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Abstract 

Digital transformation, as an undeniable necessity in the current era, plays a key role in the competitiveness and development 

of e-businesses. This research aims to design a hybrid digital transformation model combining Artificial Intelligence (AI) 

and System Dynamics (SD) to help companies like Digikala achieve sustainable competitive advantage by optimizing 

business processes, improving customer experience, and increasing organizational flexibility. This study is applied in terms 

of objective and descriptive-analytical in terms of method. Data were collected through interviews with Digikala experts, 

organizational document review, and examination of implemented AI systems. In the modeling phase, system dynamics was 

used to simulate the interaction of key digital transformation factors, and artificial intelligence (including machine learning 

and natural language processing) was used to analyze big data and predict market trends. The combination of these two 

methods allowed for the design of a dynamic and intelligent model. The implementation of the proposed model showed that 

integrating AI and system dynamics leads to improved strategic decision-making through more accurate demand forecasting 

and identification of customer behavioral patterns, reduced operational costs by using intelligent process automation, 

increased customer satisfaction due to personalized services and faster responsiveness, and higher flexibility in facing market 

changes by using scenario simulations. This model can be used as a framework for other e-businesses to accelerate digital 

transformation. 
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1. Introduction 

Digital transformation has evolved from a peripheral 

strategic initiative to a core determinant of organizational 

survival and competitive sustainability. Contemporary 

scholarship consistently frames digital transformation as a 

multidimensional process encompassing technological 

integration, organizational restructuring, and business model 

innovation [1, 2]. Rather than merely digitizing existing 

processes, digital transformation entails fundamental 

reconfiguration of value creation logic, customer interaction 

mechanisms, and ecosystem positioning [3]. This shift has 

accelerated under the pressure of global competition, 

technological turbulence, and rapidly evolving consumer 

expectations. As organizations navigate this transformation, 

the interplay between digital strategy, organizational 

innovation, and performance outcomes becomes 

increasingly central [4]. 

Recent analyses highlight that digital transformation is 

not confined to a single sector but spans manufacturing, 

services, education, public governance, and e-business 

ecosystems [5, 6]. Industry 4.0 paradigms have redefined 

production and logistics systems through cyber-physical 

integration and smart factory concepts [7, 8]. 

Simultaneously, service-oriented sectors are integrating 

data-driven personalization and platform-based value 

networks [9]. At the strategic level, digital transformation is 

increasingly conceptualized as a pathway toward sustainable 

value creation. It involves coordinated changes in digital 

infrastructure, governance mechanisms, leadership 
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paradigms, and ecosystem collaboration [10]. The literature 

further suggests that digital transformation maturity is 

influenced by the alignment between organizational 

capabilities and technological investments [11]. Failure to 

achieve such alignment frequently results in 

underperformance or stalled initiatives, emphasizing the 

necessity of integrated and adaptive transformation models. 

Artificial Intelligence (AI) has emerged as a catalytic 

force within this broader transformation landscape. AI-

enabled systems—ranging from machine learning 

algorithms and predictive analytics to natural language 

processing—enable organizations to leverage big data for 

enhanced decision-making and operational optimization [12, 

13]. In e-business contexts, AI supports personalization 

engines, recommender systems, intelligent logistics, and 

dynamic pricing mechanisms, thereby directly influencing 

customer experience and profitability. However, despite its 

transformative potential, AI implementation remains uneven 

and frequently challenged by organizational readiness, 

governance issues, and cultural resistance [2, 14]. 

Empirical studies indicate that many digital 

transformation initiatives fail to meet expectations, often due 

to insufficient integration of advanced analytics and strategic 

oversight [15]. The absence of comprehensive frameworks 

linking AI capabilities with organizational structures and 

dynamic feedback mechanisms contributes to this high 

failure rate. Moreover, organizations frequently 

underestimate the socio-technical complexity of 

transformation processes [16]. Digital change is not merely 

technological; it encompasses shifts in human capital, 

leadership behavior, ethical governance, and cultural norms 

[17]. 

In e-business environments, these complexities are 

magnified. Platform-based firms operate within rapidly 

fluctuating ecosystems characterized by data intensity, real-

time customer interaction, and supply chain volatility. 

Digital infrastructure, customer-centric analytics, and agile 

leadership are not optional but foundational [1]. 

Nevertheless, the integration of AI into such ecosystems 

requires a systemic understanding of feedback loops, 

resource dependencies, and long-term performance 

dynamics.  

System Dynamics (SD) offers a powerful analytical lens 

for modeling complex systems characterized by feedback 

structures and delayed causal relationships. Although widely 

applied in industrial and policy contexts, its integration with 

AI-driven digital transformation frameworks remains 

underexplored. The manufacturing and Industry 4.0 

literature emphasizes the importance of dynamic modeling 

in understanding production systems [5, 7]. Yet, limited 

research has extended this approach to AI-enabled e-

business transformation. Bridging this gap is critical for 

developing predictive and adaptive transformation models 

capable of simulating strategic scenarios and assessing long-

term outcomes. 

Digital leadership plays a pivotal role in orchestrating 

such transformations. Leadership capability determines the 

organization's ability to align technology investments with 

strategic vision, manage cultural change, and foster 

innovation ecosystems [18]. Digital maturity frameworks 

underscore that leadership commitment and strategic 

coherence are essential enablers of successful 

transformation [19, 20]. Without these capabilities, 

technological investments may generate operational 

complexity rather than competitive advantage. 

Customer experience, another central dimension, 

increasingly depends on AI-enabled personalization and 

real-time analytics. Studies demonstrate that digital 

technologies contribute to firm performance through 

mediating variables such as organizational innovation and 

strategic alignment [4]. The integration of smart supply 

chains, predictive logistics, and data governance 

mechanisms further enhances responsiveness and efficiency 

[8]. However, these benefits are contingent upon secure data 

management practices and ethical governance frameworks 

[21]. The sustainability dimension of digital transformation 

has also gained prominence. Organizations are expected to 

integrate digital innovation with environmental and social 

responsibility objectives [22]. Whole-institution 

perspectives emphasize transformative learning and 

organizational adaptability as prerequisites for sustainable 

digital ecosystems [19]. In parallel, regulatory and 

normative frameworks concerning AI and digital 

governance continue to evolve, particularly in relation to 

data protection and human rights [20]. 

Despite the expanding body of research, significant gaps 

remain. First, existing studies often treat AI adoption and 

digital transformation as parallel processes rather than 

interdependent components within a dynamic system [6]. 

Second, the majority of empirical investigations focus on 

sector-specific applications without developing integrative 

cross-sectoral models [2]. Third, methodological approaches 

frequently lack dynamic simulation capabilities capable of 

modeling long-term systemic effects [11]. 

Furthermore, many organizations in emerging digital 

ecosystems face contextual challenges such as limited 
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technological infrastructure, resource constraints, and 

insufficient AI literacy [14]. These factors reduce the 

transferability of findings derived from advanced 

economies. Consequently, there is a pressing need for 

context-sensitive frameworks capable of capturing both 

technological and organizational determinants of AI-driven 

digital transformation [10]. 

The hybridization of AI and System Dynamics provides 

a promising avenue for addressing these gaps. AI contributes 

predictive and analytical intelligence, while SD captures 

structural feedback mechanisms and time-dependent effects. 

Together, they enable organizations to simulate alternative 

strategic scenarios, evaluate investment trade-offs, and 

anticipate unintended consequences. Such an integrative 

approach aligns with multidisciplinary calls for 

comprehensive digital transformation research agendas [1, 

2]. In e-businesses specifically, where data-driven 

operations and rapid scalability are intrinsic, hybrid 

modeling can facilitate improved demand forecasting, 

intelligent automation, dynamic inventory management, and 

enhanced customer personalization. By incorporating digital 

infrastructure readiness indicators and strategic alignment 

variables, the model can reflect both technological and 

managerial dimensions [3, 23]. Moreover, embedding 

ethical AI governance and auditing considerations ensures 

compliance and sustainability in digital operations [21]. 

Overall, the convergence of digital transformation theory, 

AI innovation, and dynamic systems modeling represents a 

critical frontier in contemporary management research. By 

synthesizing insights from strategic management, 

information systems, industrial engineering, and governance 

studies [18, 20], scholars can develop robust frameworks 

capable of guiding organizations through complex 

transformation trajectories.  

Accordingly, the aim of this study is to identify and model 

the main dimensions and interrelationships of a hybrid 

digital transformation framework based on Artificial 

Intelligence and System Dynamics in e-businesses. 

2. Methodology 

By using meta-synthesis, articles related to the research 

topic will be extracted, and the desired concepts will be 

derived from them. In this research, the seven-step method 

of Sandelowski and Barroso was used due to its greater 

optimization and the increased attention given to it in 

previous studies. Margaret Sandelowski and Julie Barroso 

published a book titled "Qualitative Synthesis" in 2007, 

aiming to guide researchers in the field of meta-synthesis. 

This book outlines seven steps for meta-synthesis: 1. 

Formulating the research question, 2. Systematically 

reviewing the literature, 3. Searching for and selecting 

appropriate studies, 4. Extracting data from studies, 5. 

Analyzing and synthesizing qualitative findings, 6. Quality 

control, and 7. Presenting the findings. 

In the meta-synthesis section, the research literature from 

the past 10 years will be reviewed, and relevant indicators 

will be extracted. 

Therefore, the statistical population of this research 

includes scientific-research and scientific-promotional 

articles available on the dimensions of digital transformation 

within the period of January 2013 – January 2023 for 

English. 

 

Figure 1. Summary of the article screening process 

 

Total number of articles obtained: 1014 

Articles whose titles are approved: 654 

Articles whose abstracts are approved: 410 

Number of articles by research method: 255 

 

Articles rejected due to title: 360 

Articles rejected due to abstract: 244 

Articles rejected due to content: 155 

Number of articles by research method: 205 

Total final articles: 50 
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3. Findings and Results 

In this stage, three steps were performed: open coding 

(coding and tabulating data), axial coding (re-identifying 

concepts and their relationships), and selective coding 

(analyzing concepts). Accordingly, in open coding, Glaser's 

method was used, and initially, all key factors extracted from 

the studies were considered as codes. Then, by considering 

the concepts of the codes, a comparison was made, and 

categorization was performed based on commonalities. 

Table 1. Data Combination 

Selected Code Axial coding 

Digital Infrastructure Access speed 

Low access cost 

Equipment capacity 

Access range 

AI-Powered Technologies AI chatbots 

Recommender system 

Smart content generation 

Smart Internet of Things 

Smart robotics and automation 

Customer Experience Personalization 

New technologies 

Trust and transparency 

Multi-channel interaction 

Emotional interaction 

Innovation in experience 

Speed and efficiency 

After-sales service 

Data-Driven Management and Decision Making Real-time data analysis 

Data production processes 

Data governance 

Predictive analysis 

Digital Leadership Digital vision and strategy 

Digital culture and organizational change 

Digital security and ethics 

Technological agility 

Data Privacy Protection of sensitive data 

Confidentiality preservation 

Secure data management practices 

Data regulations 

Smart Supply Chain Smart demand forecasting 

Real-time tracking 

Automated and smart logistics 

Dynamic inventory management 

Smart suppliers 

 

Description of the Structure and Equations of the 

Digital Transformation System Dynamics Model 

To analyze the dynamics of AI-driven digital 

transformation in e-businesses, with a case study of Digikala 

company, a System Dynamics model has been developed 

using Vensim software. This model aims to simulate the 

complex interactions between key components of digital 

transformation, including digital infrastructure, AI 

technologies, customer experience, and smart supply chain. 

This section describes the model's structure, key variables, 

feedback loops, and main equations to provide a clear 

framework for subsequent analyses. 

Model Structure 

The system dynamics model consists of a set of stock, 

flow, and auxiliary variables that simulate the system's 

behavior over a period of 0 to 100 months. Stock variables 

represent the system's states over time, while flow variables 

determine the changes in these states. The model includes 

time delays and reinforcing and balancing feedback loops 

that represent the dynamic interactions between 
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components. This structure allows for the examination of the 

long-term effects of strategic decisions, such as investments 

in AI technologies or digital infrastructure. 

The proposed model is designed based on four main 

digital transformation infrastructures: 

1. Technology Infrastructure: Includes AI technologies 

(such as recommender systems, chatbots, and intelligent 

automation) and digital infrastructure. 

2. Operational Infrastructure: Includes smart supply chain 

and optimized inventory management. 

3. Customer-Centric Infrastructure: Includes customer 

experience and attracting loyal users. 

4. Strategic Infrastructure: Includes digital leadership, 

digital culture, and data-driven decision-making. 

These infrastructures are interconnected through 

feedback loops and dynamic equations, which allow for the 

simulation of their mutual effects. For example, increased 

investment in AI can improve the quality of AI systems, 

which in turn enhances customer experience and ultimately 

increases revenue. 

 

Figure 2. Dynamic Model of Digital Transformation 

 

Digital

Infrastructure

LevelInfrastructure
Improvement

Infrastructure
Degradation

+

Degradation Rate

+

Upgrade delay

Invest to Imp F

Invest in Infrast

Pres on HR

+
Pressure Factor

Training Need

+

+

Training Need

Factor

+

Increased Technology

Complexity

+

+

Complexity Factor

+

Revenue
Initial Infrast Imp

Active
Users
CountUser Acquisition User Churn

User Churn

Potential

+

User Satisfaction

-

+

UserAcqPot

+

Chatbot Imp User

Acq F

+
+

UserAcqDelay

+
Chatbot

+

AI

Technologies

LevelAI Technology
Development

AI Technology
Obsolescence

+

AIObsRate

+

InvestInAI
Infrast Quality on

AI Develop F

AIDevelopDelay

+

+

Digital Infrastructure

Quality

+

InvestAI F
AI User

Satisfaction SatisAI Invest F

InvestDelayAI

++
+

InitialAIInvest

+

AISystemQuality

+

Recommendation
Systems Smart Automation

+
+

+

+

+
+

-

AI User

Adoption

LevelAI User Adoption
Increase

+
AI User Adoption

Decrease

AIUserChurnPotential PressAI Adopt F

+ -

+

AIUserAdopt

Delay
AIUserAdopt

Potential

+

+
+

+

Conversion Factor

+

Data-Driven

Management

Level
Data-Driven Management

DeclineData-Driven Management
Improvement

DataManagDecRate

+

+

InvestIn D-D

Data ManagImpF

Delay In Imp D-D

Manag

+ +Invest D-D F

+

+

+

+

Loyal

Customers

CountLoyal Customer
Acquisition

Loyal Customer
Churn

+

Loyalty Decrease

Potential

+

Loyalty Increase

Potential

Loyalty change

delay

+

-

Customer

Experience

Level
Customer Experience

Improvement Customer

Experience Decline

CX Decline Rate

+

+

CX imp delay

-

Core CX

Investment Effect

Digital CX

Enablers
CX Improvement

Factor

+

+ +

deleyed proposed

invest

CX Investment

Efficiency + + +

+

+

Conversion to

Loyalty Factor

+

AI Loyalty

Conversion Rate

+

Initial Loyal

Customer Acquisition

-+

Unit Converter

+

converter F

Time Adjuster

+

Tech Impact

Factor

+

Month Adjuster

+

Decision

Quality
Decision Quality

Increase
Decision Quality

Decrease

Decision Quality

Decrease Rate

+

+

Decision Quality

Increase Factor

+

+

Organizational

Commitment

Level

+
Organizational

Commitment Increase
Organizational

Commitment Decrease

+

Organizational
Commitment Decrease

Rate

+

Organizational
Commitment Increase

Factor

+

Digital

Leadership

LevelDigital Leadership
Reinforcement

Digital Leadership
Weakening

Digital Leader

Weak Rate

+

+

Digital Security

and Ethics

+

Investment in Digital

Leadership

+

Digital Leader

Reinforc Factor

+

Technology Agility

+

+

Data Security

and Privacy

Level
Data Security
Reinforcement Data Security

Weakening

Data Security

Weakening Rate

+

+

Investment in Data

Security

Data Security

Reinforce F

+

Secure Data Practices

+

+

+

Data Driven

Decision Quality

Leadership

Conversion Factor

+ +

Tech Agility

Conversion Factor

+

+

+

Investment to Digital

Leadership Factor

+

+

Data Quality Index
+

Analytical

Capability

+
+

Investment In

Security Factor

+

+
+

+

Security Investment

Efficiency

+

Month Adjuster1

+

Month Adjuster2

+

Customer
and

Employee
Trust

Trust Increase Trust Decrease

Trust Decrease

Rate

+

Trust Increase

Factor

+
+

+

Smart Supply

Chain

Efficiency

LevelSmart Supply Chain
Improvement

Supply Chain
Efficiency Decline

-

Supply Chain

Efficiency Decline Rate

+

Investment in Smart

Supply Chain

+

Supply Chain

Improvement Factor

+

Smart Demand
Forecasting

SC Imp Delay

Ini Imp Rate

Invest SSC Factor

+

+

Invest Delay
+

Reference

Investment

+

Reference

Customers

+

Month Adjuster6

+

+ +

+

+

Optimal

InventoryOptimal Inventory
Increase

Optimal Inventory
Decrease+

Inventory Increase

Factor

+

+

Optimal Inven

Delay

+

+

Optimal Inventory

Decrease Rate

+

Revenue From Supply

Chain Factor

Company

Performance

Operational

Efficiency

+

Financial

Performance

+

Innovation Index

+

Employee

Satisfaction

+

Month Adjuster10

Initial User

Acquisition

+

Initial CX

Improvement

+

Digital Culture
and Change

LevelDigital Culture

Reinforcement
Digital Culture

Erosion

Digital Culture

Erosion Rate

+

+

+

+
+

Costs

+
+

+

+

+
+

+

usdconverter

deleycost

InitialCase

+

+

AI Develop F

+

Ecosystem

Integration

LevelEcosystem Integration
Increase Ecosystem Integration

Degradation

Integration

Degradation Rate

+

+

Investment in Strategic

Collaboration

Collaboration

Factor

+

+

+

+

Carbon Footprint

ReductionSustainability

Improvement
Carbon Increase

from Operations

Carbon Emission

Rate

+

+

Investment in

Sustainability

+

Sustainability

Factor

+

Green Logistics

Efficiency

+

Automated Smart

Logistics

+

AI Logistics

Impact Factor
+

++

Initial Automated

Logistics
Logistics

Integration Delay

+

+
Sustainability

Index

+

+

+ +

+

+

Strategic

Collaborations

Collaboration

Efficiency

+

+

straDelay

+

iniFactor

+

Carbon Footprint

reference

++

Carbon
Credit
Price

Inf reference

+

AUSF

LSF

MUP
+

+

MLC
+

+

+

Sustainability Rate

+

+

Proposed

Investment

+

Investment in

Customer Experience

ProposINVES

deleyProINV

prinves delayprinves

initialprinves

prinvesDeley

prinvescoef

delay leadership

InitialInvesD-D

InvesSecurDelay

InvesSustainDelay

Growth Multiplier

Previous Revenue

Initial Revenue



Bejani et al. 

 6 

Designing Scenarios Based on Management and 

Digital Transformation Theories 

The proposed scenarios for simulating and analyzing the 

dynamics of Digikala's digital transformation model are 

designed based on prominent theoretical frameworks in the 

field of management and digital transformation. These 

frameworks include Dynamic Capabilities Theory, Digital 

Maturity Model, and Strategic Alignment Theory, each 

addressing different aspects of organizational transformation 

and adaptation to a dynamic environment. 

- Dynamic Capabilities Theory: Developed by Teece et 

al. (1997), this theory emphasizes organizations' ability to 

integrate, build, and reconfigure resources and capabilities 

in the face of rapid environmental changes. Within this 

framework, dynamic capabilities include sensing, seizing, 

and transforming, which enable organizations to create 

sustainable competitive advantage. This theory is suitable 

for scenarios focusing on innovation, automation, and 

process optimization. 

- Digital Maturity Model: This model, introduced by 

Westerman et al. (2014), categorizes organizations based on 

their stages of digital transformation (initial, developing, and 

mature). This framework emphasizes the importance of 

integrating technology, digital culture, and operational 

processes to achieve digital maturity. The Digital Maturity 

Model applies to scenarios that examine different stages of 

organizational growth (from defensive adaptation to 

transformative innovation). 

- Strategic Alignment Theory: This theory, presented 

by Henderson and Venkatraman (1993), focuses on the 

alignment between business and information technology 

strategies. This framework examines four dimensions of 

alignment (business strategy, technology infrastructure, 

processes, and skills) and is suitable for scenarios that 

emphasize coordinating technology investments with 

organizational goals or adapting to external pressures. 

By considering these theories as a basis for scenario 

design, the behavior of Digikala's digital transformation 

system under various conditions, taking into account 

feedback loops and key variables, is analyzed. 

Proposed Scenario 

❖ Scenario: Strengthening Digital Leadership 

Against Competition 

The "Strengthening Digital Leadership Against 

Competition" scenario is designed to enhance the 

organization's ability to respond to environmental and 

competitive pressures. In this scenario, the main policy 

focuses on gradually increasing investment in digital 

leadership, improving the efficiency of strategic 

collaborations, and strengthening organizational 

commitment. 

These policies are directly aligned with the identified 

reinforcing feedback loops (especially those related to 

digital leadership, strategic collaborations, and 

organizational performance) and are expected to activate the 

system's growth engine in the medium term. 

o Simulation Results 

The simulation results of the system dynamics model 

over four years (years 1 to 4) indicate that implementing this 

scenario leads to a significant improvement in most key 

system variables. A summary of the changes is presented in 

Table (2). Additionally, figures below show comparative 

graphs of the baseline and the scenario of strengthening 

digital leadership against competition for variables such as 

revenue, digital leadership level, strategic collaborations, 

customer experience level, and pressure on human 

resources. 

Table 2. Simulation results for the digital leadership strengthening scenario against competition 

Variable Year 0 Year 1 Year 2 Year 3 Year 4 Rate of Change 

Revenue 55 100 111.82 126.16 142.33 %42.33 + 

Digital Leadership Level 65 64.16 72.49 82.34 90.90 %41.68 + 

Strategic Partnerships 55 68.75 75.63 136.45 147.57 %114.65 + 

Customer Experience Level 50 47.50 52.52 57.13 59.77 %25.83 + 

Pressure on Human 

Resources 
44.6 81 83 85.16 89.35 %10.31 + 
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Figure 3. Comparative chart of the baseline scenario with the digital leadership strengthening scenario against competition in the revenue 

variable 

 

 

Figure 4. Comparative diagram of the baseline scenario with the scenario in the digital leadership level variable 

 

 

Figure 5. Comparison chart of baseline state with scenario in customer experience level variable 
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Figure 6. Comparative diagram of baseline versus scenario in the human resources pressure variable 

 

 

Figure 7. Comparative diagram of the baseline scenario with the scenario in the strategic cooperation variable 

 

o Dynamic Behavior Analysis of Variables 

 

1.  Revenue Analysis 

The organization's revenue in this scenario increases from 

100 units in the base year to 142.33 units in the fourth year, 

indicating a cumulative growth of 42.33%. The revenue 

growth pattern has been approximately 12 to 13%. 

This behavior indicates the activation of a classic 

reinforcing feedback loop: 

2. Digital Leadership Level 

The digital leadership level reaches 90.9 units in the 

fourth year, with a growth of nearly 42%. This increase 

shows that the gradual investment policy has led to the 

accumulation of digital management capabilities and guides 

the organization to higher levels of digital maturity. From a 

systems dynamics perspective, digital leadership plays the 

role of a leverage variable, whose effect is indirectly 

amplified in other variables (revenue and collaborations). 

3. Strategic Collaborations 

Strategic collaborations experience the highest growth 

rate in this scenario (+114.65%). The sharp jump in this 

variable, especially in the third year, indicates the system 

crossing a threshold point where improved digital leadership 

and ecosystem trust lead to the rapid development of the 

collaboration network. 

 

Increase → 𝐼𝑛𝑐𝑟𝑒𝑎𝑠𝑒𝑑 𝑟𝑒𝑣𝑒𝑛𝑢𝑒 → 𝐼𝑚𝑝𝑟𝑜𝑣𝑒𝑑 𝑜𝑟𝑔𝑎𝑛𝑖𝑧𝑎𝑡𝑖𝑜𝑛𝑎𝑙 𝑝𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒 
→ 𝐷𝑒𝑣𝑒𝑙𝑜𝑝𝑚𝑒𝑛𝑡 𝑜𝑓 𝑠𝑡𝑟𝑎𝑡𝑒𝑔𝑖𝑐 𝑐𝑜𝑙𝑙𝑎𝑏𝑜𝑟𝑎𝑡𝑖𝑜𝑛𝑠 → 𝐼𝑛𝑣𝑒𝑠𝑡𝑚𝑒𝑛𝑡 𝑖𝑛 𝑑𝑖𝑔𝑖𝑡𝑎𝑙 𝑙𝑒𝑎𝑑𝑒𝑟𝑠ℎ𝑖𝑝 
→ 𝑅𝑒𝑖𝑛𝑣𝑒𝑠𝑡𝑚𝑒𝑛𝑡 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 
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4. Customer Experience Level 

The customer experience level increases with a more 

moderate growth (25.8%). This indicates that although 

digital leadership and strategic collaborations have a positive 

effect on customer experience, this effect appears with a time 

delay and lower intensity. 

This delay reflects the typical behavior of socio-

organizational systems, where improving customer 

experience requires process stabilization and organizational 

learning. 

5. Pressure on Human Resources 

One of the challenges in this scenario is the increased 

pressure on human resources (10.3%). The simultaneous 

growth in revenue, collaborations, and management 

complexity increases the demand for capable managers and 

specialists, and without policy intervention, this can lead to 

the activation of negative balancing loops such as decreased 

productivity, burnout, and a decline in service quality. 

o Scenario Theoretical Analysis 

From a theoretical perspective, the results of this scenario 

align with several established frameworks: 

• Strategic Alignment Theory: Investment in digital 

leadership leads to alignment between business 

strategy and organizational capabilities. 

• Dynamic Capabilities Theory: By strengthening 

digital leadership, the organization enhances its 

ability to reconfigure resources and respond to 

environmental changes. 

• Digital Maturity Model: A gradual but continuous 

movement towards higher levels of digital maturity 

is observed. 

 

Figure 8. Conceptual Diagram of Scenario 1.1 
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o Summary and Policy Recommendations 

The scenario of strengthening digital leadership against 

competition presents a low-risk, gradual, and sustainable 

strategy that can ensure significant revenue growth and 

enhance the organization's competitive position. However, 

the sustainability of this growth depends on actively 

managing pressure on human resources. Key 

recommendations include: 

1. Continued gradual investment in digital 

leadership at an annual rate of 12–15%. 

2. Implementation of human resource 

development and retention programs to 

prevent the activation of negative 

balancing loops. 

3. Targeted use of strategic collaborations to 

distribute management burden and reduce 

internal pressure. 

4. Continuous monitoring of key indicators 

including human resource pressure, 

customer experience quality, and 

sustainability of collaborations. 

Overall, this scenario is suitable for stabilizing 

competitive position and building the infrastructure for 

digital transformation, but to achieve breakthrough growth 

and decisive market leadership, it needs to be complemented 

by more aggressive scenarios in subsequent groups. 

4. Discussion and Conclusion 

The findings of this study provide empirical and 

simulation-based evidence that a hybrid model integrating 

Artificial Intelligence (AI) and System Dynamics (SD) 

significantly enhances the effectiveness of digital 

transformation initiatives in e-businesses. The scenario 

analysis—particularly the “strengthening digital leadership 

against competition” scenario—demonstrated substantial 

growth in revenue (+42.33%), digital leadership capability 

(+41.68%), and strategic partnerships (+114.65%), 

alongside moderate improvement in customer experience 

(+25.83%) and a manageable increase in human resource 

pressure (+10.31%). These results confirm that digital 

transformation is not solely a technological endeavor but a 

systemic, capability-driven process shaped by reinforcing 

feedback loops between leadership, infrastructure, 

partnerships, and performance outcomes [1, 2]. 

First, the strong revenue growth observed in the 

simulation aligns with research emphasizing the mediating 

role of digital transformation strategy and organizational 

innovation in improving firm performance [4]. In this study, 

revenue growth was not directly caused by technological 

investment alone; rather, it emerged through interconnected 

mechanisms involving digital leadership, AI-enabled 

analytics, and strategic collaborations. This supports the 

argument that digital technologies must be embedded within 

coherent strategic frameworks to generate measurable 

financial outcomes [3]. The reinforcing feedback loop 

between digital leadership and revenue illustrates the 

systemic logic proposed in multidisciplinary digital 

transformation research, where technological deployment 

enhances organizational learning, which in turn amplifies 

competitive advantage [1]. 

Second, the substantial improvement in digital leadership 

levels validates the centrality of leadership capability in 

transformation trajectories. Digital leadership functions as a 

leverage variable within the system, indirectly influencing 

revenue, partnerships, and customer experience. This 

finding corresponds with frameworks emphasizing strategic 

alignment and leadership commitment as prerequisites for 

digital maturity [18, 19]. In particular, Jacociunas et al. 

highlight that strategic decision-making frameworks are 

essential to guide digital initiatives beyond operational 

digitization. The results of this study confirm that 

incremental and sustained investment in digital leadership 

produces cumulative gains in digital capability, consistent 

with the maturity progression logic discussed in 

contemporary transformation models [20]. 

Third, the remarkable growth in strategic collaborations 

(+114.65%) reflects the ecosystem-based nature of digital 

transformation. Platform-based e-businesses rely heavily on 

networked partnerships for logistics, data exchange, and 

innovation co-creation. The model’s crossing of a threshold 

point in the third year—where partnerships accelerated 

rapidly—illustrates nonlinear dynamics typical of digital 

ecosystems. This supports research suggesting that digital 

transformation extends beyond firm boundaries and requires 

integration within broader value networks [10]. The role of 

pervasive connectivity and digital infrastructure in enabling 

collaborative scalability also aligns with the readiness 

indicators discussed in manufacturing and SME contexts 

[23]. 

Fourth, the moderate yet steady improvement in customer 

experience confirms that customer-centric outcomes emerge 

with time delays due to socio-organizational learning 

processes. The increase in personalization, multi-channel 

interaction, and service efficiency aligns with evidence that 

digital technologies enhance firm performance through 
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innovation and customer engagement mediators [4]. AI-

enabled systems such as recommender engines, chatbots, 

and predictive analytics are instrumental in this process, as 

documented in research on AI-enabled educational and 

organizational transformation [6, 12]. However, as the 

model indicates, improvements in customer experience 

materialize gradually, reflecting the adaptive processes 

described in socio-technical transformation literature [16]. 

Fifth, the rise in human resource pressure highlights the 

dual-edged nature of digital transformation. While revenue 

and partnerships increased significantly, the growing 

complexity of operations placed additional strain on 

managerial and technical personnel. This finding resonates 

with studies identifying organizational readiness and 

cultural adaptation as key barriers to digital transformation 

[11, 14]. Without complementary human capital 

development strategies, reinforcing growth loops may 

trigger balancing loops such as burnout, productivity 

decline, and service degradation. This underscores the 

importance of integrating digital culture, ethical governance, 

and capability-building into transformation strategies [17]. 

From a technological perspective, the integration of AI 

technologies within the system dynamics framework 

provided predictive accuracy and scenario simulation 

capability. The use of machine learning and natural language 

processing enhanced demand forecasting and behavioral 

pattern recognition, supporting arguments that AI serves as 

a foundational driver of digital innovation [13]. Moreover, 

AI-based auditing and governance mechanisms contribute to 

secure and transparent data management practices, as 

highlighted in recent research on AI-assisted internal 

processes [21]. 

The systemic architecture of the model further confirms 

insights from Industry 4.0 literature regarding the 

interdependence of digital infrastructure, operational 

processes, and strategic capability [5, 7]. The feedback loops 

connecting AI technologies with smart supply chains and 

dynamic inventory management illustrate how digital 

transformation reshapes operational efficiency. Real-time 

tracking and predictive logistics, enabled by IoT integration, 

correspond with enterprise-level digital investment trends 

[8]. These mechanisms collectively support sustainable 

performance gains, provided that strategic coherence is 

maintained. 

Importantly, the study contributes to the sustainability 

discourse by demonstrating that digital transformation, when 

aligned with systemic learning and leadership development, 

fosters long-term resilience. Sustainable digital ecosystems 

require whole-institution perspectives that integrate 

technological, organizational, and ethical dimensions [19, 

22]. The hybrid model captures this integrative logic, 

showing that isolated technological upgrades are insufficient 

without complementary leadership and cultural evolution. 

Overall, the findings confirm that AI-driven digital 

transformation operates as a dynamic capability embedded 

within interconnected organizational subsystems. By 

combining predictive analytics with systemic simulation, the 

hybrid model overcomes the limitations of static frameworks 

and responds to calls for comprehensive research agendas in 

digital transformation scholarship [1, 2]. The study thus 

advances theoretical understanding while providing 

empirical and simulation-based validation of the synergistic 

effects of AI and system dynamics in e-business contexts. 

Despite its contributions, this study has several 

limitations. First, the empirical validation was based on a 

single e-business case, which may limit the generalizability 

of the findings to other industries or organizational contexts. 

Second, although the system dynamics model incorporated 

key variables, it inevitably simplified real-world complexity 

and may not capture all contextual factors influencing AI 

adoption and digital transformation. Third, the simulation 

horizon was limited to a four-year period, and longer-term 

structural shifts may produce different dynamic behaviors. 

Finally, the reliance on expert interviews and document 

analysis introduces potential subjective bias in variable 

selection and parameter estimation. 

Future studies should replicate and validate the hybrid 

AI–SD model across diverse industries, including 

manufacturing, public services, and financial technology, to 

test its cross-sector applicability. Longitudinal empirical 

research could complement simulation findings by tracking 

real-time performance indicators over extended periods. 

Additionally, future models may incorporate external 

environmental variables such as regulatory shifts, market 

disruptions, or geopolitical uncertainties to enhance 

predictive robustness. Integrating advanced AI techniques 

such as reinforcement learning and generative analytics into 

system dynamics frameworks could also enrich scenario 

modeling capabilities. 

Practitioners should prioritize sustained investment in 

digital leadership and capability development as 

foundational pillars of transformation. Organizations are 

advised to implement structured human resource 

development programs to mitigate operational strain and 

prevent burnout. Strategic collaborations should be 

leveraged to distribute risk and accelerate ecosystem growth. 
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Continuous monitoring of key performance indicators—

particularly customer experience quality, partnership 

sustainability, and workforce well-being—will ensure that 

reinforcing growth loops do not trigger destabilizing 

balancing effects. Finally, embedding ethical governance 

and data security practices into AI deployment strategies will 

strengthen trust and long-term resilience. 
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