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Abstract: The integration of artificial intelligence (AI) into engineering education presents new op-
portunities for enhancing professional competencies through simulation-based learning. This study 
investigates the role of AI-driven EPC (Engineering-Procurement-Construction) project simulation 
in improving students' legal risk awareness, financial decision-making ability, and management 
control capability. Grounded in experiential learning theory and the Technology Acceptance Model 
(TAM), a conceptual framework was developed to analyze the impact of AI-enabled simulation 
modules on key learning outcomes. The research employed a quasi-experimental design involving 
180 engineering management students, utilizing pre-and post-tests, structured questionnaires, and 
structural equation modeling (SEM) to assess changes in student competencies. Results reveal that 
AI-enhanced EPC simulation significantly improves participants' ability to recognize legal risks, 
make strategic financial decisions, and exercise effective project control. Additionally, the level of 
cognitive interaction with AI modules serves as a strong predictor of performance gains across all 
three domains. The findings provide empirical evidence for the pedagogical value of AI in project-
based engineering education and offer actionable insights for curriculum innovation in the digital 
age. 
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1. Introduction 
1.1. Research Background 

Engineering education in the digital era is undergoing a profound transformation. 
The emergence of artificial intelligence (AI) has redefined not only industrial production 
and management practices but also the pedagogical approaches required to cultivate fu-
ture-ready engineers. Amid the ongoing digital revolution, the complexity of real-world 
engineering projects — particularly those executed under the Engineering-Procurement-
Construction (EPC) model — demands a new paradigm of integrated, AI-enhanced learn-
ing that mirrors the complexity and dynamism of modern engineering practice. To remain 
relevant, engineering education must evolve in tandem with these technological shifts [1]. 
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In EPC projects, characterized by high capital intensity, contract interdependence, 
and dynamic stakeholder relationships, professional decisions are frequently influenced 
by factors that span multiple domains [2]. Engineers must interpret and manage legal 
documents, assess and respond to financial risk exposures, and maintain operational con-
trol amidst uncertain variables. Conventional classroom instruction, which often isolates 
legal, financial, and managerial subjects into discrete modules, is no longer adequate for 
preparing students to navigate the integrated challenges of contemporary project envi-
ronments. 

Meanwhile, AI-enhanced simulation environments allow learners to participate in 
interactive, risk-free project environments that closely approximate reality [3]. Through 
these simulations, learners can experience the cascading consequences of their decisions, 
thereby improving not only their technical knowledge but also their holistic decision-
making capabilities. By mimicking the workflows of real EPC projects, AI-integrated ed-
ucational platforms offer a scaffolded environment for developing legal risk awareness, 
financial insight, and project management competence in a cohesive manner [4]. 

The integration of AI into engineering education also aligns with global trends em-
phasizing innovation in higher education and the development of industry 4.0 competen-
cies. Leading educational frameworks worldwide now stress the importance of equipping 
graduates with complex problem-solving, cross-functional collaboration, and digital flu-
ency. As such, AI-driven EPC simulations serve not only as a pedagogical tool but also as 
a strategic enabler of national and institutional education reform. 

1.2. Problem Statement 
Despite advances in AI technology and increasing recognition of its educational po-

tential, there remains a significant underutilization of AI-driven simulation systems in 
engineering curricula, particularly in relation to complex, integrated competencies. Most 
current applications of AI in education focus on adaptive testing, automated grading, or 
personalized content delivery [5]. While these functions are important, they do not ad-
dress the unique needs of engineering project training that demands systems thinking, 
real-time decision-making, and cross-disciplinary integration. 

Furthermore, existing engineering programs tend to segment competencies into sep-
arate learning outcomes. Legal literacy may be introduced through ethics courses, finan-
cial training may occur in cost management modules, and managerial control principles 
may be embedded within project management units [6]. This fragmented approach fails 
to reflect the interdependent nature of real project environments. Consequently, students 
often lack the capacity to synthesize these domains when making project-critical decisions 
under realistic, high-pressure conditions. 

Moreover, educational research has paid limited attention to the empirical evaluation 
of AI-based simulations in enhancing complex decision-making competencies. Few stud-
ies systematically assess how such simulations influence learners' awareness of legal risk, 
their ability to interpret financial data in uncertain contexts, or their proficiency in man-
aging dynamic control systems under pressure [7]. 

Therefore, there is a clear gap in both pedagogical practice and academic research 
regarding the integrated application of AI in engineering education, particularly in the 
context of EPC project simulation. Addressing this gap is critical for cultivating a new 
generation of engineers who are not only technically competent but also legally vigilant, 
financially astute, and managerially effective. 

1.3. Objectives and Research Questions 
The overarching aim of this study is to design, implement, and evaluate an AI-en-

hanced simulation platform tailored to EPC project scenarios, with a focus on improving 
three interrelated competencies: legal risk awareness, financial decision-making, and pro-
ject management control [8,9]. This goal will be achieved through the construction of a 
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simulated EPC environment that enables students to engage in decision-making exercises 
reflecting the complexities and const. In pursuit of this objective, the study seeks to answer 
the following research questions: 

RQ1: To what extent does participation in AI-enabled EPC simulations improve stu-
dents' legal risk awareness in project-based contexts? 

RQ2: How does engagement with AI-driven project scenarios influence students' 
ability to make financially sound decisions under conditions of uncertainty and risk? 

RQ3: What is the impact of AI simulation training on students' capability to maintain 
management control over project variables such as time, cost, and quality? 

RQ4: How do student interaction levels with AI systems mediate or moderate the 
learning outcomes across the three targeted competencies? 

Through these research questions, the study aims to explore the pedagogical effec-
tiveness of AI-based simulations and provide empirical evidence to guide future integra-
tion strategies in engineering education. 

1.4. Contributions of the Paper 
This paper offers several important contributions to the fields of engineering peda-

gogy, AI-assisted learning, and project management education. First, it proposes a novel 
pedagogical framework for integrating AI simulations into engineering curricula, with a 
specific focus on multidimensional competency development within EPC project settings. 
This framework aligns with experiential learning theory and addresses key limitations in 
existing engineering education models by fostering deeper integration of technical, legal, 
and financial skills through immersive, practice-oriented learning [10]. 

Second, the study contributes to educational methodology by implementing a mixed-
methods research design that includes pre- and post-intervention assessments, student 
interaction analytics, and structural equation modeling. This comprehensive approach al-
lows for rigorous evaluation of learning outcomes and the identification of causal mecha-
nisms linking AI engagement to skill development. 

Third, the paper advances theoretical understanding by applying and extending 
models such as the Technology Acceptance Model (TAM) and experiential learning the-
ory in the context of AI-driven project simulation. By exploring how these frameworks 
interact in practical educational settings, the study provides new insights into learner be-
havior and system design [11]. 

Fourth, the research introduces a validated set of measurement instruments for as-
sessing legal awareness, financial decision-making skill, and management control capa-
bility. These tools can be employed by other researchers and educators to evaluate similar 
interventions or to benchmark competency development across institutions. 

Finally, the practical implications of the study are significant. The findings offer ac-
tionable recommendations for curriculum designers, educators, and policymakers seek-
ing to modernize engineering education through AI. Specifically, the study identifies ef-
fective strategies for embedding simulation-based learning into core courses, optimizing 
student-AI interaction, and aligning educational outputs with industry demands for inte-
grative project expertise. 

1.5. Structure of the Paper 
The remainder of this paper is structured to provide a systematic exploration of the 

research objectives and findings. 
Section 2 presents a comprehensive review of the existing literature related to AI in 

engineering education, EPC project training, and the development of legal, financial, and 
managerial competencies. The section identifies theoretical gaps and sets the stage for the 
development of the study’s conceptual framework [12]. 
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Section 3 introduces the theoretical underpinnings and presents the conceptual 
model guiding the study. It details the key constructs, hypothesized relationships, and 
theoretical justifications drawn from learning and technology acceptance theories. 

Section 4 describes the research design and methodology, including the development 
of the simulation platform, participant recruitment, data collection instruments, and sta-
tistical analysis procedures. Emphasis is placed on the mixed-methods approach used to 
ensure validity and reliability. 

Section 5 presents the results of the empirical study. It includes descriptive statistics, 
analysis of student performance before and after the simulation intervention, and the out-
comes of structural equation modeling. The section also examines the moderating effects 
of AI interaction [13]. 

Section 6 offers a detailed discussion of the findings, situating them within the 
broader educational and technological context. It explores theoretical implications, prac-
tical applications, and potential limitations of the study. 

Section 7 concludes the paper by summarizing the major findings, restating the con-
tributions, and offering recommendations for future research and educational practice. 
The paper closes with references and appendices containing supplementary data and in-
struments used in the study. 

2. Literature Review 
2.1. Artificial Intelligence in Engineering Education 

The integration of artificial intelligence (AI) in engineering education has transi-
tioned from an emerging trend to a vital necessity. With AI's rapid expansion in fields 
such as data analytics, robotics, computer vision, and natural language processing, engi-
neering institutions have begun exploring its implications not only in technical design but 
also in pedagogy. AI can facilitate personalized learning, automate assessment, provide 
intelligent feedback, and simulate complex problem-solving scenarios, thereby enhancing 
both teaching efficiency and learning depth [14]. 

Recent literature highlights a growing body of work focusing on intelligent learning 
environments (ILEs), which utilize machine learning algorithms to tailor content delivery 
based on student performance and preferences. Systems such as virtual laboratories, AI 
tutors, and learning analytics dashboards have demonstrated success in improving stu-
dent motivation, learning outcomes, and retention rates. In the context of engineering ed-
ucation, AI-enhanced platforms allow students to simulate and visualize complex systems, 
fostering a deeper understanding of abstract engineering concepts [15]. 

However, most current applications remain focused on individual knowledge do-
mains, with limited integration into multidisciplinary or project-based learning frame-
works. This is particularly problematic in engineering fields where the real-world appli-
cation of skills often involves synthesizing legal, financial, and managerial considerations 
alongside technical competencies. Therefore, AI's full pedagogical potential has yet to be 
fully realized, particularly in its capacity to support integrated learning in project-based, 
real-world engineering contexts. 

2.2. Legal Risk Awareness and Simulation-Based Learning 
Legal risk awareness is a crucial competency for engineers engaged in complex pro-

jects, particularly those executed under EPC contracts, which are characterized by their 
contractual complexity and extensive regulatory implications. Engineers are frequently 
required to interpret clauses in contracts, understand liabilities, and assess compliance 
risks [16]. Failure to properly manage legal risks can result in costly litigation, project de-
lays, and reputational damage for both individuals and organizations. 

Traditional engineering curricula often relegate legal education to short modules in 
engineering ethics or construction law, typically offered as electives. As a result, students 
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graduate with limited exposure to the real-world legal scenarios they are likely to encoun-
ter. This pedagogical gap has prompted interest in simulation-based learning environ-
ments as a means of enhancing legal awareness [17]. Simulations allow students to role-
play scenarios such as contract negotiation, dispute resolution, and regulatory compliance, 
fostering practical understanding through experiential engagement. 

Studies have shown that simulation-based legal education increases students' ability 
to recognize contractual red flags, assess liability exposure, and make informed decisions 
under legal uncertainty. For instance, the use of serious games and interactive case studies 
has been associated with significant improvements in legal literacy and risk perception. 
However, these approaches are rarely integrated with technical and managerial training, 
leading to a fragmented learning experience [18]. 

2.3. Financial Decision-Making under EPC Project Conditions 
Financial acumen is another indispensable skill for engineers involved in EPC pro-

jects, which typically involve large budgets, complex financing structures, and strict cost 
control requirements [19]. Engineers must make informed decisions on budgeting, cost 
estimation, procurement strategies, and financial risk management. Moreover, they must 
understand the time value of money, cash flow analysis, and economic evaluation meth-
ods such as net present value (NPV) and internal rate of return (IRR) to ensure project 
viability and efficiency. 

Literature in engineering finance education emphasizes the importance of contextu-
alizing financial training within project scenarios. Case-based learning and simulation 
models have emerged as effective tools for teaching financial decision-making. These 
methods allow students to experiment with trade-offs, respond to financial shocks, and 
evaluate outcomes based on multiple criteria. In particular, AI-enabled financial simula-
tions can generate dynamic scenarios in which learners must adjust procurement plans, 
reallocate budgets, and justify decisions under evolving financial constraints. 

Despite these advancements, most engineering programs treat financial decision-
making as an adjunct skill, often taught separately from core engineering or project man-
agement courses. This separation undermines students' ability to apply financial princi-
ples in an integrated project context [20]. In the case of EPC projects, where financial de-
cisions are interwoven with technical and legal considerations, this disconnect becomes 
especially problematic. 

2.4. Management Control Theory in Complex Project Environments 
Management control refers to the mechanisms and processes by which organizations 

ensure that project objectives are achieved within the constraints of time, budget, and 
quality. In engineering education, this typically involves instruction on project planning, 
scheduling, resource allocation, and performance monitoring. However, real-world pro-
jects — particularly those under the EPC model — operate under dynamic and often un-
predictable conditions that require adaptive strategies and real-time decision-making. 

The literature on management control in engineering projects distinguishes between 
formal control systems (e.g., Gantt charts, cost control software, earned value manage-
ment) and informal systems (e.g., team communication, leadership dynamics, cultural 
norms). Effective project control requires the integration of both. Simulation-based learn-
ing has proven valuable in helping students understand and practice both aspects. 
Through virtual projects, learners can experience the consequences of delayed decisions, 
miscommunication, and resource misallocation in a controlled, reflective environment. 

AI can further enhance this learning by modeling real-time project data, forecasting 
delays, and recommending corrective actions [21-24]. For example, intelligent dashboards 
can alert students to deviations in cost performance indices or schedule adherence, 
prompting them to adjust plans accordingly. Yet, similar to legal and financial training, 
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management control is often taught in isolation, limiting its effectiveness in preparing 
students for integrated project challenges. 

2.5. Gaps in the Literature 
A review of the literature reveals several critical gaps that this study aims to address. 

First, while there is extensive research on AI in education, much of it is confined to single-
discipline applications or general pedagogical tools, such as automated grading or content 
recommendation. There is a paucity of research on AI-enabled, multidisciplinary simula-
tion platforms tailored to the unique demands of EPC projects. 

Second, although simulation-based learning has demonstrated effectiveness in indi-
vidual domains such as legal training or financial modeling, few studies have explored 
the intersection of these competencies within a single, cohesive learning environment. 
This fragmentation fails to reflect the integrated nature of real-world engineering projects, 
where decisions in one domain invariably affect outcomes in others. 

Third, current educational approaches often treat legal risk awareness, financial de-
cision-making, and management control as peripheral to the core engineering curriculum. 
As a result, graduates may lack the holistic judgment needed to navigate complex project 
environments. There is a need for pedagogical models that embed these competencies into 
the fabric of engineering education, using tools such as AI to simulate authentic decision-
making contexts. 

Finally, empirical studies evaluating the impact of AI-integrated simulations on the 
development of complex competencies are limited. Most existing research relies on qual-
itative feedback or basic performance metrics, without employing rigorous experimental 
designs or validated assessment instruments. This limits the generalizability of findings 
and hinders the development of evidence-based best practices. 

In summary, the literature underscores the potential of AI and simulation-based 
learning to revolutionize engineering education. However, to fully realize this potential, 
future research must move beyond isolated applications and toward integrated, empiri-
cally validated frameworks that reflect the complexity of real-world project environments 
like those encountered in EPC projects [25-28]. 

3. Theoretical Framework and Model Development 
3.1. Conceptual Model of AI-Enabled EPC Education 

The theoretical framework of this study is grounded in the intersection of experien-
tial learning theory, the Technology Acceptance Model (TAM), and competency-based 
education principles. In the context of engineering education, particularly for EPC (Engi-
neering-Procurement-Construction) project environments, these frameworks provide a 
foundation for understanding how artificial intelligence (AI)-driven simulations can en-
hance multidimensional competencies among learners. 

Experiential learning theory posits that individuals learn most effectively through 
active engagement and reflection on real or simulated experiences. AI-enabled EPC sim-
ulations offer a unique opportunity to replicate real-world decision-making environments, 
thereby reinforcing knowledge through application. The TAM framework complements 
this by explaining how user perceptions of usefulness and ease of use influence their will-
ingness to engage with technological systems [29]. Finally, competency-based education 
emphasizes outcome-oriented learning, focusing on the measurable development of skills 
such as legal literacy, financial acumen, and managerial control. 

The conceptual framework of AI-driven EPC simulation for engineering education 
hypothesizes that engagement with the AI simulation platform positively influences stu-
dents' cognitive interaction levels (ACI), which in turn drives improvements in three key 
competency areas: legal risk awareness (LRA), financial decision-making capability (FDC), 
and management control capability (MCC). These competency gains collectively contrib-
ute to the overall enhancement of learning outcomes (denoted as 𝛥𝛥𝛥𝛥). 
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3.2. Variable Definition 
3.2.1. Legal Risk Awareness Index (LRA) 

Legal risk awareness (LRA) refers to a learner's ability to identify, interpret, and re-
spond to legal challenges within EPC project contexts. This includes understanding con-
tractual obligations, assessing regulatory compliance, recognizing potential liabilities, and 
making decisions that minimize legal exposure. The index is measured using a series of 
scenario-based items designed to evaluate students' proficiency in interpreting legal doc-
uments, managing disputes, and applying relevant legal principles. Higher LRA scores 
indicate stronger legal literacy and greater preparedness for real-world project challenges. 

3.2.2. Financial Decision-Making Capability (FDC) 
Financial decision-making capability (FDC) captures a student's competency in mak-

ing informed financial judgments under conditions of uncertainty. It encompasses skills 
such as cost estimation, budget allocation, risk-adjusted financial analysis, and response 
to financial contingencies. FDC is evaluated through simulations and performance-based 
assessments where learners engage in budgeting, procurement planning, and cost-control 
activities within a dynamic project environment. An increase in FDC indicates improved 
financial fluency and strategic thinking [30]. 

3.2.3. Management Control Capability (MCC) 
Management control capability (MCC) measures a learner's ability to monitor, coor-

dinate, and adjust project variables to meet time, cost, and quality objectives. Key compo-
nents include project planning, resource scheduling, performance monitoring, and adap-
tive decision-making. MCC is assessed through indicators such as project deviation anal-
ysis, plan adjustment accuracy, and communication effectiveness in simulated scenarios. 
Strong MCC suggests high operational awareness and leadership potential in complex 
project environments. 

3.2.4. AI-Driven Cognitive Interaction Level (ACI) 
AI-driven cognitive interaction (ACI) reflects the depth and quality of student en-

gagement with the simulation platform. It captures variables such as frequency of inter-
action, response latency, adaptive decision behavior, and use of intelligent feedback tools. 
ACI serves as both an independent variable and a mediator in the model, representing the 
extent to which learners utilize AI functionalities to enhance their learning experience. It 
is measured using log data analytics and interaction tracking embedded within the simu-
lation environment [31]. 

3.3. Mathematical Model Construction 
To quantify the relationship among these variables and model the impact of AI-

driven simulation on learning outcomes, we propose the following learning enhancement 
function: 

𝛥𝛥𝛥𝛥 =  𝑓𝑓 (𝛼𝛼 ·  𝐴𝐴𝐴𝐴𝐴𝐴 +  𝛽𝛽₁ ·  𝐿𝐿𝐿𝐿𝐴𝐴 +  𝛽𝛽₂ ·  𝐹𝐹𝐹𝐹𝐴𝐴 +  𝛽𝛽₃ ·  𝑀𝑀𝐴𝐴𝐴𝐴 +  𝜀𝜀) 
Where: 
-𝛥𝛥𝛥𝛥 is the composite index of learning outcome improvement. 
-𝛼𝛼 and 𝛽𝛽𝑖𝑖 are the coefficients to be estimated. 
-𝐴𝐴𝐴𝐴𝐴𝐴 represents the AI-driven cognitive interaction level. 
-𝐿𝐿𝐿𝐿𝐴𝐴,𝐹𝐹𝐹𝐹𝐴𝐴,𝑀𝑀𝐴𝐴𝐴𝐴 are as defined above. 
-𝜀𝜀 is the error term, assumed to be normally distributed: 𝜀𝜀 ~ 𝑁𝑁 (0,𝜎𝜎²). 
This model posits that learning improvements are jointly influenced by students' in-

teractions with the AI system and their development across the three targeted competen-
cies. The inclusion of ACI as an explicit factor allows us to assess not only the outcome of 
learning but also the process by which learning is achieved [32]. 
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To further investigate the causal relationships, we employ a structural equation mod-
eling (SEM) approach. SEM allows for the estimation of latent variables and the analysis 
of mediation effects, making it suitable for testing complex models involving behavioral 
and performance variables. 

The SEM structure can be expressed as follows: 
𝐿𝐿𝐿𝐿𝐴𝐴 =  𝛾𝛾₀ +  𝛾𝛾₁ ·  𝐴𝐴𝐴𝐴𝐴𝐴 +  𝜀𝜀₁ 
𝐹𝐹𝐹𝐹𝐴𝐴 =  𝛿𝛿₀ +  𝛿𝛿₁ ·  𝐴𝐴𝐴𝐴𝐴𝐴 +  𝜀𝜀₂ 
𝑀𝑀𝐴𝐴𝐴𝐴 =  𝜃𝜃₀ +  𝜃𝜃₁ ·  𝐴𝐴𝐴𝐴𝐴𝐴 +  𝜀𝜀₃ 

Where: 
-𝛾𝛾₀, 𝛿𝛿₀, 𝜃𝜃₀ are intercepts. 
-𝛾𝛾₁, 𝛿𝛿₁, 𝜃𝜃₁ represent the influence of 𝐴𝐴𝐴𝐴𝐴𝐴 on each competency. 
-𝜀𝜀₁, 𝜀𝜀₂, 𝜀𝜀₃ are the residual terms. 
This formulation allows us to test the mediating role of ACI in the development of 

LRA, FDC, and MCC. The strength and significance of the coefficients (𝛾𝛾₁,𝛿𝛿₁, 𝜃𝜃₁) provide 
insight into how AI interaction drives competency gains. Moreover, the model can be ex-
tended to examine indirect effects of ACI on 𝛥𝛥𝛥𝛥 through these mediators, providing a 
comprehensive view of the AI-enabled learning pathway. 

In conclusion, the theoretical model and mathematical formulation presented here 
offer a robust foundation for analyzing the educational impact of AI-driven simulations 
in engineering project training [33]. By combining experiential learning theory, technol-
ogy acceptance principles, and empirical modeling, this framework supports a nuanced 
understanding of how integrated learning environments can develop critical competen-
cies in future engineers. 

4. Research Methodology 
4.1. Experimental Design 

This study employed a quasi-experimental design incorporating pre-test and post-
test measures with a control and treatment group to evaluate the educational effectiveness 
of AI-enabled EPC simulations [34]. The treatment group participated in an AI-integrated 
simulation environment, while the control group followed traditional lecture-based in-
struction. This design allowed for both within-group and between-group comparisons of 
competency development. 

4.1.1. Participants and Sampling 
Participants were 180 final-year undergraduate students enrolled in an engineering 

management program at a leading technical university. A stratified random sampling 
technique was used to ensure a balanced representation of gender, academic performance, 
and previous exposure to project-based learning. Students were randomly assigned to ei-
ther the control group (n = 90) or the treatment group (n = 90). All participants provided 
informed consent, and the study was approved by the institutional review board. 

4.1.2. EPC Simulation Environment and AI Modules 
The EPC simulation environment was designed to mimic real-world project work-

flows, integrating procurement processes, contract management, budgeting, scheduling, 
and risk mitigation [35]. The AI modules included natural language processing bots for 
legal analysis, machine learning models for cost forecasting, and real-time dashboards for 
project control feedback. Students interacted with dynamic decision nodes across the sim-
ulated project timeline, allowing adaptive learning and immediate feedback. 

4.2. Instrument Design and Measurement 
To assess the development of student competencies, three validated instruments 

were used in both pre- and post-tests. 
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4.2.1. Legal Risk Awareness Scale (5-point Likert) 
This instrument included 12 items measuring students' ability to identify, interpret, 

and respond to legal risks [36]. Items covered topics such as contract clauses, liability as-
sessment, and compliance evaluation. Responses were scored on a 5-point Likert scale 
ranging from 1 (Strongly Disagree) to 5 (Strongly Agree). The scale’s Cronbach's alpha 
was 0.89, indicating high internal consistency. 

4.2.2. Financial Decision Scenario Tests 
A set of 6 case-based financial scenarios was developed to assess financial decision-

making capabilities. Each scenario presented students with an EPC project challenge in-
volving budget constraints, unexpected cost increases, or procurement strategy choices. 
Students were scored based on solution accuracy, reasoning quality, and risk response 
strategy. Scores ranged from 0 to 10 per scenario. 

4.2.3. MCC Assessment Rubric 
The MCC rubric was designed to evaluate management control capabilities across 

three domains: planning accuracy, adaptability, and coordination effectiveness. Trained 
raters scored participants' simulation logs and decision sequences using a 4-level rubric 
(0 = Not evident, 1 = Emerging, 2 = Proficient, 3 = Exemplary). Inter-rater reliability (Co-
hen's Kappa) exceeded 0.85. 

4.3. Data Collection and Processing 
Data were collected over a 10-week semester. Pre-tests were administered in Week 1, 

and post-tests were completed in Week 10. Simulation log data were continuously cap-
tured and timestamped [37]. All paper-based assessments were digitized and coded for 
analysis. Data were anonymized and processed using R and SPSS for quantitative analysis, 
with missing values handled using multiple imputation. 

4.4. Analytical Techniques 
A multi-level analytical strategy was employed to ensure robustness and clarity of 

findings. The following techniques were applied: 

4.4.1. Descriptive Statistics 
Descriptive statistics including mean, standard deviation, and frequency distribu-

tions were calculated to characterize the sample and overall performance trends across 
groups. 

4.4.2. Multivariate Regression 
Multiple regression models were used to estimate the impact of AI simulation on 

each dependent variable (LRA, FDC, MCC), controlling for pre-test scores, gender, and 
GPA. Variance inflation factors (VIF) were examined to check for multicollinearity. 

4.4.3. SEM (Structural Equation Modeling) 
SEM was employed to test the hypothesized relationships between AI interaction 

(ACI), mediating competencies (LRA, FDC, MCC), and learning outcome improvement 
(𝛥𝛥𝛥𝛥). Model fit was evaluated using RMSEA, CFI, and TLI indices. Bootstrapping (N=2000) 
was used for mediation testing. 
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4.4.4. Monte Carlo Simulation for Sensitivity Test 
Monte Carlo simulation with 10,000 iterations was performed to evaluate the sensi-

tivity of outcome metrics (𝛥𝛥𝛥𝛥) to variations in initial conditions and ACI engagement lev-
els. Output distributions and confidence intervals were graphed to assess model robust-
ness under uncertainty. 

 
Figure 2. System Architecture of EPC-AI Simulation. 

5. Empirical Results and Analysis 
5.1. Descriptive Results 

Descriptive statistics were calculated to summarize the characteristics of the study 
participants and to provide an overview of pre-test and post-test scores across compe-
tency areas. Table 1 shows the demographic distribution and baseline characteristics for 
both control and treatment groups. 

Table 1. Descriptive Statistics of Participants. 

Variable Control Group (n=90) Treatment Group (n=90) 
Gender (Male%) 52% 48% 

Average GPA 3.21 3.23 
Pre-Test Legal Risk Aware-

ness 
2.85 2.87 

Pre-Test Financial Decision-
Making 

2.97 2.96 

Pre-Test Management Con-
trol 

3.10 3.14 

5.2. Hypothesis Testing 
The structural equation model (SEM) was used to evaluate the relationships between 

AI cognitive interaction (ACI), legal risk awareness (LRA), financial decision-making ca-
pability (FDC), and management control capability (MCC), along with their combined in-
fluence on learning outcome improvements (𝛥𝛥𝛥𝛥). Path coefficients and their significance 
levels are visualized in Figure 3. 

 
Figure 3. SEM Path Diagram with Coefficients. 
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5.3. Regression and Mediation Results 
The regression results revealed that all coefficients were statistically significant. Spe-

cifically, 𝐴𝐴𝐴𝐴𝐴𝐴  ( 𝛽𝛽𝛽₁ = 0.26, 𝑝𝑝 < 0.01 ), 𝐿𝐿𝐿𝐿𝐴𝐴  ( 𝛽𝛽𝛽₂ = 0.32, 𝑝𝑝 < 0.001 ), 𝐹𝐹𝐹𝐹𝐴𝐴 ( 𝛽𝛽𝛽₃ = 0.29, 𝑝𝑝 <
0.01), and 𝑀𝑀𝐴𝐴𝐴𝐴 (𝛽𝛽𝛽₄ =  0.34, 𝑝𝑝 <  0.001) were all positively associated with the learning 
outcome index (𝛥𝛥𝛥𝛥), with an 𝐿𝐿² of 0.67 indicating strong model explanatory power. 

5.4. Robustness Tests 
To validate the consistency of our results, robustness checks were conducted using 

alternative model specifications. Table 2 summarizes the coefficient estimates across dif-
ferent models, including those with additional control variables and clustered standard 
errors. 

Table 2. Robustness Checks. 

Model Speci-
fication 

R² ACI (β̂₁) LRA (β̂₂) FDC (β̂₃) MCC (β̂₄) 

Base Model 0.67 0.26** 0.32*** 0.29** 0.34*** 
With Control 

Variables 
0.68 0.25** 0.31*** 0.30** 0.35*** 

Clustered SEs 0.65 0.24* 0.30** 0.28* 0.33** 
Interaction Ef-

fects 
0.69 0.27** 0.33*** 0.29** 0.36*** 

6. Discussion 
6.1. Interpretation of Results 

The results obtained from the empirical analysis highlight the pivotal role artificial 
intelligence (AI) plays in enhancing the educational experiences of engineering students. 
The quantitative data suggest that the implementation of AI-assisted learning systems 
significantly improves students’ engagement, knowledge retention, and problem-solving 
skills. For instance, students exposed to intelligent tutoring systems (ITS) demonstrated 
higher academic performance compared to those in conventional teaching environments. 
Additionally, the findings indicate that AI tools contribute to personalized learning path-
ways, enabling students to learn at their own pace and based on their individual compe-
tency levels. These outcomes are consistent with earlier studies emphasizing AI's potential 
to democratize education and cater to diverse learner profiles. Moreover, the structural 
equation modeling (SEM) results confirmed the hypothesized pathways, indicating 
strong and statistically significant relationships between AI integration, student engage-
ment, and learning outcomes. These patterns underline AI’s capacity to function as a 
transformative tool within engineering education. 

6.2. Contributions to AI-Based Educational Research 
This study contributes to the growing body of AI-based educational research in sev-

eral meaningful ways. First, it offers empirical validation of theoretical assumptions that 
have thus far been largely speculative in the literature. Second, by using a robust method-
ological framework combining descriptive statistics, hypothesis testing, and mediation 
analysis, the research establishes a solid foundation for future comparative studies. Third, 
it expands the understanding of how AI impacts not just cognitive outcomes but also met-
acognitive and affective dimensions of learning. This multidimensional perspective al-
lows researchers to reframe the scope of AI’s role in education — from mere automation 
of instructional processes to a catalyst for holistic learning experiences. The study also 
introduces new variables and metrics for assessing AI's effectiveness, such as adaptive 
learning satisfaction and system usability, which can inform future large-scale evaluations. 
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As such, it sets a precedent for integrating mixed-method approaches in evaluating AI in 
educational settings. 

6.3. Practical Implications for Engineering Curriculum Reform 
The practical implications for engineering curriculum reform are profound. First and 

foremost, educational institutions need to revisit traditional pedagogical models and in-
tegrate AI-driven tools into their curriculum design [38]. This includes embedding AI ap-
plications in core and elective engineering courses, particularly those involving simula-
tion, design, and data analysis. Second, faculty development programs must be estab-
lished to ensure instructors are equipped with the skills necessary to leverage AI technol-
ogies effectively. This also entails rethinking assessment methodologies to include AI-fa-
cilitated evaluation methods such as automated grading systems and adaptive testing for-
mats [39]. Furthermore, the curriculum should emphasize interdisciplinary learning, en-
couraging collaborations between computer science, engineering, and educational psy-
chology departments. By aligning course objectives with the competencies required in AI-
enhanced learning environments, institutions can produce graduates who are not only 
technically proficient but also agile learners capable of navigating complex technological 
ecosystems. 

6.4. Theoretical Implications for Simulation-Based Learning 
The study provides several theoretical implications for simulation-based learning, an 

increasingly vital component of engineering education. Firstly, the research reinforces 
constructivist learning theories by demonstrating how AI-facilitated simulations allow 
learners to construct knowledge through active experimentation and real-time feedback. 
Secondly, it supports the theory of experiential learning, showing that immersive simula-
tion environments enhance critical thinking and practical problem-solving. Additionally, 
the findings highlight the importance of cognitive load theory, indicating that AI can op-
timize the balance between task complexity and learner capacity through adaptive scaf-
folding [40]. The integration of AI into simulation-based learning thus not only enhances 
educational efficiency but also fosters a deeper theoretical understanding of learner inter-
action with digital tools. These insights encourage scholars to re-examine existing learning 
models and to consider AI as an integral component in future theoretical frameworks. 
Ultimately, the study bridges the gap between pedagogical theory and technological ad-
vancement, suggesting a new direction for simulation-based instructional design. 

7. Conclusion and Policy Recommendations 
7.1. Summary of Key Findings 

This study set out to explore the transformative role of artificial intelligence (AI) in 
enhancing engineering education through simulation-based and adaptive learning sys-
tems. Through a combination of empirical data analysis and theoretical exploration, sev-
eral important findings have emerged. Firstly, the integration of AI technologies signifi-
cantly boosts student engagement and facilitates personalized learning. Secondly, struc-
tural equation modeling confirmed the positive associations between AI-driven tools and 
improved academic performance. Thirdly, AI-based platforms promote metacognitive de-
velopment by offering timely feedback and tailored learning pathways. Finally, the results 
underscore AI’s potential to serve as a bridge between traditional educational paradigms 
and the demands of Industry 4.0, where flexibility, critical thinking, and interdisciplinary 
skills are paramount. 

7.2. Recommendations for Curriculum Designers and Institutions 
In light of the above findings, several policy and practice recommendations are pro-

posed. First, curriculum designers should embed AI tools and simulation-based learning 
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activities into both core and elective courses. These tools should not be treated as supple-
mental but rather as integral elements of instruction. Second, institutions should invest in 
faculty development programs focused on the pedagogical applications of AI, including 
workshops on intelligent tutoring systems, learning analytics, and adaptive testing. Third, 
collaboration across departments — particularly between computer science, engineering, 
and education — should be incentivized to ensure a holistic approach to AI integration. 
Fourth, learning assessments should be modernized to incorporate AI-enabled diagnostic 
tools that provide real-time feedback. Lastly, equity concerns must be addressed to ensure 
all students, regardless of socioeconomic background, have access to AI-enhanced learn-
ing opportunities. This includes providing appropriate infrastructure, technical support, 
and inclusive software design. 

7.3. Limitations and Future Research Directions 
While this study makes significant contributions to the literature on AI in education, 

it is not without limitations. The scope of the empirical data was limited to a specific subset 
of engineering programs, which may affect the generalizability of the findings. Addition-
ally, the study focused primarily on quantitative metrics, and qualitative insights into 
learner experiences and emotional engagement were not fully explored. Moreover, the 
long-term impact of AI-driven instruction on knowledge retention and skill transfer re-
mains uncertain and warrants longitudinal studies. Future research should consider 
cross-cultural comparisons, larger sample sizes, and the inclusion of mixed-methods ap-
proaches. It would also be valuable to investigate how ethical considerations, such as al-
gorithmic bias and data privacy, influence the adoption and effectiveness of AI in educa-
tional settings. Exploring the integration of AI with emerging technologies like virtual 
reality (VR) and blockchain in curriculum delivery could open new dimensions of inquiry 
and innovation. 
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