 

threat to the stability of power supply [2]. In this context, virtual power plants (VPPs), which integrate 

and manage distributed energy resources (DERs), have emerged as a critical technology for 

addressing the intermittency of renewable energy [3,4]. Currently, VPP resources that leverage 

demand response (DR) through flexible power operation plans and ICT are being deployed in the 

industrial sector [5]. However, owing to structural changes in industries and economic fluctuations, 

the scale of resource deployment has shown a declining trend. Consequently, electric vehicle (EV) 

batteries have attracted significant attention as potential alternative resources for VPPs. With vehicle-

to-grid (V2G) technology, EV batteries have become crucial assets for complementing the irregular 

generation of renewable energy and enhancing grid stability [6]. 
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Numerous countries are actively advancing the integration of EV batteries as valuable resources 

for VPPs [7]. In the United States, Federal Energy Regulatory Commission (FERC) Order No. 2222 

enables the participation of small-scale DERs in electricity markets, thereby providing a regulatory 

framework for incorporating EV batteries into VPPs. Similarly, the European Union’s “Clean Energy 

for All Europeans” package fosters the inclusion of small-scale DERs in the power market, laying a 

strong foundation for the integration of EV batteries into VPPs. Conversely, several nations, including 

Korea, remain in the early stages of this process and require the development and refinement of 

relevant policies and institutional frameworks. Within this context, environmental, social, and 

governance (ESG) factors are increasingly being recognized as pivotal drivers of energy transition 

and long-term sustainability [8]. Consequently, there is a growing demand for comprehensive 

research that explores the implementation and evolution of EV batteries and VPP integration from 

an ESG perspective. 

Existing studies [9,10] have primarily focused on the technological feasibility of EV battery and 

VPP operations, as well as short-term efficiency improvements, such as DR programs and electricity 

rate optimization. For example, Wang et al. [9] proposed a method for enhancing the operational 

efficiency of a VPP by connecting large-scale wind power with EV batteries, whereas Qureshi et al. 

[10] explored operational optimization through EV battery scheduling. However, research that 

addresses the long-term sustainability and evolution of EV battery resource utilization by 

incorporating scenario analysis considering factors such as technological progress, social acceptance, 

and policy uncertainties, remains relatively limited. Additionally, integrating ESG factors into this 

study is crucial for enabling a more sustainable and equitable energy transition. By emphasizing 

governance aspects such as transparency enhancement and job creation from an ESG perspective, a 

more stable and inclusive energy transition can be realized in the long run [11]. 

This study, based on the premise that EV batteries can serve as a VPP resource to simultaneously 

achieve grid stability and carbon neutrality [12], aimed to systematically identify and assess the 

uncertainties associated with the integration of EV batteries into VPPs. The goal was to propose 

future scenarios and corresponding response strategies from an ESG perspective. Specifically, a 

mixed-methods research approach combining scenario planning, Monte Carlo simulations, and 

scenario matrices was employed to derive diverse future scenarios that incorporate key ESG elements 

such as economic feasibility, social acceptance, and transparency requirements [13,14]. Through this 

approach, this study sought to provide practical insights for the development of policies and 

industrial strategies for the EV battery and VPP sectors and contribute to an ESG-focused sustainable 

energy transition. 

The remainder of this paper is organized as follows. Section 2 reviews relevant literature and 

presents the research methodology, including scenario planning, Monte Carlo simulations, and 

scenario matrices. Building on this foundation, the uncertainties and scenarios derived from the 

study are presented. Section 3 discusses the analysis results for each scenario and their strategic 

implications from an ESG perspective. Finally, Section 4 presents the conclusions of this study and 

its significance and suggests directions for future research. 

2. Literature Review 

2.1. Previous Studies on the Use of EV Batteries as VPP Resources 

Studies on the utilization of EV batteries and VPPs have primarily concentrated on technical 

optimization and short-term efficiency improvements [9,10]. Li et al. [15] proposed real-time DR 

optimization strategies for EV batteries to support China’s dual carbon goals. This study developed 

multiregional VPP operational strategies and derived efficient demand management solutions 

utilizing EV batteries. Similarly, Qureshi et al. [10] combined mixed density neural networks 

(MDNN) and probabilistic receding-horizon convex optimization techniques to enhance the 

efficiency of EV and VPP integration, focusing on reducing grid volatility and improving real-time 

operational efficiency. These studies primarily targeted grid volatility reduction and operational 
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efficiency, concentrating on short-term technical optimization. Although these studies provide 

practical technical solutions for utilizing EV batteries as VPP resources, they have limitations in 

addressing broader policy shifts and the long-term evolution of the power grid. 

Wang et al. [9] proposed a method for enhancing grid stability by integrating wind power with 

EV batteries. However, the study did not sufficiently consider long-term variables such as battery 

price fluctuations and battery lifespan. Although Wang et al.’s study focused on the immediate 

integration of EV batteries with wind power, it offered limited insight into strategies for ensuring the 

long-term sustainability of battery resource utilization. Zhou et al. [16] explored the charging and 

discharging processes of EVs and spectrum allocation in communication networks; however, their 

work did not account for the long-term impacts of changes in EV adoption rates or policy support on 

battery utilization. Although these studies provided valuable technical solutions for improving grid 

efficiency, they offered little consideration of the social, economic, and environmental sustainability 

aspects of EV battery resource utilization. 

Although short-term optimization studies are effective in providing practical solutions in 

industrial contexts, they have limited focus on long-term scenario analyses that incorporate social 

acceptance, policy changes, and governance factors. Harsh et al. [17] proposed a method to optimize 

DR programs by integrating EV batteries with solar power, battery storage systems, and controllable 

loads. This study considered long-term technological advancements and included discussions on 

policy response strategies. Notably, it highlighted the integration of various energy resources to 

maximize VPP efficiency, underscoring the importance of considering policy shifts beyond technical 

aspects. 

Jeon et al. [18] analyzed the economic value of EV demand resources within the framework of 

South Korea’s 9th Basic Plan for Long-Term Electricity Supply and Demand, demonstrating that the 

integration of EV batteries as VPP resources can play a pivotal role in sustainable energy transitions. 

This study emphasizes the importance of policy support and social acceptance in the resource 

utilization of EV batteries and illustrates the impact of policy measures on VPP integration efficiency. 

Consequently, the study emphasizes that long-term scenario analyses incorporating ESG factors are 

crucial for enhancing the sustainability of EV battery integration into VPPs, with social acceptance 

and policy support being vital components of this process. 

Environmental, Social, and Governance (ESG) factors play a critical role, particularly in 

governance aspects such as enhancing transparency, creating jobs, and fostering social responsibility, 

all of which contribute to the realization of a stable energy transition in the long term [11]. This study 

systematically analyzed social acceptance and policy response strategies from an ESG perspective, 

areas that have not been extensively addressed in previous studies, to highlight potential changes in 

the utilization of EV batteries as VPP resources. Notably, social acceptance and policy support have 

been identified as fundamental elements for ensuring the sustainability of EV battery resource 

utilization [19]. 

2.2. Previous Studies on the Utilization of Scenario Planning 

Scenario planning is widely recognized as an effective technique for forecasting future 

development, formulating strategies, and identifying critical variables in environments marked by 

high uncertainty. This method relies primarily on qualitative analysis to explore various future 

pathways and supports strategic decision making by integrating uncertainties [20]. Notably, scenario 

planning plays a vital role in strategic decision-making and policy development and is increasingly 

being employed to address complex issues, such as the integration of EV batteries into VPP [21–23]. 

Chen et al. [21] explored the development pathways for China’s renewable energy sector up to 

2030 using scenario planning integrated with the Delphi method. This study identified key 

uncertainties and influential factors in the sector by incorporating the Delphi survey results to create 

a three-dimensional scenario analysis framework. The study outlined eight future scenarios based on 

three primary uncertainties: “technology development,” “ecological awareness,” and “national 
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energy pricing policies.” Five major development scenarios were selected, and policy response 

strategies were formulated for each scenario. This approach demonstrated the effectiveness of 

combining the Delphi method with scenario planning, significantly contributing to policy 

formulation and strategic development in China’s renewable energy sector. Such methodologies are 

also beneficial for creating strategies that align with national policies and technological advancements 

in the integration of EV batteries into VPPs by considering factors such as policy support, 

technological development, and market price fluctuations. 

Fathi [22] applied scenario planning using the Delphi method to explore the future of operations 

research (OR). In this study, key uncertainty factors were derived based on surveys and expert 

opinions, and strategies were developed around the core factors (e.g., technological innovation and 

market changes) in each scenario. This approach offers valuable insights into various variables in 

integrating EV batteries and VPP resources through a qualitative analysis. Mietzner and Reger [23] 

examined the strengths and weaknesses of scenario-planning techniques, utilizing them as a strategic 

forecasting tool to explain development processes in alignment with the goals of diverse 

stakeholders. They systematically analyzed its advantages and limitations, emphasizing that scenario 

planning can provide critical insights and be an invaluable tool for addressing uncertainty. These 

studies present important implications for evaluating uncertainties in EV batteries and VPP resource 

utilization, particularly when making strategic decisions. 

These studies underline the limitation that the results derived from scenario planning often rely 

on expert opinions, yet reaffirm their usefulness in developing policy response strategies through the 

analysis of various pathways in uncertain future contexts [24]. In particular, when integrating EV 

batteries into VPP resources, it is crucial to develop future scenarios based on various uncertainty 

factors, such as government EV support policies, fluctuations in battery prices, and advancements in 

battery technologies. Thus, scenario planning is essential for evaluating various uncertainty factors 

and the corresponding future pathways when establishing strategies for integrating EV batteries into 

VPPs. This approach enables a systematic analysis of how variables such as policy changes, 

technological innovations, market price fluctuations, and social acceptance interact with and 

influence one another. Such an analysis forms an important foundation for mid- to long-term policy 

and strategy formulation, providing tailored response strategies in line with the policy directions and 

technological development of each country. 

2.3. Previous Studies on the Combination of Scenario Planning and Monte Carlo Simulation 

Combining scenario planning with Monte Carlo simulations has gained recognition as a method 

that provides a more quantitative approach to addressing uncertainties [13]. Monte Carlo simulations 

use probabilistic techniques to assign probability distributions to various input variables, thereby 

enabling the simulation of multiple scenarios and enhancing the precision of future forecasts [25]. 

This approach complements the qualitative analysis inherent in scenario planning, offering a more 

detailed and quantitative framework for strategic assessments, which is particularly valuable for 

sustainability-oriented decision-making. 

Zhu et al. [26] employed a generalized divisia index model (GDIM) to decompose the factors 

influencing carbon emissions in China’s power industry from 2000 to 2015. They assessed the impact 

of economic growth, population size, and energy consumption on carbon emissions. Additionally, 

they applied Monte Carlo simulations to project carbon emission scenarios for the 2017–2030 period, 

providing crucial insights for formulating carbon reduction strategies. This methodology is 

particularly beneficial for modeling uncertainties related to the integration of EV batteries and VPPs, 

supporting the development of specific sustainability scenarios and response strategies. 

Prakash et al. [27] introduced an innovative strategic approach that combines Monte Carlo 

simulations with scenario planning to address uncertainties related to service quality gaps in the life 

insurance sector. By modeling various uncertainties, this study assessed how risks associated with 

service quality gaps could affect different scenarios, ranging from the best case to the worst case, and 
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suggested tailored strategies accordingly. This approach is particularly useful for modeling 

uncertainties in the integration of EV batteries and VPPs, including policy changes, market demand 

fluctuations, and technological advancements. This enables the development of more precise 

scenarios and strategies that align with long-term sustainability goals.  

 Monte Carlo simulations are highly sensitive to the accuracy of the input data and assumptions 

regarding their probability distributions, which can significantly influence the simulation outcomes 

[25]. Long-term variables such as the volatility of EV battery prices and battery lifespan are inherently 

uncertain, making precise estimations challenging. Therefore, it is essential to incorporate real-world 

data that reflect external environmental changes such as policy shifts and technological 

advancements. Moreover, considerable effort is required to address uncertainties related to factors 

such as EV adoption rates, battery longevity, and policy support to ensure the appropriate 

assignment of probability distributions to each variable [25]. This integrated approach facilitates the 

systematic management of uncertainties, offers a more comprehensive view of future pathways, and 

provides valuable insights for formulating medium- to long-term strategies that promote 

sustainability. 

3. Methods 

Electric Vehicle (EV) batteries are poised to become a pivotal component of future VPP 

resources; however, this integration is fraught with various uncertainties spanning the policy, social, 

and economic domains. Addressing these uncertainties is essential for enhancing the strategic 

adaptability and sustainability of EV batteries and VPP systems. This study aims to identify and 

analyze these uncertainties and propose strategic response measures for the effective and sustainable 

utilization of EV batteries as resources. To achieve this, it is critical to systematically derive and 

analyze future uncertainties through scenario analysis based on objective data to minimize subjective 

bias. Specifically, a multiphase evaluation process for future uncertainties coupled with collaborative 

expert reviews is required to improve the accuracy and sustainability of the input variables [28]. 

Additionally, the study incorporated validated methods to ensure the reliability of the scenario 

analyses and the precision of their outcomes, thereby supporting a more sustainable decision-making 

approach. 

3.1. Research Procedure 

This study was conducted in stages following the research procedure illustrated in Figure 1. In 

the Framework Design phase, to comprehensively analyze the external environment influencing the 

integration of EV batteries into VPPs, a political, economic, social, and technological (PEST) analysis 

framework [29] was combined with ESG factors, resulting in a PEST-ESG analytical approach [30]. 

Subsequently, the range of the identified uncertainty factors was progressively narrowed down 

through three stages: initial selection, secondary refinement, and tertiary refinement, ultimately 

revealing three key uncertainties (two primary and one secondary) to construct a 2×2 scenario matrix. 

The purpose of this iterative three-step process was to enhance accuracy and reliability through 

repeated feedback, ensure consistency through expert consultations, and achieve a comprehensive 

evaluation by incorporating diverse perspectives [31]. To systematically derive data on uncertainty 

factors, this study employed a combination of semi-structured interviews and the Delphi method 

[32]. The initial interviews involved experts from the EV battery and VPP sectors, including 

legislative bodies, operational agencies, and industry practitioners, to gain in-depth insights and 

foundational data that facilitated the initial identification of uncertainty factors. Following this, a 

process of opinion consolidation and additional consensus-building was undertaken to select the 

primary uncertainty factors [33–36]. 
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Figure 1. Research procedure. 

To derive generalizable results from the initially identified uncertainty factors, a survey utilizing 

a three-point scale (low, medium, high) was conducted [36–38]. The survey was extended to 50 

relevant experts from the policy, technology, and market sectors, and incorporated the 17 experts 

who participated in the initial interviews to capture diverse perspectives and practical insights. To 

ensure that the respondents could answer without prior knowledge, definitions and background 

information regarding the uncertainty factors were provided. The survey responses were quantified 

to assess the relative ranking of each uncertainty factor, which informed the selection of key factors 

for the scenario design. The selected secondary uncertainty factors were subjected to probabilistic 

analysis using Monte Carlo simulations to complement the quantitative analysis of the findings. 

Following the research procedure, probability distributions (e.g., triangular, normal) were assigned 

to each uncertainty factor, and Python was used to perform 1,000,000 iterative simulations per factor 

to estimate the distribution of future outcomes [39]. Notably, “market growth rate” was designated 

as the indicator (dependent variable) representing the degree of promotion of EV battery VPP 

resource utilization, and the impact of each uncertainty factor on this growth rate was assessed. 

The simulation results identified the uncertainty factor with the highest standard deviation in 

the market growth rate, which was subsequently designated as the primary axis (X- and Y-axes) and 

a sub-factor in the scenario matrix [40,41]. This foundation facilitated the construction of a 2×2 

scenario matrix yielding four alternative scenarios [42]. Each scenario comprehensively synthesized 

the anticipated implications from an ESG perspective and proposes systematic strategies to address 

future industrial uncertainties. The research design outlined in this study aims to support practical 

and strategic decision-making for EV battery VPP resource utilization. Detailed explanations of the 

numerical analyses, simulation configurations, and expert selection processes at each stage are 

provided in the following sections. 

3.1.1. Stage 1: Framework Design 

This study aimed to identify the uncertainty factors that may influence the resource utilization 

of EV batteries in VPPs, based on the PEST-ESG analysis method [29]. In the PEST analysis, the social 

element addresses the societal trends and cultural changes that interact with economic, political, and 

technological shifts, whereas the social element of ESG focuses on evaluating corporate social 
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responsibility and its societal impact. This study sought to comprehensively consider the policy, 

economic, social, and technological factors in the power and energy industries, along with the ESG 

aspects. 

3.1.2. Stage 2: Initial Identification of Uncertainty Factors 

Given that research and commercialization related to the resource utilization of EV batteries in 

VPPs are still in the early stages, there are constraints in securing a large number of experts with both 

policy and technical expertise. Therefore, to enhance communication efficiency, facilitate consensus-

building, enable focused discussions, and derive in-depth conclusions through specialized expertise, 

a semi-structured interview method was adopted with optimal experts for the initial identification of 

uncertainty factors [43]. 

The interviews were conducted using various methods, including in-person, video, and phone 

interviews, to gather in-depth information through flexible communication with the experts [34–36]. 

The interview period spanned from 1 August 2024 to 30 September 2024 and was conducted over 

multiple sessions. The interviewees consisted of 17 optimal experts from various backgrounds, 

including government agencies (Ministry of Industry, Ministry of Environment), public institutions 

(state-owned power companies, regulatory agencies), large corporations (project managers), SMEs 

(executives), and startups (CEOs), all of whom possess extensive experience and expertise in policy, 

technical, and economic aspects related to EV battery VPP resource utilization. This diverse 

composition provided a foundation for gaining valuable insights from different perspectives [43]. As 

Table 1 shows, the interview questions were designed by integrating PEST and ESG analyses [30]. 

This approach aimed to identify the potential uncertainties surrounding EV battery VPP resource 

utilization from multiple angles and to conduct a deep analysis of how each factor influences the 

resource utilization process. The following questions were used in the interviews. (see Appendix 

Table A1 for the full list of questions). 

Table 1. Interview questions for initial uncertainty identification. 

 

3.1.3. Stage 3: Selection of Primary Uncertainty Factors 

We selected primary uncertainty factors for this study to enhance the depth of analysis and 

validity of the results by prioritizing and rigorously evaluating key factors, given that not all initially 

identified candidate factors hold equal importance [44]. This phase was conducted considering that 

uncertainty factors would be progressively refined in subsequent stages. To achieve this, the initially 

identified uncertainty factors were disclosed to the same group of experts, who were then asked to 

select three factors per domain that they deemed to have significant external influence. In this context, 

significant external influence refers to factors that are likely to induce widespread changes or 

cascading effects across the broader external environment, including political, economic, social, 

technological, and ESG dimensions. 

3.1.4. Stage 4: Selection of Secondary Uncertainty Factors 

The second-stage selection of uncertainty factors aimed to systematically incorporate diverse 

perspectives and practical insights from the first-stage results to identify uncertainty factors for 
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quantitative analysis using the Monte Carlo simulation technique. This phase was conducted 

considering that the uncertainty factors would be progressively refined in the subsequent stages. The 

survey was conducted from 4 October to 15 November 2024 and was structured using a combination 

of a three-point scale and open-ended questions [36,37]. In particular, because EV battery VPP 

resource utilization is expected to have significant impacts not only in economic and technological 

aspects, but also in the environmental (E), social (S), and governance (G) domains, the second-stage 

uncertainty selection process included an assessment of the ESG relevance of each factor through a 

survey. Respondents evaluated the ESG relevance of each uncertainty factor by selecting “high,” 

“medium,” or “low,” and a three-point scale weighting was applied to the selected responses to 

ensure both efficiency and consistency in quantifying the scores of each uncertainty factor [45]. Based 

on aggregated weighted scores, the factor with the highest total score in each domain was selected. 

This ESG assessment approach enables a broader consideration of diverse perspectives such as 

environmental sustainability, social acceptance, and transparent governance. Consequently, this 

study contributes to a comprehensive review of the long-term sustainability of the energy industry, 

investment attraction, and policy and regulatory alignment. The survey was conducted with an 

“expanded expert group” of 50 professionals from various sectors including government agencies, 

public institutions, corporations, and academia. The group comprised four policymakers, two experts 

in policy formulation and regulatory operations, eight public institution representatives, 32 corporate 

professionals overseeing EV projects, and four energy research specialists. By leveraging their field 

experience and expertise, these experts conducted a multifaceted and in-depth evaluation of the 

uncertainty factors associated with EV battery VPP resource utilization. Ultimately, this approach 

provided highly relevant and reliable data, significantly enhancing the practical applicability and 

credibility of the study’s findings. 

3.1.5. Stage 5: Selection of Final Uncertainty Factor 

The final selection of uncertainty factors was based on the procedure outlined in Figure 2, with 

a primary focus on identifying the key uncertainty factors necessary for deriving final scenarios 

[40,41]. 

 

Figure 2. Procedure for Scenario Development. 

Traditional studies employing a 2×2 scenario matrix typically generate four outcome scenarios 

by combining the X- and Y-axis factors [46]. However, this study aims to comprehensively consider 

the uncertainties across various ESG domains. Therefore, instead of relying solely on the X- and Y-

axes, an additional sub-factor was incorporated, resulting in the selection of three key uncertainty 

factors. Specifically, a 2×2 matrix was constructed using two core uncertainty factors, whereas the 

remaining uncertainty factor was integrated as a subfactor within each scenario. This approach was 

designed to reduce strategic complexity while systematically analyzing the influence of additional 

variables [47,48]. 

To derive the variables and probability distributions of the uncertainty factors consistently, the 

same optimal experts who participated in the “initial and first-round uncertainty factor selection” 

conducted multiple rounds of interviews [31]. Through this process, the initial variables were 

identified, followed by a further exchange of opinions and a consensus-building process that led to 

the final selection of variables and probability distribution parameters. Subsequently, to conduct an 
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objective data-driven probability analysis, a Monte Carlo simulation was performed using Python 

[25]. By combining expert-based research with program-based analysis, this study addresses the 

limitations of traditional qualitative scenario planning and provides more specific and quantitative 

strategic analysis results.  

In this study, each uncertainty factor and variable, selected based on the collective intelligence 

of the expert group derived through multiple interviews, was considered a critical element 

influencing actual market growth and resource promotion. As their combination is deemed suitable 

for explaining overall market growth [49], the market growth rate was set as the outcome variable in 

the simulation. A Python code was designed to extract the maximum, median, minimum, and 

standard deviation values of the market growth rate from the simulation results [39]. Using this 

program, 1,000,000 simulation results were generated for each uncertainty factor, and the analysis 

identified the uncertainty factors with the largest standard deviation of the market growth rate, 

selecting one from each ESG domain. These factors were confirmed as final uncertainty factors [41]. 

We selected high-uncertainty factors as “final uncertainties” because they are the most influential in 

scenario techniques and future prediction studies, with a high likelihood of significantly shaping 

future scenarios [47]. The specific processes and detailed results for each stage are described in the 

following sections. 

Step 1: Initial extraction of variables for uncertainty factors. This stage aims to derive the variable 

values necessary to execute the Monte Carlo simulation of the selected secondary uncertainty factors 

[50]. Given the constraints in securing experts with high policy and technical expertise in the early 

stages of research and commercialization, a semi-structured interview method was adopted, as in the 

initial uncertainty identification stage, to enhance communication efficiency, facilitate consensus 

building, enable focused discussions, and derive in-depth conclusions through specialized expertise 

[43,44]. The experts involved in this process were the same as those who participated in the initial 

uncertainty identification stage. They engaged in flexible communication through various methods, 

including in-person meetings, video conferences, and phone interviews, to gather in-depth 

information regarding the questions outlined in Table 2 [33,34]. The interviews were conducted from 

18–30 November 2024, and the initial interview questions for variable extraction were structured to 

assess the impact of uncertainty factors on future outcomes. (See Appendix Table A2 for the full list 

of questions). 

Table 2. Interview questions for initial variable extraction. 

 

Step 2: Selection of final variables and probability distributions. In this study, we selected the 

final variables to enhance the depth of analysis and validity of the results by prioritizing and 

rigorously evaluating key variables, similar to the process used for selecting uncertainty factors. This 

approach considers that not all initially identified candidate variables hold equal importance [44]. 

The initially derived variables undergo an additional consensus-building process to refine the 

selection and determine the final set of variables. This process minimizes the model complexity and 

unnecessary noise caused by excessive variable inclusion while ensuring a balanced approach that 

effectively captures the critical aspects of key uncertainties [50]. Thus, the initially derived variables 

for each uncertainty factor were disclosed to the same group of experts, who were asked to reselect 

the variables they deemed to have significant external influence [50]. For consistency with the first-
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stage uncertainty factor selection, “significant external influence” was defined as variables with the 

potential to induce widespread changes or cascading effects across the broader external environment, 

including political, economic, social, technological, and ESG dimensions. This multistage approach 

aligns with the objective of improving both research efficiency and analytical accuracy [44]. 

The procedure for selecting the probability distributions for each variable begins with a 

literature review and theoretical foundations, based on which the researcher predefines the target 

variables and their uncertainty ranges. Subsequently, we interviewed a group of optimal experts 

through semi-structured interviews to gather their opinions on the key parameter values. 

Subsequently, a consensus was reached, and feedback was incorporated to derive representative 

probability distributions using qualitative consensus techniques [51,52]. A sensitivity analysis was 

then performed to evaluate the impact of variable variability on the scenario outcomes. This process 

helps acquire additional data to reduce the uncertainty of key variables or improve the modeling 

process [53,54]. In this study, the key parameters (e.g., 70%) were adjusted within a ±10% range (e.g., 

60%, 80%) for sensitivity evaluation [55,56]. This step plays a crucial role in assessing the impact of 

variable uncertainty on scenario outcomes and examining the influence of the probability distribution 

values on the overall simulation results [50]. 

Step 3: Monte Carlo simulation implementation. Python is an open-source general-purpose 

programming language that enables the efficient and rapid implementation of complex Monte Carlo 

simulations by leveraging various scientific and numerical computation libraries, such as NumPy, 

SciPy, pandas, and matplotlib [57]. The Monte Carlo simulation is a statistical technique that assesses 

model uncertainty by generating random numbers and simulating probability distributions. Python’s 

vectorized operations and random number generation capabilities are well-suited for such tasks, 

allowing for precise results [25]. The following key components of the Python code were designed 

for this study: 

Conducted 1,000,000 simulation iterations. 

Fixed the random seed to ensure the reproducibility of results upon code execution. 

Incorporated the final selected variables and probability distribution data based on prior 

consensus. 

Utilized DataFrame.describe() to summarize descriptive statistics (mean, standard deviation, 

minimum, maximum, etc.) for each variable, and displayed the results using the print() function. 

Step 4: Derivation of simulation results and final selection of uncertainties. In this stage, the 

results obtained from the Monte Carlo simulation were analyzed, and the final uncertainty factors 

were selected based on this analysis. The simulation results were evaluated by assessing the impact 

of each uncertainty factor on the market growth rate and analyzing their statistical characteristics, 

including standard deviation. The final uncertainty factors were primarily selected based on the 

factors with the highest standard deviations among the simulation results [41]. Through this process, 

the most critical uncertainty elements in each ESG domain were identified. 

3.1.6. Stage 6: Derivation of 2x2 Scenarios 

In this study, the scenario matrix method–widely used in “futures” studies and strategic 

management–was applied to reduce complex and highly uncertain environmental factors into two 

primary axes [47,48]. Using this approach, multiple alternative future states were derived. In this 

process, the two uncertainty factors with the highest standard deviation values were designated as 

the core axes and a third factor was incorporated as a sub-element to enable a more refined scenario 

analysis. 

The scenario axes were structured in a two-level opposing format, such as “low vs. high” or 

“negative vs. positive” [42]. Additionally, a sub-factor was incorporated to construct a 2×2 scenario 

matrix, ensuring that the characteristics of each scenario were clearly distinguished for ease of 

comparison [58]. Each scenario comprehensively described the assumed future environment (e.g., 

policy and regulatory frameworks, technological advancement speed, market demand, and social 
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perception) and was used as the foundation for developing a scenario storyline. In this process, 

economic value volatility, job creation potential, and ESG transparency requirements were 

established as key uncertainties, while additional factors such as government support policies, 

advancements in EV battery recycling technologies, and fluctuations in international energy prices 

were considered to enhance the realism and consistency of the scenarios. Through this analysis, each 

scenario provides in-depth insights into how it may unfold in real-world conditions and enables the 

derivation of policy implications and strategic responses [59]. 

3.2. Analysis Method 

3.2.1. Scenario Planning 

Scenario planning is a key methodology for exploring multiple alternative scenarios in highly 

uncertain future environments and developing the corresponding strategic responses [20]. Schwartz 

[47] defined this approach as “a process of exploring multiple alternative scenarios to prepare for an 

uncertain future and formulating strategies tailored to each scenario.” Schoemaker [58] emphasized 

that scenario planning involves identifying key uncertainties and developing interrelated scenarios, 

enabling organizations to respond effectively to change and implement sustainable strategies. In this 

study, a scenario planning methodology was applied to comprehensively consider policy, social, 

economic, and technological uncertainties, as well as ESG factors related to EV battery utilization as 

a VPP resource. First, potential future environmental changes and risks associated with EV battery 

deployment were identified. Among the derived uncertainty factors, the most influential and volatile 

were selected to define the primary scenario axes. Future environmental projections were then 

developed using a scenario matrix, incorporating environmental, social, and economic sustainability 

considerations to formulate strategic responses. However, because scenario planning is particularly 

effective for exploring various future possibilities based on expert subjective judgment, it is essential 

to integrate quantitative analysis and expert validation to enhance the accuracy and reliability of the 

results.  

 

3.2.2. Monte Carlo Simulation 

 Monte Carlo simulation is a probabilistic method that estimates the range of future outcomes 

(e.g., mean, standard deviation) by defining variables and probability distributions for uncertainty 

factors and repeatedly simulating various scenarios based on these inputs [25]. This technique was 

first introduced in the Manhattan Project in 1949 and has since been widely applied to risk analysis 

and forecasting across multiple fields, including finance, investment, manufacturing, and logistics 

[60]. In this study, normal and triangular distributions were assigned to key variables related to EV 

battery VPP resource utilization. A random number generator was used to randomly sample values 

for each variable, which were then used to compute scenario outcomes. The simulation was executed 

1,000,000 times and the resulting outputs were analyzed in terms of means, standard deviations, and 

confidence intervals. This analysis enabled the evaluation of how the volatility of each variable 

impacts future market growth [61].  

The primary advantage of Monte Carlo simulation is its ability to incorporate uncertain factors, 

such as unpredictable market conditions, technological advancements, and policy changes, allowing 

for the estimation of a wide range of possible outcomes [62]. Additionally, this method enables the 

analysis of extreme environmental shifts and rare scenarios through simulation, making it a valuable 

tool for risk assessment in VPP and EV battery resource utilization. In this study, policy, social, and 

economic factors influencing EV battery VPP resource utilization were assigned variables and 

probability distributions to move beyond simple qualitative assessments and derive probabilistic 

scenarios. This approach allows for the quantification of risks and opportunities, the estimation of 

the actual likelihood of each scenario occurring, and the development of sustainable strategic 

response measures. Ultimately, it supports strategic decision making by providing a data-driven 

framework for evaluating uncertainty. 
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3.2.3. Combination of Scenario Planning and Monte Carlo Simulation 

The research methodology combining scenario planning and Monte Carlo simulation serves as 

a critical tool for systematically and reliably supporting strategic decision-making in highly uncertain 

environments. Scenario planning qualitatively explores various uncertainty factors to present 

potential future pathways, offering a comprehensive understanding of how policy, technological, 

economic, and social factors interact. In contrast, Monte Carlo simulation applies variables and 

probability distributions to each uncertainty factor and repeatedly simulates numerous scenarios to 

enable a quantitative assessment of the outcomes [25]. This approach complements the qualitative 

analysis derived from scenario planning by providing clearer predictions of the likelihood and 

potential impact of each scenario. The integration of these methods enhances the accuracy of future 

environmental forecasts and offers valuable insights into risk management and opportunity analyses. 

This process was performed in the following stages: 

Identification of uncertainty factors: Define the input variables for the Monte Carlo simulation 

based on the key uncertainty factors (E), (S), and (G) derived from scenario planning. 

Variable and probability distribution setup: Establish appropriate probability distributions (e.g., 

triangular, normal) for each uncertainty factor’s variables based on expert opinions and historical 

data. 

Simulation execution: Conduct 1,000,000 iterations of the simulation to quantitatively assess the 

probability and impact of each scenario. 

Scenario matrix construction: Utilize the simulation results to structure a 2×2 scenario matrix by 

assigning (E), (S), and (G) elements to the X-axis, Y-axis, and sub-factors. Analyze the characteristics 

of each scenario to derive strategic response measures. 

4. Results 

The key findings of this study are presented in the main text to enhance the readability of the 

results and facilitate the identification of essential information. For the list, please see Appendix Table 

A3. 

4.1. Stage 1: Result of Framework Design 

The horizontal axis represents ESG factors, and the vertical axis represents PEST factors, creating 

nine categories. The nine categories were divided into political/environmental (PE), 

social/environmental (SE), economic/environmental (EE), political/social (PS), social/social (SS), 

economic/social (ES), political/governance (PG), social/governance (SG), and economic/governance 

(EG). Political and technological factors were combined on a single axis because policy changes and 

technological innovations are closely interconnected in the energy and environmental sectors [63]. 

Policy decisions can either promote or constrain the development of new technologies, whereas 

technological innovations can guide policy changes or trigger new policies. Reflecting this 

interdependent characteristic, the two elements were grouped into one axis to improve analytical 

efficiency and provide a more practical analytical framework. 

4.2. Stage 2: Results of Initial Identification of Uncertainty Factors 

Table 3 shows the results of initial identification of uncertainty factors. (See Appendix Table A3 

for a detailed list). 

Table 3. Results of Initial Identification of Uncertainty Factors. 
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As listed in Table 3, 46 uncertainty factors were identified through semi-structured interviews 

with the optimal expert group. Key uncertainty factors include the possibility of legal and regulatory 

changes (PE), government subsidies and taxation policies (EE), community acceptance (PS), 

fluctuations in raw material prices (EE), integration with renewable energy (PE), transparency and 

standardization requirements (PG), and changes in ESG investment indicators (EG). These factors are 

interdependent, suggesting that changes in one area may have cascading effects on other areas. 

Additionally, the linkage between decentralized power and renewable energy policies, growth 

potential in the battery recycling and reprocessing market (EE), and community participation and 

conflict resolution (PS) create positive synergies between VPP and EV battery utilization while 

simultaneously introducing uncertainties owing to policy changes or social conflicts, thereby having 

dual impacts. The need for enhanced transparency and reliability (SG) and education and talent 

development (PS) highlights that stakeholder collaboration and social consensus across the entire 

VPP industry ecosystem must be considered in future development. 

4.3. Stage 3: Results of Selection of Primary Uncertainty Factors 

Among the initially derived 46 uncertainty factors, 27 factors were selected based on their 

perceived “significant external influence,” as shown in Table 4. (See Appendix Table A3 for the 

detailed contents). 

Table 4. Results of Selection of Primary Uncertainty Factors. 

 

When evaluating the impact of economic value volatility on the speed of EV battery VPP 

resource utilization, all experts agreed that this factor exerts a strong external influence within the EE 

category. This suggests that when the economic value is high, the speed of resource utilization may 

be highly responsive to economic conditions. This stage focused on enhancing accuracy and 

reliability, ensuring consistency through expert opinion exchanges, and incorporating diverse 

perspectives to derive a comprehensive evaluation. The key findings were as follows: 
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From a policy (P) and regulatory perspective, the PE category ranked “possibility of legal 

revisions,” “policy alignment,” and “government subsidy policies” as the top three factors, in that 

order. This reflects the perception that volatility in policy environments, such as government 

subsidies and legal or regulatory changes, plays a crucial role in determining the success of EV 

battery-based VPP resource utilization. Similarly, in the PS category, “changes in legal regulations” 

(ranked 1st), “community participation and conflict resolution policies” (also ranked first), and 

“technical education and talent development policies” (ranked 2nd) were selected. This suggests that 

policy development and institutionalization are directly linked to social consensus and conflict 

resolution. 

From a social (S) acceptance and perception change perspective, in the SE category, “perception 

change” received the highest number of votes, indicating that public acceptance of eco-friendly and 

new technologies is a key variable for project expansion. In the SS category, “job creation potential 

and sustainability” (tied for the 1st position) and “trustworthiness changes” (tied for the 1st position) 

were ranked highly, suggesting that job creation at the community level and the establishment of 

trust in technology and regulatory frameworks are essential for gaining social support. 

From the economic (E) and market volatility and opportunity perspective, in the EE category, 

“economic value volatility” received the highest number of votes across all categories, followed by 

“changes in subsidies and tax benefits.” This finding indicates that marketability and profitability are 

the most significant uncertainty factors. In the ES category, the “promotion of the sharing economy 

and the potential for new business models” and the “economic value of newly emerging job 

categories” were widely selected. This indicates strong expectations for new market and business 

opportunities emerging from VPP and EV battery resource utilization. In the EG category, the “need 

for sustainable investment and capital flow volatility” was a major concern, emphasizing that 

financial investments must ensure long-term sustainability, and that stable capital flow is a critical 

factor. 

From a governance (G) and transparency requirement perspective, in both the PG and SG 

categories, “increasing transparency requirements” was consistently ranked among the top factors, 

indicating that clear and secure procedures must be in place to ensure stakeholder confidence in 

electricity trading, subsidy execution, and battery recycling. In the PG category, “policy cooperation 

and regulatory direction changes” and the “development of technical standards and policy 

guidelines” also received significant votes, further emphasizing the importance of coordination 

among governments, private entities, and local communities, as well as the need for well-defined 

regulations. 

In conclusion, during the reselection of uncertainty factors, the experts identified policy 

volatility, economic uncertainty, social acceptance, and governance transparency as core risks and 

opportunities for EV battery-based VPP resource utilization. This suggests that among the broad 

range of uncertainty factors initially identified in the first stage, these factors are key elements with 

the potential to drive widespread changes or trigger cascading effects. 

4.4. Stage 4: Results of Selection of Secondary Uncertainty Factors 

Table 5 presents the results. (For a detailed list, please see Appendix Table A3). 
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Table 5. Results of Selection of Secondary Uncertainty Factors. 

 

As illustrated in Table 5, nine uncertainty factors with high ESG relevance were selected from 

the initially identified 27 factors through the “secondary uncertainty factor selection” process. Total 

scores range from 88 to 120 points, with the “possibility of legal amendments” receiving the highest 

score of 120 points in the PE category. This phase focused on selecting the uncertainties with the 

highest ESG relevance scores for each category without comparing scores across different categories. 

Compared with the initial selection of uncertainty factors, this stage is significant in that it reflects 

detailed changes in priorities and a more concrete emphasis on ESG considerations. 

In the prioritization shift considering ESG relevance, legal and institutional volatility (PE, 

possibility of legal amendments) and economic uncertainty (EE, economic value volatility) remain 

prominent uncertainty factors. Notably, in the social (S) domain, “employment creation potential and 

sustainability” (SS) and “technical education and talent development policies” (PS) achieved 

relatively high scores. This underscores the heightened emphasis on the importance of human 

resources and community from an ESG perspective, particularly in the social (S) dimension. 

Furthermore, reinforcement of the ESG perspective has elevated the significance of social (S) and 

governance (G) elements such as transparency requirements (PG), perception changes (SS), and 

employment creation (SS). This reaffirms the close association between transparent governance and 

social value in advancing EV battery and VPP initiatives. 

In this extended analysis, “continuous marketing investment decisions” (SG) and “technical 

education and talent development” (PS) emerged as top factors, illustrating the concrete importance 

of social engagement and perception improvement strategies beyond mere institutional reforms. 

Additionally, the high evaluation of “sharing economy activation and business model creation 

potential” (ES) in the context of the relationship between economic value volatility and sharing 

economy opportunities suggests increased expectations for new markets and employment 

opportunities from an ESG perspective. In conclusion, both the initial and extended analyses aligned 

with the significance of policy and institutional volatility, economic fluctuations, social consensus, 

and transparent governance. The distinction lies in the clearer and strengthened prioritization of ESG 

factors, particularly within the social (S) and governance (G) dimensions, indicating that the ESG 

perspective has become an essential requirement, rather than a supplementary element, in promoting 

EV battery-based VPP resource development. 

4.5. Stage 5: Results of Final Selection of Uncertainty Factors 

To enhance the quantitative findings of the nine previously identified uncertainty factors, a 

probabilistic analysis was conducted using Monte Carlo simulation. This process involves 

determining the variables and their probability distributions, followed by their selection for 

simulation execution. The simulation results led to the identification of three final uncertainty factors 

that served as the basis for the 2x2 scenario matrix in this study. The subsequent sections provide a 

detailed explanation of the Monte Carlo simulation procedures and their outcomes. 

4.5.1. Steps 1 and 2: Results of Variable Selection and Extraction of Probability Distribution 

Parameters 
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Tables 6 and 7 show the results for variable selection and the extraction of probability 

parameters. For the detailed contents of the nine identified categories, please see Appendix Table A3. 

Table 6. Result of Initial Variable Extraction and Final Variable Selection. 

 

Table 7. Results of Extraction of Probability Distribution Parameters. 

 

As illustrated in Table 6, 51 variables were derived for the nine uncertainty factors, with each 

factor initially associated with four to seven variables. To minimize model complexity and 

unnecessary noise caused by excessive variables while effectively reflecting the key aspects of core 

uncertainties, an additional expert consensus process was conducted. Consequently, three variables 

were selected for each uncertainty factor, resulting in a final set of 27 variables. These final variables 

largely incorporated the fundamental concepts (policy, economy, society, environment, governance, 

etc.) and thematic groups (e.g., legal and institutional changes, market and technological 

uncertainties, social acceptance, transparency, and investment issues) presented in the initial 

variables. Importantly, the final variable set maintained the overall coverage originally intended 

during the initial selection, ensuring that no significant concepts were excluded. Regarding 

employment-related variables, instead of merely addressing “fluctuations in the number of jobs,” the 

final variables were selected with an emphasis on sustainable employment and social benefits, 

reflecting ESG considerations. This suggests that the final variable set encompasses a broad range of 

ESG implications. 

As shown in Table 7, the parameter values for each variable were determined through a 

Consensus Conference among the experts [64]. These parameters were designed to incorporate 

collective intelligence from an expert group, accounting for policy proactiveness, shifts in social 

perception, market competitiveness, and governance elements related to ESG, considering both 

current conditions and future uncertainties [65]. Based on this, Monte Carlo simulations generated 

various scenarios, such as early or delayed legal amendments and different levels of technological 

innovation, allowing for a quantitative assessment of the risks and opportunities associated with EV 

battery-based VPP resource utilization. Furthermore, a combination of binomial, normal, triangular, 

Poisson, discrete, and lognormal distributions was applied to reflect the characteristics and realism 

of each uncertainty factor precisely. For instance, binary distributions were used to model distinct 

occurrences, such as whether a legal amendment took place, while normal distributions were 
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employed for continuous and variable factors, such as the intensity of legal amendments or shifts in 

public perception. Additionally, triangular distributions were used for parameters such as the timing 

of legal amendments, proportion of investment in education budgets, employment growth, and 

marketing effectiveness, facilitating an intuitive analysis during scenario development. 

4.5.3. Steps 3 and 4: Results of Simulation Execution and Final Selection of Uncertainties 

The Python code depicted in Figure 3 facilitated the execution of the Monte Carlo simulations, 

leading to the quantitative outcomes presented in Table 8 and the visual representations illustrated 

in Figure 4. 

 

Figure 3. Python code for “legal amendment potential (PE)”. 
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Figure 4. Visualization of simulation results for “legal amendment potential (PE)”. 

Table 8. Final Result of Simulation. 

 

As shown in Table 8, among the nine uncertainty factors, economic value volatility (EE, 13.37%), 

employment creation potential and sustainability (SS, 10.68%), and increased transparency 

requirements (PG, 8.60%) exhibited the highest standard deviation values in their respective 

domains, and were thus selected as the final uncertainty factors. This indicates that these factors 

demonstrate greater variability than others and are more likely to be sensitive to external 

environmental and policy changes. Although the standard deviation of perception change (E, 11.06%) 

was slightly higher than those of the (S) and (G) factors, this study focused on the scenario design 

based on the “highest standard deviation per ESG category.” Therefore, changes in perception were 
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excluded from the final comparison and selection processes. However, as perception change may 

influence economic value volatility and transparency requirements over the long term, it was 

indirectly considered in the scenario development, even though it was not included as a direct 

simulation variable. 

Factors with high standard deviations exhibit significant individual volatility and interact with 

one another [66]. For example, an increase in economic value volatility (E) may affect employment 

creation potential, sustainability (S), and corporate transparency (G). Therefore, in addition to 

analyzing individual factors, a comprehensive approach that considers the interconnections among 

ESG elements is essential. In conclusion, this study analyzed uncertainty by focusing on the most 

volatile factors in each ESG category. These results suggest that factors with high standard deviations 

may serve as key variables that should be prioritized when formulating ESG policies and strategies. 

Table 9 presents the results of a Monte Carlo simulation executed using a Python-based model. 

Table 9. Result of Sensitivity Analysis. 

 

As shown in Table 9, the parameters for 27 variables were adjusted within a ±10% range from 

their baseline values. The analysis evaluated how these adjustments influenced the probability 

distribution values of the market growth rate simulations, revealing that the standard deviation 

differences remained within 1%. This outcome indicates that the model is robust and maintains stable 

reliability despite parameter adjustments. Through such sensitivity analysis, it is possible to 

quantitatively assess the impact of key model variables on market growth rates and understand the 

extent to which the results fluctuate with variable changes. The standard deviation difference 

remaining within 1% demonstrates that the market growth rate predictions do not exhibit excessive 

volatility in response to minor variable changes, highlighting the model’s resilience to uncertainty. 

The Python code in Figure 5 was designed as an extension of the code in Figure 3 to generate the 

sensitivity evaluation results. Researchers and practitioners can use this automated simulation 

framework to continuously conduct sensitivity assessments. Automation of this evaluation process 

enables rapid result generation and enhances the reliability of the findings through extensive scenario 

testing [67,68]. 
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Figure 5. Python code for adjusting the parameter reference value of “legal amendment potential” variable 

within a ±10% range. 

4.6. Stage 6: Results of 2x2 Scenario Matrix 

To construct a 2×2 scenario matrix, we selected economic value volatility (EE, 13.37%), 

employment creation potential and sustainability (SS, 10.68%), and increased transparency 

requirements (PG, 8.60%) as the final uncertainty factors based on their standard deviations obtained 

from the Monte Carlo simulation. The two factors with the highest standard deviations—

employment creation potential and sustainability (X-axis) and economic value volatility (Y-axis)—

were designated as the principal axes, whereas increased transparency requirements were set as a 

subsidiary factor. 

Figure 6 presents a 2×2 scenario matrix constructed with employment creation potential and 

sustainability on the X-axis and economic value volatility on the Y-axis, with increased transparency 

requirements as a subsidiary factor. The following four scenarios were derived from this matrix: 
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Figure 6. Results of the 2x2 Scenario Matrix. 

Scenario A: This ideal scenario envisions continuous industrial growth facilitated by stable 

policy support and corporate investment. This occurs when proactive government policies align with 

long-term corporate investment commitments. 

Scenario B: In this scenario, while the industrial environment remains stable, advancements in 

technology and automation limit employment opportunities. This highlights the impact of 

automation and innovation on employment within the existing industrial framework. 

Scenario C: Characterized by high market volatility, this scenario perceives active job creation 

driven by technological innovation and the emergence of new business models, indicating that 

uncertain market conditions can foster new opportunities. 

Scenario D: This scenario depicts a situation in which rapid industrial changes, coupled with a 

focus on automation and efficiency, adversely affect the labor market, emphasizing the negative 

impact of automation on employment amid high volatility. 

These four scenarios, derived from the two key axes, provide a framework for analyzing 

potential futures. Detailed interpretations and strategic responses to each scenario are discussed in 

the Discussion section. 

5. Discussion 

This study employed a 2×2 scenario matrix methodology to forecast the future trajectory of the 

EV battery and VPP industries. The analysis centers on two primary uncertainties: economic value 

volatility and employment creation potential, with ESG transparency requirements incorporated as 

a subsidiary variable. The following sections interpret the outcomes derived from each scenario, 

elucidate their significance, and propose the policy implications and strategic responses. 

In Scenario A, the EV battery and VPP industries sustained stable growth, driven by the 

increasing demand for electric vehicles and the global transition to sustainable energy. This scenario 

assumes that strong policy support and long-term corporate investment create a solid foundation for 

industrial expansion [69]. Consequently, there is a growing demand for high-skilled workers in 

battery recycling, operation, and data analytics, reflecting a qualitative improvement in employment 

opportunities rather than simply quantitative growth [70]. This shift contributes to positive social 

spillover effects as industries benefit from a well-trained workforce. Furthermore, high ESG 

transparency requirements encourage companies to systematically disclose ESG data, thus fostering 

long-term corporate value growth and trust building [71]. To capitalize on this favorable scenario, 

governments should leverage low market volatility to promote stable investments in infrastructure 

and technology through policy financing and green bond issuance [72,73]. Additionally, the public 

and private sectors must collaborate on workforce training programs and integrate practical 
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education that aligns with the latest technological trends and ESG standards. Finally, strengthening 

ESG disclosure frameworks and establishing regular stakeholder communication channels are crucial 

to securing long-term trust [74]. 

In Scenario B, the EV battery and VPP industries maintain stable economic value; however, 

automation- and efficiency-driven strategies limit new job creation [75]. Although firms operate in a 

stable market environment, they prioritize cost reduction and productivity enhancement through 

advanced technology and automation, leading to restrained hiring beyond essential personnel. Even 

under high transparency requirements, employment growth remains limited as companies may 

focus on enhancing environmental sustainability and governance structures to maintain public trust 

[76]. Given this scenario, companies must maximize cost efficiency through automation, AI, and big 

data analytics, while selectively hiring a small number of highly skilled specialists [77]. Governments 

and educational institutions should work together to enhance workforce training programs, and 

firms should actively promote ESG initiatives to demonstrate their commitment to sustainability and 

ethical management. 

Scenario C is characterized by high economic value volatility, leading to rapid market expansion 

and a surge in employment creation. Although this volatility can generate significant short-term 

profits, the sustainability of these employment opportunities remains uncertain. Companies may 

adopt flexible workforce strategies, including project-based contracts and partnerships, to manage 

this uncertainty [78]. Given the high transparency requirements, firms must be prepared to address 

the environmental risks and community concerns that may arise during periods of rapid market 

growth. To navigate this high-risk, high-reward environment, firms should diversify their energy 

sector investments, including energy storage systems, renewable energy, and VPP technologies, to 

hedge against volatility. They should also implement flexible hiring structures, allowing them to 

quickly scale up or down as needed. Additionally, regular ESG disclosures and transparent risk 

management processes are essential for maintaining trust among stakeholders. 

Scenario D represents a highly volatile economic environment with intense technological 

competition that severely limits new employment creation. Under these conditions, companies focus 

on cost reduction and efficiency by prioritizing process automation and AI-driven optimization over 

new hiring [79]. Instead of expanding their workforce, firms reallocate existing employees and invest 

in technological advancements. 

Simultaneously, strict ESG transparency requirements force companies to disclose financial and 

ESG performance data regularly, compelling them to adopt alternative corporate social responsibility 

initiatives, such as environmental protection and community engagement, to maintain a positive 

reputation. To withstand extreme market fluctuations, firms must establish rigorous risk 

management and internal control systems to maintain investor confidence [80]. Moreover, 

maximizing the use of AI and automation is essential to ensure cost efficiency and competitiveness. 

Because new employment creation is minimal, firms should focus on enhancing environmental 

performance and social contribution initiatives to strengthen their corporate image and secure long-

term competitiveness. 

Unlike previous studies that primarily focused on short-term technological optimization, this 

study adopted a comprehensive scenario analysis approach that integrates long-term sustainability, 

social acceptance, policy support, and ESG transparency requirements. By defining economic value 

volatility and employment creation potential as core uncertainties and incorporating ESG 

transparency requirements as a secondary factor, this study presents a more holistic perspective on 

the long-term development pathways of the EV battery and VPP industries beyond purely 

technological considerations. 

6. Conclusions 

The findings of this study demonstrate that each scenario provides a multifaceted outlook on 

market growth potential and employment creation, emphasizing not only technological 
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optimization, but also the comprehensive impact of policy and societal factors on industry 

development. By highlighting social responsibility and sustainability, which have often been 

overlooked in previous research, this study clarifies how employment creation and ESG requirements 

interact under various conditions. Consequently, this study offers strategic directions for businesses 

and policymakers to navigate evolving market environments effectively. 

The academic contribution of this study lies in its broader perspective on the future trajectory of 

the EV battery and VPP industries, integrating social and policy factors into a more comprehensive 

analytical framework. This study makes a significant contribution to long-term industry forecasting 

by focusing on economic value and employment creation potential. From a policy perspective, this 

study provides insights into transparency-enhancing policies and workforce development programs 

that offer practical guidance to companies seeking sustainable growth strategies. Furthermore, this 

study employed a mixed-methods approach that combines scenario planning with Monte Carlo 

simulations, thereby supplementing traditional qualitative analyses with quantitative uncertainty 

assessments. By using scenario planning to explore various future pathways and Monte Carlo 

simulations to provide probabilistic analyses of each pathway, this study produced more reliable and 

realistic policy recommendations. This hybrid methodology is particularly effective for 

systematically analyzing uncertainties in complex systems, making it a valuable contribution to 

future applications across diverse industries. 

Despite its contributions, this study had several limitations. First, it does not fully incorporate 

the impact of external variables, such as regulatory changes, geopolitical dynamics, and the pace of 

technological innovation. Future research should expand scenario analysis by integrating 

quantitative models and empirical data to account for these external factors [81,82]. In addition, more 

empirical case studies should be conducted to enhance the practical applicability of these findings to 

industry professionals. This study provides a comprehensive perspective on the development of the 

EV battery and VPP industries, reaffirming the significance of sustainable energy transitions and 

social value creation from an ESG perspective. The findings offer valuable implications for policy 

formulation and corporate strategy, and serve as a foundational reference for future refined research 

in this field. 
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Appendix 

Table A1. Interview questions for initial uncertainty identification. 
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Table A2. Interview questions for initial variable extraction. 

 

Table A3. Results of initial identification of uncertainty factors. 

Categor

y 
# Uncertainty Factors / Concise Expression 

PE 6 

- Potential changes in policies for expanding the utilization of EV batteries / 

Legal amendment potential 

- Linkage with distributed energy resource support policies / Policy linkage 

- Changes in government subsidy policies / Government subsidy policy 

changes 

- Potential changes in EV battery production and waste management 

regulations / Regulatory change potential 

- Linkage with international environmental agreements / International 

agreement linkage 

- Possibility of introducing mandatory renewable energy usage policies linked 

with VPP / Renewable energy mandate 

SE 5 

- Changes in public perception of eco-friendly energy sources, such as EV 

batteries / Perception changes 

- The gap between expected and actual environmental benefits of VPP / 

Expectation vs. actual effect 
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- Changes in methods for assessing the environmental contribution of EV 

batteries and VPP systems / Assessment method changes 

- Perceptions of environmental impacts from the expansion of EV battery 

recycling facilities / Recycling facility expansion impact 

- Potential community opposition to VPP and EV battery utilization / 

Community opposition 

EE 6 

- Economic value volatility of EV batteries and VPP / Economic value volatility 

- Changes in subsidies and tax incentives related to distributed energy resource 

/ Subsidy and tax incentive changes 

- Changes in investment costs per unit of environmental improvement / 

Investment cost changes 

- Changes in cost structure due to fluctuations in raw material prices (e.g., 

lithium, cobalt) for batteries / Raw material price fluctuations 

- Economic value of technologies improving battery energy storage efficiency / 

Economic value of energy storage efficiency technologies 

- Economic growth potential of the battery recycling market / Recycling market 

growth potential 

PS 5 

- Changes in legal regulations for VPP and energy resource management / Legal 

regulation changes 

- Policies for community engagement and conflict resolution in the 

development of EV battery and VPP infrastructure / Community engagement and 

conflict resolution policies 

- Educational policies for technical training and workforce development related 

to EV batteries and VPP / Technical education and workforce development policies 

- Whether to mandate educational programs related to VPP and EV batteries / 

Mandating educational programs 

- Provision of financial incentives to promote community participation / 

Financial incentive provision 

SS 6 

- Employment creation potential and sustainability due to EV battery recycling 

and VPP, and the sustainability of such employment / Employment creation 

potential and sustainability 

- Changes in trust regarding EV batteries and VPP systems / Reliability changes 

- Shifts in perception of technologies related to VPP and EV batteries / 

Technology perception changes 

- Concerns regarding the expansion of EV battery-based infrastructure / 

Concerns about infrastructure expansion 

- Social inequality in access to technology related to VPP and EV batteries / 

Social inequality in technology access 

- Intergenerational differences in perceptions of renewable energy resource 

technologies / Intergenerational perception differences 

ES 4 

- Potential for activating the sharing economy and creating new business 

models through VPP / Activation of sharing economy and potential for business 

model innovation 

- Economic value of new job categories related to VPP and EV batteries / 

Economic value of new job categories 

- Creation and diversification of local economic business models linked with 

VPP and EV batteries / Local economic business model creation and diversification 

- Volatility in service pricing for VPP and EV batteries / Service pricing 

volatility 

PG 4 

- Increased demand for transparency in pricing and transactions between 

consumers and energy providers in VPP and EV battery utilization / Increased 

transparency requirements 

- Changes in collaboration and regulatory direction between policymakers and 

government agencies / Policy collaboration and regulatory direction changes 

- Development of technical standards and policy guidelines for VPP and EV 

battery utilization / Technical standards and policy guidelines development 

- Introduction of regulatory sandboxes for the VPP and EV battery industries / 

Regulatory sandbox introduction 
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SG 5 

- Ensuring transparency and strengthening relevant regulations / Transparency 

and regulatory strengthening 

- The need for specific measures to enhance stakeholder trust and the potential 

for conflicts / Stakeholder trust enhancement and conflict potential 

- The need for continuous marketing investment to encourage participation / 

Sustained marketing investment 

- Increasing demand from consumers and investors for the disclosure of ESG 

performance / Demand for ESG performance disclosure 

- Enforcing environmental responsibility in the use of VPP and batteries / 

Strengthening environmental responsibility in VPP and battery use 

EG 5 

- The need for sustainable investment to achieve ESG goals and the volatility of 

capital inflows / Need for sustainable investment and capital influx volatility 

- Potential changes in financial regulations and support programs related to 

ESG investment / ESG investment-related financial regulations and support program 

changes 

- Whether to establish a collaborative framework between public and private 

investment institutions / Public-private investment institution collaboration 

framework 

- Changes in performance evaluation metrics related to ESG investment / ESG 

investment performance evaluation metrics changes 

- Diversification of financing models related to VPP and batteries / VPP and 

battery financing model diversification 

Table A4. Results of selection of primary uncertainty factors. 

 

Table A5. Results of selection of secondary uncertainty factors. 
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Table A6. Result of initial variable extraction and final variable selection. 

 

Table 7. Results of extraction of probability distribution parameters. 
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Uncertainty Variable 

Probability 

Distributio

n 

Parameters 

(PE) Legal 

amendment 

potential  

Legal 

amendment 

potential 

Binomial 

Distributio

n 

 Value: 0 (No legal amendment), 1 (Legal amendment present) 

 Probability: 

- Legal amendment present: 80% 

- No legal amendment: 20% 

Intensity of 

legal 

amendments 

Normal 

Distributio

n 

 Value: The intensity of the legal amendment’s impact on the 

scope of EV battery utilization is set between 0 and 100%. 

 Mean: 80% (Indicating the expectation of active policy 

implementation) 

 Standard deviation: 15% (Reflecting the potential for higher or 

lower policy intensity) 

Timing of 

legal 

amendments 

Triangular 

Distributio

n 

 Value: The timing of the legal amendment (1 to 5 years) 

- Minimum value: 1 year | Mode: 3 years | Maximum value: 5 

years  

(SE) 

Perception 

changes  

Changes in 

public 

perception 

Normal 

Distributio

n 

 Value: 0 to 100% (0 indicates no change in perception, 100 

indicates a very high rate of change) 

- Mean: 50% (Indicating an expected moderate level of 

perception change) 

- Standard deviation: 20% (Reflecting the variability in the rate 

of perception change)  
Changes in 

public trust 

index 

Normal 

Distributio

n 

 Mean: 50% (Indicating a moderate level of confidence) 

 Standard deviation: 20% 

 Range: 0 to 100% 

Increase in 

technology 

adoption rate 

due to 

changes in 

perception 

Triangular 

Distributio

n 

 Low perception change (0-30%): Minimum value: 3%, Mode: 

7%, Maximum value: 10% 

 Moderate perception change (30-70%): Minimum value: 7%, 

Mode: 15%, Maximum value: 20% 

 High perception change (70-100%): Minimum value: 15%, 

Mode: 25%, Maximum value: 35% 

(EE) 

Economic 

value 

volatility 

Intensity of 

competition 

Normal 

Distributio

n 

 Mean: 50% (Indicating a moderate level of competitive 

intensity) 

 Standard deviation: 20% (Reflecting the variability in 

competitive intensity) 

 Range: 0 to 100% 

Policy support 

Discrete 

Probability 

Distributio

n 

 0 (No support): 30% 

 50 (Moderate support): 50% 

 100 (Strong support): 20% 

Level of 

technological 

innovation 

Triangular 

Distributio

n 

 Minimum value: 10% (Low level of innovation) 

 Mode: 30% (Average level of innovation) 

 Maximum value: 50% (High level of innovation) 

(PS) 

Technical 

education 

and 

workforce 

development 

policies  

Expansion of 

technical 

education 

programs 

Binomial 

Distributio

n 

 Value: 0 (No expansion), 1 (Expansion present) 

 Probability distribution: 

- Expansion present: 70% (Reflecting the trends of energy 

transition policies and strengthened ESG focus) 

- No expansion: 30% 

Quality of 

educational 

programs 

Normal 

Distributio

n 

 Value: The qualitative level of the educational program is set 

between 0% and 100%. 

 Probability distribution: 

- Mean: 65% (Indicating an expected above-average qualitative 

level) 

- Standard deviation: 15% (Reflecting the variability in the 

operational capabilities of different educational institutions)  

Investment 

ratio in 

Triangular 

Distributio

n 

 Value: The proportion (%) of the energy-related education 

budget allocated to VPP and EV battery technology training 

 Probability distribution: 
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educational 

budgets 

- Minimum value: 5% (Early stage) 

- Mode: 15% (Mid-level, policy implementation) 

- Maximum value: 25% (Budget expansion under strong policy 

support)  

(SS) 

Employment 

creation 

potential 

and 

sustainabilit

y 

Government 

employment 

subsidy 

support 

Triangular 

Distributio

n 

 Minimum value: 0% (No subsidy policy applied) 

 Mode: 50% (Moderate level of policy intervention – Stable 

industry support) 

 Maximum value: 100% (Comprehensive support – Promotion 

of large-scale industry growth) 

Sustainability 

of 

employment 

Normal 

Distributio

n 

 Value: Employment sustainability is set between 0% and 100% 

(0: very low, 100: very high) 

 Mean: 65% (Reflecting the continuous demand in the VPP and 

EV battery industries) 

 Standard deviation: 20% (Reflecting uncertainty due to 

industry growth and policy changes) 

Employment 

growth 

Triangular 

Distributio

n 

 Low sustainability (≤ 50%): Minimum: -2%, Mode: 0%, 

Maximum: 2% 

 Moderate sustainability (50-80%): Minimum: 2%, Mode: 5%, 

Maximum: 7% 

 High sustainability (≥ 80%): Minimum: 5%, Mode: 12%, 

Maximum: 18% 

(ES) 

Activation of 

sharing 

economy 

and 

potential for 

business 

model 

innovation 

Number of 

business 

models 

Poisson 

Distributio

n 

 Mean (λ): 5 (Assuming 5 new business models are introduced 

on average per year) 

 Range: 

- Minimum value: 0 (Indicating no models are likely to be 

created) 

- Maximum value: 15 (In case of active creation activities)  
Growth rate of 

the sharing 

economy’s 

revenue 

Normal 

Distributio

n 

 Mean: 10% (Annual average revenue growth rate) 

 Standard deviation: 5% (Reflecting market volatility) 

 Range: 0 to 30% 

Participation 

rate of 

startups and 

emerging 

companies 

Triangular 

Distributio

n 

 Minimum value: 10% (Low participation rate in the early 

stage) 

 Mode: 40% (Average participation rate) 

 Maximum value: 70% (High participation rate) 

 Range: 10% to 70% 

(PG) 

Increased 

transparency 

requirement

s 

Level of 

transparency 

requirements 

Normal 

Distributio

n 

 Value: 0 to 100% (0 indicates no demand, 100% indicates very 

high demand) 

 Mean: 70% (Reflecting the current high level of transparency 

requirements) 

 Standard deviation: 20% (Reflecting the variability in the 

demand level) 

Rate of 

transparency 

requirement 

fulfillment 

Triangular 

Distributio

n 

 Value: The percentage (0-100%) of transparency requirements 

met by the company 

 Distribution: 

- Minimum value: 30% (Difficult to meet due to technical and 

financial limitations) 

- Mode: 60% (Average level of response by typical companies) 

- Maximum value: 80% (Proactive compliance by leading 

companies)  

Cost of 

regulatory 

compliance 

Triangular 

Distributio

n 

 Minimum value: 1% (Low regulation and minimal costs) 

 Mode: 5% (Typical level of regulatory compliance costs) 

 Maximum value: 10% (High costs resulting from strengthened 

regulatory enforcement) 

(SG) 

Sustained 

marketing 

investment 

Marketing 

investments 

Binomial 

Distributio

n 

 Value: 0 (No investment), 1 (Investment executed) 

 Probability: 

- Investment executed: 70% (Reflecting high initial market 

interest in EV batteries and VPP) 
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- No investment: 30%  

Customer 

conversion 

rate 

Triangular 

Distributio

n 

 When marketing investment is 0 (No investment): 

- Minimum value (left) = 1% / Mode (mode) = 3% / Maximum 

value (right) = 5% 

 When marketing investment is 1 (Investment made): 

- Minimum value (left) = 5% / Mode (mode) = 10% / Maximum 

value (right) = 15% 

Marketing 

effectiveness 

Triangular 

Distributio

n 

 When marketing investment is 0 (No investment): 

- Minimum value (left) = 5% / Mode (mode) = 7% / Maximum 

value (right) = 10% 

 When marketing investment is 1 (Investment made): 

- Minimum value (left) = 10% / Mode (mode) = 20% / Maximum 

value (right) = 30% 

(EG) Need 

for 

sustainable 

investment 

and capital 

influx 

volatility 

Achievement 

rate of ESG 

goals 

Triangular 

Distributio

n 

 Minimum value: 20% (Low ESG achievement rate) 

 Mode: 50% (Moderate level of goal achievement) 

 Maximum value: 80% (High ESG goal achievement rate) 

 Range: 20% to 80% 

Private capital 

inflow ratio 

Normal 

Distributio

n 

 Mean: 40% (Proportion of total investment accounted for by 

private capital) 

 Standard deviation: 10% (Reflecting economic and market 

volatility) 

 Range: 10% to 70% (To prevent extreme scenarios) 

Investment 

payback 

period 

Log-

Normal 

Distributio

n 

 Mean (Median): 5 years (Typical investment payback period) 

 Standard deviation: 1.825 years (Reflecting volatility) 

 Range: 2 years to 15 years (Including extreme scenarios) 
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