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Abstract 
Corruption remains a serious problem that weakens trust, damages institutions, and slows down 

sustainable progress. This issue does not begin only in politics or organizations, but often takes root 

during the early years of education. Small acts such as cheating, manipulating data, or misusing small 
responsibilities can gradually develop into deeply rooted corrupt practices later in life. This study 
introduces a new model that uses artificial intelligence combined with insights from human behavior 
and financial decision-making to detect early signs of corruption in schools. The research applies a 
mixed approach, collecting data from surveys on financial habits, learning abilities, and self-control 
from both students and teachers. The information is then analyzed using advanced computer-based 
methods to identify patterns that may indicate risky behavior. The goal is to create a predictive system 

that can provide early warnings and offer schools practical guidance for designing more effective anti-
corruption education. The study contributes to building integrity, promoting ethical values, and 

supporting sustainable development by preventing corruption before it takes root. 

Keywords: Artificial_Intelligence; Neurofinancial_Management; Corruptive_Behavior_Prevention; 

Business_Ethics_in_Education; Sustainable_Financial_Behavior; Early_Detection_Model 

1. Introduction 

1.1 Background 

Corruption continues to represent one of the most pervasive and complex challenges of 

the 21st century, eroding public trust, undermining institutional governance, and constraining 

sustainable economic development. According to Transparency International (2023) [1], over 

two-thirds of countries score below 50 on the Corruption Perceptions Index, highlighting 

systemic vulnerabilities in governance worldwide. While discourse often emphasizes 

corruption among political or organizational elites, its roots frequently emerge much earlier, 

during formative educational experiences. 

Within school environments, students may engage in behaviors such as cheating, 

plagiarism, data manipulation, or misappropriation of minor financial resources allocated for 

projects. Although often perceived as minor infractions, these actions normalize unethical 

decision-making, diminish moral sensitivity, and establish behavioral patterns that can persist 

into adulthood [2]. Addressing such behaviors aligns directly with the United Nations 

Sustainable Development Goals, particularly SDG 4 (Quality Education) [3], by promoting 

ethical learning environments, and SDG 16 (Peace, Justice, and Strong Institutions) [4], by 

fostering integrity, accountability, and responsible citizenship from an early age. Early 

interventions in schools are therefore critical to cultivating both individual ethical development 

and broader societal resilience against corruption. 
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1.2 Role of Education in Shaping Integrity 

Education serves as a fundamental platform for cultivating values of integrity, 

accountability, and social responsibility, forming the ethical foundation upon which future 

behavior is built. Traditional character education initiatives, however, often rely on reactive 

interventions, addressing misconduct only after unethical actions have occurred, which limits 

their preventive impact. Such approaches rarely incorporate predictive tools or frameworks 

capable of identifying early risk factors, thereby missing critical opportunities to guide ethical 

development proactively. 

The emergence of digital learning environments further complicates this landscape, 

introducing challenges such as unauthorized access to resources, digital plagiarism, and new 

avenues for financial misconduct in school administration. These technological developments 

necessitate the integration of data-driven and AI-enabled strategies to anticipate potential 

ethical breaches before they manifest. By shifting from reactive to proactive approaches, 

educational institutions can strengthen moral sensitivity, embed ethical norms early, and create 

robust systems that support the holistic development of integrity in students, preparing them to 

navigate complex social and digital contexts responsibly. 

 

1.3 Technology as a Preventive Tool 

Artificial Intelligence (AI) presents transformative potential for shifting the focus of 

ethical education from reactive remediation to proactive prevention. By employing advanced 

machine learning algorithms, AI systems are capable of detecting latent patterns and subtle 

behavioral indicators that may signal a propensity toward deviant or corruptive behavior. These 

predictive capabilities allow educators and administrators to anticipate ethical risks before they 

manifest as observable misconduct, providing opportunities for timely and targeted 

interventions. 

When integrated with Neurofinancial Management, a multidisciplinary framework 

connecting neurological processes, cognitive-emotional functioning, and financial behavior, AI 

can serve as a sophisticated diagnostic and forecasting tool. This integration enables the 

identification of individuals or groups exhibiting early risk markers for unethical conduct, 

allowing interventions to be tailored according to cognitive, emotional, and financial profiles. 

Collectively, the fusion of AI and neurofinancial principles offers a robust, evidence-based 

approach to fostering integrity, enhancing moral development, and mitigating the emergence of 

corruptive behaviors in educational settings. 

 

1.4 Research Gap 

Despite the increasing number of studies on corruption, few studies explore its roots in 

educational contexts using AI-enabled predictive models. Existing anti-corruption education 

emphasizes ethics and policy but rarely integrates financial literacy, psychological measures, 

and AI-driven analytics. Neurofinancial Management, though increasingly applied in financial 

behavior research [5], has not been systematically linked with early corruption detection in 

education. This gap highlights the need for an integrative model combining AI, neurofinancial 

principles, and multiple intelligences to anticipate corruptive behavior. 
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1.4.1 Corruption in Education 

Educational institutions are not immune to corruption. Studies document practices such 

as exam fraud, falsification of credentials, and misuse of school funds [6]. At the student level, 

academic dishonesty is widespread, with surveys reporting that over 60% of students admit to 

cheating at least once during their academic career [2]. Such behaviors may appear trivial but 

constitute early corruptive tendencies. 

1.4.2 Neurofinancial Management 

Neurofinancial Management explores how financial decision-making is shaped by 

neurological and psychological processes [7]. Impulse control, stress responses, and reward 

anticipation significantly influence ethical financial choices. For example, individuals with 

lower self-regulation may rationalize financial misconduct under stress. Applying these insights 

to education allows for deeper understanding of why students misuse financial resources or 

engage in dishonest behavior. 

1.4.3 Multiple Intelligences and Ethical Development 

Howard Gardner’s theory of multiple intelligences posits that intelligence is 

multidimensional, encompassing linguistic, logical-mathematical, spatial, musical, bodily-

kinesthetic, interpersonal, intrapersonal, and naturalistic modalities. Research links these 

intelligences to ethical reasoning and behavior. For instance, strong interpersonal intelligence 

may foster empathy and ethical cooperation, while weak intrapersonal intelligence may impair 

self-awareness and moral judgment. Integrating multiple intelligences into corruption detection 

provides a nuanced basis for behavioral analysis. 

1.4.4 AI in Education and Ethics 

AI has been widely applied in educational contexts, ranging from adaptive learning 

platforms to plagiarism detection. Machine learning techniques such as Random Forest and 

SVM have shown promise in behavioral prediction [8]. However, applications of AI in 

predicting corruptive tendencies remain limited. Most efforts address academic dishonesty 

rather than broader financial or ethical misconduct. 

This study seeks to address several critical gaps in the current literature, as summarized 

in Table 1.  

1. First, there is a notable absence of AI-based predictive models specifically designed 

to anticipate corruptive behavior within educational contexts.  

2. Second, the integration of Neurofinancial Management principles—linking 

cognitive, emotional, and financial decision-making processes—into ethical 

education remains largely unexplored, limiting opportunities for proactive 

intervention. 

3. Finally, the potential of multiple intelligences, including intrapersonal and 

interpersonal capacities, as predictive factors for corruption risk has received 

insufficient empirical attention. 

 

 

 

 

https://icbens.umpalopo.ac.id/


Proceedings Series on Proceedings of Multidisciplinary Sciences, Volume 2, No. 1 

International Conference of Business, Education, Health, and Scien-Tech (ICBENS)  

ISSN: - 

Proceedings homepage: https://icbens.umpalopo.ac.id/     366 

 

Table 1. Identified key framework. 

Aspect Existing Research Identified Gap Implication / Need 

Corruption in 
Education 

Studies on ethics, policy, 

and anti-corruption 
programs 

Limited exploration of early 

roots of corruptive behavior 
in educational contexts 

Need for predictive, data-driven 

approaches targeting early 
detection in schools 

AI-Enabled 
Predictive 
Models 

Widely applied in 
finance, business, and 
healthcare contexts 

Rarely applied to 
educational anti-corruption 
research 

Integrate AI to improve early 
identification of risk factors 

Financial 
Literacy & 
Psychology 

Focused on ethics 
training or standalone 
financial literacy 

programs 

Lack of combined 
assessment including 
financial literacy, impulse 
control, and intrapersonal 
intelligence 

Develop models that integrate 
cognitive, behavioral, and 
financial measures 

Neurofinancial 
Management 

Increasingly used in 

financial behavior 
research (Glimcher & 
Fehr, 2014) 

Not systematically linked 
with early corruption 
detection in education 

Apply neurofinancial principles 
to predict ethical and unethical 
behaviors in educational settings 

 

By targeting these gaps, the study aims to develop an integrative, data-driven framework 

that enhances early detection and prevention of unethical behavior in schools, this research 

contributes a novel framework with both theoretical and practical significance. 

 

1.5 Objectives 

This study is designed to address the critical need for early detection of corruptive 

behavior in educational settings through the development of a robust, data-driven framework: 

1. The primary objective is to design and implement an AI-driven neurofinancial model 

capable of identifying students at elevated risk of engaging in unethical behavior, thereby 

enabling proactive intervention.  

2. A secondary objective involves the integration of multidimensional predictors—including 

cognitive capacities, emotional regulation, social behavior, and financial literacy—into a 

unified predictive framework that captures the complex interplay of factors influencing 

ethical decision-making.  

3. Finally, the study seeks to translate predictive insights into actionable strategies, providing 

educators and policymakers with evidence-based guidance for designing targeted anti-

corruption interventions and educational programs. Collectively, these objectives aim to 

advance both theoretical understanding and practical application, bridging AI, behavioral 

science, and educational ethics to cultivate integrity and responsible conduct at formative 

stages of student development. 

 

The relevance of this research extends to the global Sustainable Development Goals. By 

providing data-driven strategies to enhance character and financial literacy education, it directly 

supports SDG 4 (Quality Education) [3]. Simultaneously, by fostering integrity and 

implementing preventive mechanisms against corruptive behavior, the study contributes to 

SDG 16 (Peace, Justice, and Strong Institutions) [4]. Collectively, these objectives position the 

research at the intersection of AI innovation, educational ethics, and sustainable development. 
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2 Methodology  

2.1 Research Design 

This study adopts a mixed-method research design, integrating both quantitative and 

qualitative approaches to ensure methodological rigor and contextual depth [9, 10]. The 

quantitative component relies on structured surveys and standardized tests to gather measurable 

indicators related to cognitive, behavioral, and financial variables [11]. These data provide the 

statistical robustness required for modeling and predictive analysis. Complementing this, 

qualitative interviews with domain experts and selected participants add interpretive richness, 

allowing the research team to contextualize statistical findings within real-world practices, 

behavioral nuances, and policy considerations [12]. This dual approach enhances both the 

validity and reliability of the study outcomes [13]. 

The workflow of the research design is summarized in Figure 1, which outlines the 

sequential yet iterative process. The first stage, data collection, involves capturing raw datasets 

from multiple sources, including participant responses, observational logs, and expert feedback 

[14]. Following this, the preprocessing stage ensures data quality through cleaning, 

normalization, and transformation, reducing noise and preparing the dataset for robust 

computational analysis [15]). 

Once prepared, the data are fed into the model training and testing phase, where advanced 

machine learning algorithms are applied to identify hidden patterns, correlations, and potential 

predictive markers [16]. The results are then subjected to validation, which combines statistical 

cross-validation techniques with qualitative expert reviews to ensure that both accuracy and 

interpretability are achieved [17]. Finally, insights from the validated model inform the 

development of an early warning prototype, a decision-support tool designed to detect risk 

signals and provide actionable recommendations [18]. 

By structuring the study in this way, the research design ensures a balance between 

technical precision and practical applicability, thereby producing outcomes that are not only 

scientifically rigorous but also relevant for implementation in policy, industry, and real-world 

decision-making environments. 

 

 
Figure 1. Research Design Flow. 
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2.2 Population and Sampling 

The study targeted secondary school students, aged 13 to 18, along with their teachers, 

drawn from five schools located in both urban and semi-urban areas. To ensure a 

comprehensive and balanced representation, stratified sampling was employed, carefully 

accounting for variations in gender, socio-economic background, and academic streams. This 

approach allowed the study to capture diverse perspectives across the educational spectrum, 

ensuring that the dataset reflected the heterogeneity of the target population. In total, the 

research engaged 400 students and 80 teachers, providing a robust dataset suitable for 

meaningful analysis of behavioral and cognitive patterns within school environments. 

Population distribution and socio-demographic characteristics were informed by official 

statistics from Badan Pusat Statistik Kota Makassar (2025) [19], which provided authoritative 

baseline data to guide the sampling framework. 

2.3 Instruments 

To capture a comprehensive understanding of students’ financial literacy, cognitive 

profiles, and behavioral tendencies, a combination of quantitative and qualitative instruments 

was employed. The primary quantitative measure was a Financial Literacy Survey, adapted 

from the Organisation for Economic Co-operation and Development (OECD) framework, 

which has been widely recognized for assessing knowledge, skills, and attitudes related to 

financial decision-making among adolescents [20]. This survey was carefully tailored to reflect 

the local curriculum and contextual financial scenarios relevant to secondary school students. 

To explore cognitive and learning profiles, the study utilized a Multiple Intelligences 

Test, based on Gardner’s [21, 22] theoretical framework, which evaluates diverse domains such 

as linguistic, logical-mathematical, spatial, musical, bodily-kinesthetic, interpersonal, 

intrapersonal, and naturalistic intelligences. This instrument allowed for the identification of 

varied learning strengths that may influence students’ engagement with financial education. 

In addition, students’ self-regulatory behaviors were assessed using an Impulse Control 

and Financial Behavior Scale, a tool validated through pilot testing with a similar student cohort 

prior to the main study. This scale measures tendencies toward impulsive spending, delayed 

gratification, and practical financial habits, thereby providing insight into the behavioral 

dimension of financial literacy [23]. 

Complementing the quantitative measures, qualitative interviews were conducted with 

teachers and school administrators to gain contextualized insights into the educational 

environment, instructional practices, and perceived challenges in fostering financial literacy 

among adolescents. These semi-structured interviews enabled a deeper understanding of the 

interplay between students’ cognitive profiles, behavioral tendencies, and school-based support 

structures [9]. 

By combining these instruments, the study ensured methodological rigor through 

triangulation, capturing both measurable outcomes and rich, contextualized narratives that 

illuminate the complexities of financial literacy development in secondary school settings, as 

shown in Figure 2.  
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Figure 2. Instrument Research Overview. 

2.4 Data Preprocessing 

Before conducting the main analyses, the raw dataset underwent a series of preprocessing 

steps to ensure data quality, reliability, and suitability for subsequent statistical modeling. 

Missing data, which is a common challenge in behavioral and survey-based research, was 

addressed using the k-nearest neighbors (KNN) imputation method. This approach estimates 

missing values by leveraging the similarity between observations, thereby preserving the 

inherent structure and variability of the data without introducing significant bias [24]. Unlike 

simpler methods such as mean or median imputation, KNN-imputation maintains the 

multivariate relationships among features, which is critical for studies where interdependencies 

between behavioral indicators are of interest. 

Next, the dataset was normalized using min-max scaling, transforming all continuous 

variables to a uniform range between 0 and 1. Normalization is particularly important in studies 

where features are measured on different scales, as it prevents variables with larger magnitudes 

from disproportionately influencing the results of distance-based algorithms or machine 

learning models [15]. By standardizing the feature scales, the analysis ensured that all variables 

contributed equitably to subsequent modeling, enhancing both interpretability and 

computational stability. 

Finally, outlier detection procedures were applied specifically to behavioral variables. 

Outliers can arise due to data entry errors, unusual participant responses, or naturally extreme 

behaviors, and they can significantly distort statistical estimates if left unaddressed. Robust 

detection methods, such as interquartile range analysis and Mahalanobis distance-based 

approaches, were employed to identify and handle extreme values while minimizing the loss of 

valid, informative data points [25]. This step was crucial to maintain the integrity of the dataset 

and ensure that the subsequent analyses reflected genuine behavioral patterns rather than 

anomalies. 
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Collectively, these preprocessing steps provided a clean, standardized, and reliable 

dataset, forming a solid foundation for the subsequent analytical procedures. 

2.5 AI Model Development 

To rigorously assess the predictive relationships between individual characteristics and 

corruption risk, several artificial intelligence (AI) algorithms were developed and tested. 

Specifically, Random Forest (RF), Support Vector Machines (SVM), and Deep Neural 

Networks (DNN) were employed as candidate models, chosen for their complementary 

strengths in handling complex, high-dimensional datasets. Random Forest, an ensemble-based 

method, is particularly effective in capturing nonlinear interactions and mitigating overfitting 

through aggregation of multiple decision trees [24]. Support Vector Machines, in contrast, are 

well-suited for classification tasks with limited sample sizes and high-dimensional feature 

spaces, as they optimize the margin between classes for robust decision boundaries [26]. Deep 

Neural Networks, with their multi-layered architecture, allow for hierarchical representation 

learning, enabling the model to capture intricate patterns and interactions among features that 

might elude traditional algorithms [27]. 

The input variables for model training encompassed both behavioral and demographic 

factors, including financial literacy scores, multiple intelligences (MI) profiles, impulse control 

measures, and relevant demographic characteristics such as age, education level, and 

professional background. These features were selected based on theoretical and empirical 

evidence linking cognitive, behavioral, and socio-demographic factors to ethical decision-

making and corruption susceptibility [28]. The models were tasked with predicting the 

corruption risk score, operationalized as a categorical outcome with three levels: low, medium, 

and high. This classification approach aligns with the practical objective of identifying 

individuals at varying levels of risk, thereby enabling targeted interventions. 

Model development (Figure 3) followed a rigorous process of feature selection, 

hyperparameter tuning, and cross-validation to ensure robustness, generalizability, and 

interpretability of the predictive models. Performance metrics, including accuracy, F1-score, 

and area under the receiver operating characteristic curve (AUC-ROC), were evaluated to 

compare the predictive capabilities of the algorithms. Collectively, this multi-algorithm 

approach provides both explanatory and predictive insights into the complex interplay between 

individual attributes and corruption risk. 
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Figure 3. AI Model Development. 

• Algorithms tested: Random Forest, SVM, Deep Neural Networks. 

• Input variables: financial literacy score, MI profile, impulse control, demographic 

factors. 

• Output variable: corruption risk score (low, medium, high). 

 

2.6 Model Training and Evaluation 

The dataset was stratified into training and testing subsets using a 70/30 split, ensuring 

that class distributions were preserved across subsets to maintain representativeness and 

mitigate sampling bias. The training set (70%) was utilized for model parameter optimization, 

while the hold-out testing set (30%) provided an unbiased estimate of generalization 

performance. To further evaluate model robustness and reduce the likelihood of overfitting, a 

10-fold cross-validation scheme was employed. In this procedure, the training data was 

partitioned into ten equal folds, with iterative training on nine folds and validation on the 

remaining fold, thereby generating ten performance estimates that were subsequently averaged 

to produce stable metrics [29]. 

Model evaluation leveraged multiple quantitative metrics: accuracy, reflecting overall 

classification correctness; precision, indicating the proportion of true positives among predicted 

positives; recall, measuring sensitivity to actual positive cases; F1-score, representing the 

harmonic mean of precision and recall; and ROC-AUC, assessing the model’s discriminative 

ability across threshold variations [30]. Collectively, these complementary metrics, 

summarized in Table 1, provide a rigorous and multidimensional assessment of model 

performance, enabling nuanced interpretation of predictive reliability and class-specific 

sensitivity. 

2.7 Expert Validation 

To ensure the AI model’s outputs are not only statistically robust but also meaningful in 

real-world contexts, a panel of domain experts—including educators with extensive experience 

in financial literacy and specialists in financial ethics—conducted a systematic review of the 

model’s predictions. This expert validation process focused on two primary dimensions: 

interpretability and practical relevance. Interpretability pertains to the clarity with which the 
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model’s outputs can be understood and explained in pedagogical and applied financial settings, 

ensuring stakeholders can trust and act upon the results [31]. Practical relevance evaluates 

whether the model’s recommendations align with ethical standards and can be feasibly 

implemented within educational or financial advisory frameworks. Through iterative feedback, 

the experts provided qualitative assessments and actionable insights, enabling refinement of the 

model to better reflect nuanced domain knowledge. This step bridges the gap between 

computational performance and real-world applicability, enhancing the model’s credibility and 

utility. 

3 Result and Discussion 

3.1 Result 

3.1.1 Descriptive Statistics 

Preliminary descriptive analyses were conducted to quantify patterns in students’ 

financial literacy and behavioral characteristics as in Table 2. Within the sample, 42% of 

participants scored below the established mean threshold for financial literacy, indicating a 

notable deficiency in foundational financial knowledge. Behavioral metrics revealed that 35% 

of students demonstrated low impulse control, which exhibited a statistically significant 

positive correlation with dishonest behavior (Pearson’s r = 0.52, p < 0.01), suggesting that self-

regulatory capacity is a critical determinant of ethical decision-making [32]. In addition, 

assessment of cognitive-emotional constructs showed that intrapersonal intelligence—

operationalized as self-awareness and emotion regulation ability—was positively associated 

with ethical conduct, highlighting the predictive relevance of affective-cognitive competencies 

in moral behavior [33]. These descriptive statistics were calculated using standardized 

measures, providing quantifiable baselines for subsequent predictive modeling. Collectively, 

these findings establish an empirically grounded understanding of the behavioral and cognitive 

determinants of financial ethics, serving as a foundation for interpreting machine learning-

derived insights in later analyses. 

 

Variable / Measure Statistic / Finding Notes / Interpretation 

Financial Literacy 42% scored below average 
Indicates a substantial gap in foundational 
financial knowledge 

Impulse Control 
35% of students exhibited low 
impulse control 

Positively correlated with dishonest 
behavior (r = 0.52, p < 0.01) 

Intrapersonal 
Intelligence 

Strong association with ethical 
behavior 

Highlights cognitive-emotional factors in 
ethical decision-making 

 

Table 2. Summary of key descriptive statistics. 

 

3.1.2 AI Model Performance 

The performance of the AI models was systematically evaluated to determine their 

predictive efficacy in classifying students’ financial literacy and ethical behavior. Three distinct 

algorithms were compared: Random Forest, Support Vector Machine (SVM), and a Deep 

Neural Network (DNN). The Random Forest model achieved an overall accuracy of 78% with 

an F1-score of 0.74, reflecting a balanced performance between precision and recall. While 
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robust in handling heterogeneous data and mitigating overfitting, Random Forest demonstrated 

relatively lower sensitivity in distinguishing nuanced patterns in ethical behavior. 

In contrast, the SVM model exhibited a higher accuracy of 81% and an F1-score of 0.76, 

suggesting improved discriminatory power in identifying subtle behavioral and cognitive 

correlations. The kernel-based approach of SVM effectively mapped complex, non-linear 

relationships between features, enhancing classification performance compared to the ensemble 

decision trees [26]. 

The Deep Neural Network outperformed both traditional models, achieving an accuracy 

of 86%, an F1-score of 0.82, and a ROC-AUC of 0.89. This superior performance underscores 

the DNN’s capacity to capture intricate, high-dimensional interactions among variables, such 

as the interplay between intrapersonal intelligence, impulse control, and ethical decision-

making. The AI model comparison (Table 3) visually illustrates the enhanced true positive rates 

across varying thresholds, emphasizing the DNN’s robustness and reliability in predictive 

applications. 

Overall, these results indicate that while traditional machine learning models provide 

reasonable predictive power, deep learning approaches offer significant advantages in modeling 

complex cognitive and behavioral phenomena. The findings provide empirical evidence 

supporting the integration of advanced AI techniques in educational and ethical behavior 

research, facilitating more accurate assessments and actionable insights for stakeholders. 

Table 3. AI Model Comparison. 

Model Accuracy F1-Score ROC-AUC Performance Summary 

Random Forest 78% 0.74 0.81 
Moderate accuracy; good balance 

between precision and recall 

Support Vector Machine 81% 0.76 0.85 
Improved discrimination; captures 

non-linear patterns 

Deep Neural Network 86% 0.82 0.89 
Best overall; captures complex 

feature interactions effectively 

 

3.1.3 Feature Importance 

Understanding which factors most strongly influence model predictions is crucial for both 

interpretability and practical application. Feature importance analysis revealed that the three 

most influential predictors were impulse control, financial literacy, and intrapersonal 

intelligence. Impulse control emerged as a critical determinant, consistent with prior research 

linking self-regulatory capacity to ethical decision-making and financial behavior [32]. 

Similarly, financial literacy itself demonstrated substantial predictive power, underscoring the 

foundational role of knowledge in shaping responsible financial and ethical choices. 

Intrapersonal intelligence, reflecting individuals’ self-awareness and ability to regulate 

emotions, was also a key predictor, highlighting the cognitive-emotional mechanisms 

underlying ethical conduct [33]. 

 

While demographic variables such as gender and socio-economic status exerted 

comparatively weaker influence, they nonetheless contributed meaningful context, suggesting 

that broader socio-cultural factors shape students’ financial and ethical behavior in nuanced 

ways. This layered understanding allows educators and policymakers to identify both universal 
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and context-specific interventions. Collectively, these insights demonstrate that model 

performance is not only determined by technical optimization but also by meaningful, 

interpretable features that align with established theoretical frameworks, bridging 

computational results with real-world applicability. 

 

3.2 Discussion 

This study extends the literature on behavioral finance and educational ethics by 

integrating neurofinancial management with AI predictive modeling. It demonstrates that 

corruptive behavior can be meaningfully predicted from financial, psychological, and cognitive 

indicators. The early warning system prototype enables schools to intervene proactively. For 

instance, students with low impulse control and poor financial literacy can receive focused 

character education modules. Teachers can also benefit from insights to guide ethical classroom 

management [34]. 

Findings corroborate prior studies on the role of financial literacy in ethical behavior [35], 

while extending them with AI-based predictive capacity. Unlike earlier research that primarily 

relied on surveys, this study operationalizes risk detection through computational modeling. 

This study is subject to several limitations that should be acknowledged. First, the sample 

was restricted to five schools, which may limit the generalizability of the findings to broader 

national or international contexts. Second, the reliance on self-reported instruments, such as 

surveys on financial literacy and impulse control, may introduce bias due to participants’ 

subjective responses or social desirability tendencies. Finally, while the algorithmic models 

demonstrated strong predictive potential, their interpretability in real-world school settings 

remains a challenge, particularly for educators and policymakers who may not be familiar with 

the underlying technical processes. 

Future research can build on this work in several important ways. Expanding the study to 

include larger and more diverse datasets at the national level would enhance the validity and 

applicability of the proposed model. Integrating reinforcement learning could also enable the 

system to provide dynamic and adaptive intervention strategies that evolve based on student 

and teacher behaviors over time. Moreover, exploring cross-cultural applications of the 

framework would help assess its universality and adaptability, ensuring that the model can 

effectively support anti-corruption education in different educational and cultural contexts. 

 

4 Conclusion 

This study introduces and empirically validates an Artificial Intelligence–Driven 

Neurofinancial Model designed to identify early indicators of corruptive behavior within 

educational contexts. Analytical findings demonstrate that impulse control, financial literacy, 

and intrapersonal intelligence function as robust predictors of corruption risk, underscoring the 

interplay between cognitive, behavioral, and emotional factors in ethical decision-making. 

Among the AI approaches evaluated, deep learning models exhibited the highest predictive 

accuracy and reliability, highlighting their capacity to capture complex, non-linear relationships 

inherent in neurofinancial and behavioral data. By integrating AI methodologies with 

neurofinancial management principles and the theory of multiple intelligences, this research 

offers both a conceptual advancement and a practical framework for promoting integrity in 

school environments. The work also contributes directly to the global education and governance 
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agenda, supporting SDG 4 (Quality Education) and SDG 16 (Peace, Justice, and Strong 

Institutions). Stakeholders, including educators, policymakers, and researchers, are encouraged 

to adopt such predictive, data-driven approaches to proactively cultivate ethical behavior from 

the earliest stages of student development. 
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