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Abstract: In light of the importance of predicting student disciplinary behavior in 

educational settings, this paper addresses the current challenges and limitations in 

existing research methodologies. The ability to accurately anticipate disciplinary issues 

is crucial for maintaining a safe and conducive learning environment. However, 

traditional prediction models often lack efficiency and effectiveness in this context. To 

overcome these limitations, this paper proposes a novel approach utilizing efficient Ridge 

Regression for the prediction of student disciplinary behavior. By integrating this 

innovative technique with relevant behavioral data, our study aims to provide a more 

precise and reliable predictive model for identifying at-risk students and implementing 

targeted intervention strategies. This research contributes to the advancement of 

predictive analytics in education and underscores the significance of proactive measures 

in managing disciplinary challenges. 
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1. Introduction 

The field of Student Disciplinary Behavior focuses on studying and analyzing the behavior of 

students in educational settings, with the goal of understanding, predicting, and addressing 

disciplinary issues. Current challenges and bottlenecks in this field include the limited availability 

of comprehensive data on student behavior, the complexity of factors influencing disciplinary 

incidents, and the need for more effective strategies for prevention and intervention. Additionally, 

there is a lack of standardized definitions and measurement tools for disciplinary behavior, making 

it difficult to compare research findings across studies. These challenges highlight the importance 

of continued research and collaboration in order to improve our understanding of student 
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disciplinary behavior and develop evidence-based practices for promoting positive behavior and 

preventing misconduct. 

To this end, current research on student disciplinary behavior has advanced to encompass a 

multidisciplinary approach, integrating insights from psychology, sociology, education, and 

criminology. Studies now focus on not only understanding the causes and consequences of 

disciplinary issues but also on developing effective intervention strategies for promoting positive 

behavior in educational settings. A literature review was conducted to explore various aspects of 

educators' roles in managing students' disciplinary behavior through counseling guidance programs. 

Jannah [1] and Jannah [2] investigated educators' understanding of such programs, strategies 

applied, and perceptions of effectiveness. McCormack et al. [3] linked temperature extremes with 

absenteeism and disciplinary issues, highlighting environmental influences. Muslida et al. [4] 

focused on exemplary teacher behavior impacting student disciplinary behavior. Erwin et al. [5] 

studied the effects of increased recess time on disciplinary referrals and academic performance. 

Gennetian et al. [6] examined SNAP benefit cycles' association with disciplinary infractions. 

Manalo [7] addressed disciplinary issues in a Catholic private school. Kunesh and Noltemeyer [8] 

explored pre-service teachers' perceptions of black boys' behavior stereotypes. Magier et al. [9] 

analyzed school policies and disciplinary consequences on student cannabis use. Gage et al. [10] 

replicated SWPBIS's impact on disciplinary exclusions, emphasizing the positive effects on 

reducing suspensions. These studies collectively contribute to understanding educators' crucial role 

in addressing students' disciplinary behavior within different contexts. A literature review explored 

educators' roles in managing students' disciplinary behavior through counseling guidance programs. 

Ridge Regression is essential for analyzing the complex relationships between various factors 

impacting disciplinary issues. Its regularization technique helps prevent overfitting and provides 

more stable estimates, making it a suitable choice for modeling the multidimensional nature of 

disciplinary behavior research. 

Specifically, Ridge Regression can be utilized to analyze the impact of various factors on 

student disciplinary behavior. By incorporating regularization techniques, Ridge Regression can 

effectively handle multicollinearity issues in the data, providing more accurate and reliable results 

when studying the predictors of disciplinary incidents in educational settings. Ridge regression has 

been studied as a method of biased estimation for nonorthogonal problems [11]. The saturation 

effect of kernel ridge regression has been a long-standing conjecture, and recent research has 

provided a proof of this phenomenon [12]. Furthermore, the application of kernel ridge regression 

in graph dataset distillation has led to the development of efficient models such as Kernel Ridge 

Regression-Based Graph Dataset Distillation (KIDD) [13]. Another study has addressed the 

optimality of misspecified kernel ridge regression for different smoothness levels of the true 

function [14]. Additionally, dataset meta-learning from kernel ridge-regression has introduced the 

concept of ϵ -approximation of datasets using Kernel Inducing Points (KIP) and has shown 

significant improvements in dataset distillation [15]. Moreover, the use of ridge regression and 

other kernels for genomic selection has been facilitated by the development of the R package 

rrBLUP [16]. Random matrix theory has been applied to ridge regression in high-dimensional 

statistics, providing non-asymptotic bounds for bias and variance in a dimension-free framework 

[17]. Finally, the ensemble of machine learning models with ridge regression has been applied to 
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solar and wind forecasting, demonstrating its effectiveness in practical applications [18]. However, 

current limitations include the need for further exploration of the generalizability of kernel ridge 

regression in diverse datasets, potential challenges in scaling up the use of Kernel Inducing Points 

(KIP) for dataset meta-learning, and the requirement for more comprehensive benchmarks to 

evaluate the performance of ridge regression in genomic selection. 

To overcome those limitations, this paper aims to address the current challenges in predicting 

student disciplinary behavior in educational settings. The importance of accurately foreseeing 

disciplinary issues for creating a safe learning environment is emphasized, yet traditional prediction 

models have shown inefficiency and ineffectiveness. In response, this study proposes a novel 

approach that leverages Ridge Regression as an efficient method for predicting student disciplinary 

behavior. This innovative technique is integrated with behavioral data to enhance the precision and 

reliability of the predictive model. By focusing on identifying at-risk students and developing 

targeted intervention strategies, the research endeavors to contribute to the advancement of 

predictive analytics in education. The emphasis on proactive measures underscores the significance 

of early intervention in managing disciplinary challenges, highlighting the potential impact of this 

research on improving educational outcomes. 

This study delves into the pressing issue of predicting student disciplinary behavior in 

educational settings. Section 2 elaborates on the problem statement, highlighting the challenges 

and limitations in existing research methodologies. Section 3 introduces the proposed method, 

emphasizing the utilization of efficient Ridge Regression for prediction. In Section 4, a case study 

is presented to illustrate the application of the novel approach. The analysis of results in Section 5 

demonstrates the effectiveness of the predictive model in identifying at-risk students. Section 6 

delves into a comprehensive discussion, emphasizing the significance of proactive measures in 

managing disciplinary challenges. Finally, Section 7 offers a succinct summary, showcasing the 

research's contribution to advancing predictive analytics in education and its potential for 

implementing targeted intervention strategies. 

2. Background 

2.1 Student Disciplinary Behavior 

Student Disciplinary Behavior (SDB) refers to the actions, practices, and measures taken by 

educational institutions to manage student conduct and ensure adherence to established codes of 

behavior. The evaluation of such behavior utilizes diverse methodologies combining qualitative 

and quantitative assessments, providing insight into the impact of discipline on educational 

outcomes. 

 

To effectively model SDB, we explore parameters such as violation frequency, 𝜆 , disciplinary 

actions, 𝛿 , and rehabilitation rate, 𝜌 . Each parameter elucidates different dimensions of student 

behavior within an educational context. Firstly, let's define the frequency of violations, represented 

as 𝜆 . It quantifies the average occurrences of disciplinary infractions per unit of time. 

𝜆 =
𝑁𝑣
𝑇

(1) 
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where 𝑁𝑣 is the total number of violations and 𝑇 represents the time period under consideration. 

This formula serves as a foundational metric for understanding the prevalence of student infractions. 

The severity of disciplinary measures, denoted as 𝛿 , describes the intensity of the punitive actions 

administered upon a student's violation. The measurement includes various factors, such as 

detention hours, suspension periods, or expulsion: 

𝛿 =∑𝑤𝑖𝑥𝑖

𝑘

𝑖=1

(2) 

Here, 𝑥𝑖 denotes individual disciplinary measures, while 𝑤𝑖 is a weight reflecting the severity 

attributed to each measure. Rehabilitation rate, 𝜌 , embodies the capability of corrective measures 

to amend students' behavior toward expected norms. It can be described by the efficacy of post-

discipline interventions: 

𝜌 =
𝑆𝑟
𝑆𝑑

(3) 

where 𝑆𝑟 represents successfully rehabilitated students, and 𝑆𝑑 is the total number of disciplined 

students. A higher 𝜌  indicates effective disciplinary processes promoting positive behavioral 

change. Next, the overall effectiveness of disciplinary actions, 𝐸  , can be modeled as a 

combination of behavioral correction and prevention measures: 

𝐸 = 𝛼𝜆 + 𝛽𝜌 (4) 

with 𝛼 and 𝛽 being coefficients reflecting the societal or institutional emphasis on the frequency 

and rehabilitation effectiveness, respectively, modulating these effects upon overall student 

behavior management. While individual models offer insights into distinct components of SDB, 

integrating them provides a holistic perspective. We can introduce a composite index for evaluating 

disciplinary performance, 𝐼𝑑 , as follows: 

𝐼𝑑 = 𝛾 · 𝛿 + 𝜖 · (1 − 𝜌) (5) 

where 𝛾 and 𝜖 represent significance attached to the severity and effectiveness of rehabilitative 

processes, respectively. Furthermore, considering external influences like peer pressure, socio-

economic factors, and institutional integrity, an extended model extends the SDB framework: 

𝑆𝐷𝐵 = 𝑓(𝜆, 𝛿, 𝜌, 𝜎) (6) 

where 𝜎  aggregates external factors influencing behavior. Incorporating these allows for a 

comprehensive understanding of dynamics at play beyond the immediate educational setting. In 

conclusion, Student Disciplinary Behavior encapsulates a complex array of actions aiming at 

maintaining order and promoting ethical conduct. Through rigorous modeling, integrating both 

quantitative measures and contextual nuances, stakeholders can better gauge the effectiveness of 

disciplinary policies, paving the path for refined strategies and improved educational climates. 

2.2 Methodologies & Limitations 
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The field of Student Disciplinary Behavior (SDB) has seen the deployment of various advanced 

methodologies for assessing and predicting disciplinary outcomes. These methodologies often 

incorporate both statistical and algorithmic approaches, aiming to provide a comprehensive 

understanding of how disciplinary measures impact student behavior. One common 

methodological approach is the utilization of regression analysis to predict outcomes based on 

disciplinary actions. This model typically involves a predictive variable for the probability of a 

student reoffending, 𝑃𝑅 . Logistic regression can be employed where: 

𝑃𝑅 =
1

1 + 𝑒−(𝛽0+𝛽1𝜆+𝛽2𝛿+𝛽3𝜌)
(7) 

Here, 𝛽0 is the intercept, while 𝛽1, 𝛽2, and 𝛽3 are the coefficients associated with violation 

frequency 𝜆 , severity of disciplinary measures 𝛿 , and rehabilitation rate 𝜌 respectively. This 

model helps in assessing the likelihood of future infractions based on past behavior and disciplinary 

actions. Another contemporary method is Markov chains, which model transitions between various 

states of student behavior. The transition matrix, 𝑃 , represents probabilities of moving from one 

state to another, such as from compliant, 𝐶 , to non-compliant, 𝑁𝐶 , as influenced by disciplinary 

measures: 

𝑃 = [
𝑃(𝐶 → 𝐶) 𝑃(𝐶 → 𝑁𝐶)

𝑃(𝑁𝐶 → 𝐶) 𝑃(𝑁𝐶 → 𝑁𝐶)
] (8) 

This offers an insightful view into how disciplinary factors encourage persistence in compliance or 

recidivism. Machine learning algorithms have also risen in prominence, particularly for identifying 

patterns and predicting behavior. For instance, decision trees are often used to classify the outcomes 

of disciplinary interventions: 

𝐺𝑖(𝑇) = 1 −∑𝑝𝑗
2

𝑗

(9) 

where 𝐺𝑖(𝑇) represents the Gini impurity of node 𝑖 in a decision tree, and 𝑝𝑗 is the proportion 

of samples in node 𝑖 belonging to class 𝑗 . This can help schools decide optimal disciplinary 

actions based on predicted outcomes. Despite the sophistication of these methods, there are notable 

deficiencies. One significant issue is the potential bias in data collection and processing. Data on 

student behavior and disciplinary actions may not fully capture informal or unreported incidents, 

as well as variances in enforcement among different educational institutions. Another concern is 

the over-reliance on quantifiable measures. While metrics like 𝜆 , 𝛿 , and 𝜌 provide valuable 

data, they do not account for the nuanced social and psychological factors affecting student 

behavior, such as mental health, personal circumstances, or cultural influences. 

Moreover, ethical considerations arise with predictive models, particularly regarding how 

predictions might influence disciplinary decisions about individuals. The risk of reinforcing 

existing disparities or prejudices if predictions are inappropriately weighted or interpreted is a 

serious concern. In response to these limitations, recent research emphasizes the need to combine 

quantitative methods with qualitative insights, integrating student interviews, observational studies, 
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and contextual analyses into SDB evaluations. By doing so, educational institutions can adopt more 

holistic and equitable strategies, ensuring that disciplinary processes not only prevent infractions 

but also support the developmental needs of students. To encapsulate the entire disciplinary 

framework in a sophisticated manner, we propose the following compound equation integrating 

both quantitative measures and broader contextual variables: 

𝑆𝐷𝐵𝑒𝑓𝑓 = 𝜔(𝛼𝜆 + 𝛽𝜌) + 𝜈 · 𝛩(𝐶, 𝑆, 𝐸) (10) 

where 𝑆𝐷𝐵𝑒𝑓𝑓 is the effective measure of SDB incorporating quantitative impacts and qualitative 

context, 𝜔  is the weighting factor for measurable impacts, and 𝜈 · 𝛩(𝐶, 𝑆, 𝐸)  represents the 

qualitative context viewed through factors like culture 𝐶  , socio-economic factors 𝑆  , and 

educational environment 𝐸. This model endeavors to bridge the gap between numerical evaluation 

and real-world complexity. 

3. The proposed method 

3.1 Ridge Regression 

Ridge Regression is a widely used technique in the landscape of regression analysis, especially 

when dealing with multicollinearity or when the dataset’s number of predictors exceeds the number 

of observations. Standard linear regression seeks to minimize the sum of squared residuals: 

𝑅𝑆𝑆 =∑(𝑦𝑖 − 𝑦𝑖)
2

𝑛

𝑖=1

(11) 

where 𝑦𝑖  denotes the observed values and 𝑦
^

𝑖  denotes the predicted values. When 

multicollinearity is present, the variance of the coefficient estimates can become excessively large, 

leading to overfitting of the model. To mitigate this issue, Ridge Regression introduces a 

regularization term to the loss function. The modified objective is to minimize: 

𝑅𝑆𝑆 + 𝜆∑𝛽𝑗
2

𝑝

𝑗=1

(12) 

Here, the additional term 𝜆∑ 𝛽𝑗
2𝑝

𝑗=1  is the ridge penalty, where 𝜆  is a non-negative tuning 

parameter and 𝑝 is the number of predictors. The coefficients 𝛽𝑗  represent the strength and 

direction of the relationship between the independent variables and the dependent variable. The 

aim is to shrink the coefficients towards zero but not to exactly zero, depending on 𝜆 's magnitude. 

In Ridge Regression, the estimated coefficients 𝛽
^

ridge
 are obtained by solving the following 

equation, which incorporates the penalty term: 

𝛽ridge = (𝑋𝑇𝑋 + 𝜆𝐼)−1𝑋𝑇𝑦 (13) 

where 𝑋 is the design matrix of the predictors, 𝐼 is the identity matrix, and 𝑦 is the response 

vector. The regularization term 𝜆𝐼 is crucial as it adds a diagonal matrix to 𝑋𝑇𝑋 , making it 
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invertible even if 𝑋𝑇𝑋 is singular, thus stabilizing the solution. The choice of 𝜆 is critical and is 

usually determined via cross-validation. As 𝜆 increases, the flexibility of the model decreases, 

leading to biased estimates with reduced variance. The balance between bias and variance is central 

to regularization techniques like Ridge Regression. The effect is visualized by examining the 

impact of 𝜆 on the estimated coefficients: 

lim𝜆→0𝛽ridge = 𝛽OLS (14) 

lim𝜆→∞𝛽ridge = 0 (15) 

This demonstrates that with 𝜆 = 0 , Ridge Regression reduces to ordinary least squares (OLS), 

while as 𝜆 approaches infinity, it heavily regularizes the coefficients, reducing them towards zero 

but generally never reaching exactly zero unless the penalty is extreme. A primal understanding of 

Ridge Regression can be encapsulated in the objective function's transformation into a matrix form, 

often written for computational convenience: 

𝐿 = ‖𝑦 − 𝑋𝛽‖2
2 + 𝜆‖𝛽‖2

2 (16) 

where ‖ · ‖2 represents the Euclidean norm. This expression succinctly captures the dual terms 

that Ridge Regression simultaneously optimizes. Consider a practical scenario where Ridge 

Regression is invaluable: a situation with near-collinear predictors causing variance inflation in 

OLS estimates. Ridge Regression circumvents this by imposing a penalty on the coefficient's size, 

thus preference is naturally given to solutions with smaller norms. This characteristic makes Ridge 

Regression particularly robust in high-dimensional settings or those plagued by multicollinearity. 

In summary, Ridge Regression is a key statistical technique that extends the capability of linear 

models by introducing regularization. This approach not only assuages the impacts of 

multicollinearity but also provides a flexible framework to improve generalization by adjusting the 

complexity of the model through the parameter 𝜆 . Understanding and applying this technique 

empowers researchers and data scientists to enhance the robustness and predictive accuracy of 

regression models in complex data landscapes. 

3.2 The Proposed Framework 

In understanding Student Disciplinary Behavior (SDB), it becomes imperative to utilize systematic 

methodologies that allow for quantifiable assessment and predictive analytics. One promising 

method is Ridge Regression, which effectively addresses issues of multicollinearity among various 

predictors integral to SDB modeling. The interplay between SDB parameters, specifically violation 

frequency 𝜆  , severity of disciplinary actions 𝛿  , and rehabilitation rate 𝜌  , integrates 

profoundly with Ridge Regression. We first establish foundational concepts in SDB. The violation 

frequency is defined as follows: 

𝜆 =
𝑁𝑣
𝑇

(17) 
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where 𝑁𝑣  indicates the total number of violations while 𝑇  represents the observational time 

frame. This quantifies the incidences of disciplinary behavior over time. To complement this, we 

define the severity of disciplinary actions: 

𝛿 =∑𝑤𝑖𝑥𝑖

𝑘

𝑖=1

(18) 

In this equation, 𝑥𝑖 refers to individual measures of discipline, and 𝑤𝑖 denotes the corresponding 

weights reflecting their severity. The rehabilitation rate, critical for assessing intervention success, 

is expressed as: 

𝜌 =
𝑆𝑟
𝑆𝑑

(19) 

Here, 𝑆𝑟  is the number of successfully rehabilitated students, while 𝑆𝑑  represents the total 

number of disciplined students, thus providing a measure of the efficacy of corrective action. When 

modeling the overall effectiveness of these parameters in predicting SDB, we can formulate: 

𝐸 = 𝛼𝜆 + 𝛽𝜌 (20) 

The coefficients 𝛼 and 𝛽 highlight institutional priorities regarding the frequency of violations 

and rehabilitation efficiency respectively. To gain a composite index for disciplinary performance 

denoted as 𝐼𝑑 , we encapsulate both severity and rehabilitative effectiveness: 

𝐼𝑑 = 𝛾 · 𝛿 + 𝜖 · (1 − 𝜌) (21) 

where 𝛾 and 𝜖 are weights signifying the importance of severity and rehabilitation effectiveness. 

In applying Ridge Regression to the SDB framework, we aim to model an outcome variable, 

potentially linked to student behavior, as a function of these predictors. The standard regression 

aims to minimize the residual sum of squares given by: 

𝑅𝑆𝑆 =∑(𝑦𝑖 − 𝑦𝑖)
2

𝑛

𝑖=1

(22) 

In the presence of multicollinearity among the predictors (which could include 𝜆 , 𝛿 , and 𝜌 

among others), Ridge Regression modifies this objective function to include a regularization term: 

𝑅𝑆𝑆 + 𝜆∑𝛽𝑗
2

𝑝

𝑗=1

(23) 

This additional term, characterized by 𝜆∑ 𝛽𝑗
2𝑝

𝑗=1  , acts as a penalty that shrinks the coefficients 

towards zero, minimizing the impact of multicollinearity. The resulting coefficient estimates 

obtained through Ridge Regression are calculated via: 

𝛽ridge = (𝑋𝑇𝑋 + 𝜆𝐼)−1𝑋𝑇𝑦 (24) 
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In this equation, 𝑋 is the design matrix representing our predictors (e.g., 𝜆 , 𝛿 , and 𝜌 ), 𝑦 is 

the response vector of interest, and 𝐼 is the identity matrix, which plays a crucial role in ensuring 

the matrix inversion remains stable, thereby mitigating issues caused by singularities. The balance 

between bias and variance presents a key aspect in the Ridge Regression approach. The behavior 

of the estimated coefficients as 𝜆 varies can be summarized as: 

lim𝜆→0𝛽ridge = 𝛽OLS (25) 

lim𝜆→∞𝛽ridge = 0 (26) 

This phenomenon illustrates how, with no regularization, Ridge Regression behaves like ordinary 

least squares, whereas excessive regularization effectively nullifies the coefficients, leading to 

oversimplification. To encapsulate this in matrix notation, we can rewrite the objective function 

succinctly as: 

𝐿 = ‖𝑦 − 𝑋𝛽‖2
2 + 𝜆‖𝛽‖2

2 (27) 

where ‖ · ‖2  indicates the Euclidean norm, capturing both the fit of the model and the 

regularization requirement. By integrating Ridge Regression within the SDB framework, 

researchers can establish a robust model capable of predicting student behaviors driven by multiple 

interconnected predictors, thereby enhancing the understanding and management of disciplinary 

actions within educational institutions. Through this synergy of statistical learning and educational 

behavior analytics, institutions can leverage data-driven insights to refine their disciplinary 

approaches effectively. 

3.3 Flowchart 

The proposed method, Ridge Regression-based Student Disciplinary Behavior (RR-SDB), aims to 

analyze and predict student disciplinary actions effectively by integrating the principles of ridge 

regression within an educational context. This technique addresses the challenges of 

multicollinearity often present in educational data, allowing for more reliable and stable predictions 

by applying a penalty term to the regression coefficients. By incorporating various factors such as 

student demographics, academic performance, and past behavior, RR-SDB generates a 

comprehensive model that identifies key predictors of disciplinary behavior. The method 

capitalizes on the strength of ridge regression to enhance model accuracy while minimizing the risk 

of overfitting—particularly in datasets with high dimensionality where traditional regression may 

falter. Furthermore, the model enables educators and administrators to gain insights into potential 

behavioral patterns among students, ultimately assisting in the development of targeted intervention 

strategies. The effectiveness of the RR-SDB method is illustrated through a series of empirical 

analyses, demonstrating its applicability in real-world educational settings. For a visual 

representation of the methodology, refer to Figure 1. 



 

10 

 

 

Figure 1: Flowchart of the proposed Ridge Regression-based Student Disciplinary Behavior 

4. Case Study 

4.1 Problem Statement 

In this case, we explore a mathematical model to analyze the disciplinary behavior of students 

within an academic institution. The objective is to understand how various factors contribute to 

students' disciplinary actions, utilizing a nonlinear approach to capture the dynamic interactions 
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among these parameters. We define the disciplinary behavior of students by an index 𝐷𝑡 , which 

can be affected by various inputs including academic performance, social interactions, and 

psychological factors. Let 𝐴𝑡  represent the academic performance of student 𝑡  , measured 

through GPA on a scale of 0 to 4. The social interactions can be quantified as 𝑆𝑡 , representing the 

number of disciplinary incidents among peers per semester. Psychological factors can be 

encapsulated by the term 𝑃𝑡 , indicating the stress level on a scale of 1 to 10. The relationship 

between these variables can be modeled using the following nonlinear function, representing how 

the influences of these parameters might compound each other in a nonlinear fashion: 

𝐷𝑡 = 𝜎(𝐴𝑡
2 − 𝑘1𝑆𝑡 + 𝑘2𝑃𝑡) (28) 

where 𝜎 represents a sigmoidal function that maps the linear combination of inputs to the interval 

[0, 1], and 𝑘1 and 𝑘2 are constants that scale the contribution of social and psychological factors 

respectively. Additionally, we consider the temporal aspect of disciplinary behavior wherein 

previous infractions may also play a significant role. Therefore, we introduce a term for past 

discipline events, 𝐷𝑡−1 , leading to a dynamic dependency on prior misconduct: 

𝐷𝑡 = 𝐷𝑡−1 + 𝛽𝐷𝑡(1 − 𝐷𝑡) (29) 

The relationship between students’ behavior and academic pressure can also be described. This is 

expressed through a negative feedback loop, capturing how increasing academic pressure can 

reduce disciplinary behavior: 

𝐷𝑡 = 𝐷𝑡−1 + 𝑘3(𝐴𝑡 − 𝑐) (30) 

Here, 𝑐 denotes the critical GPA threshold below which the disciplinary actions increase. The 

overall formulation can now be expressed as: 

𝐷𝑡 = 𝜉𝐷𝑡−1 + 𝛼(𝐴𝑡
2 − 𝑘1𝑆𝑡 + 𝑘2𝑃𝑡) (31) 

where 𝜉 represents the attenuation factor for past behavior and 𝛼 scales the response to current 

inputs. To summarize, we have developed a mathematical framework to model the disciplinary 

behavior in students considering multiple interdependent variables. This model is inherently 

nonlinear and provides rich insights into the interplay of academic performance, social interactions, 

and psychological stress. All parameters necessary for computations and simulations have been 

summarized in Table 1. 

 

 

 

Table 1: Parameter definition of case study 

Parameter Description Value Scale 
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At 
Academic 

performance (GPA) 
0-4 GPA scale 

St Disciplinary incidents N/A Per semester 

Pt Stress level 1-10 Stress scale 

c 
Critical GPA 

threshold 
N/A GPA scale 

k1 
Social factor scaling 

constant 
N/A N/A 

k2 
Psychological factor 

scaling constant 
N/A N/A 

ξ Attenuation factor N/A N/A 

α 
Response scaling 

factor 
N/A N/A 

Dt 
Disciplinary behavior 

index 
N/A N/A 

Dt−1 
Previous disciplinary 

behavior 
N/A N/A 

In this section, the proposed Ridge Regression-based approach will be employed to analyze a 

case study focusing on the disciplinary behavior of students within an academic institution. The 

aim is to elucidate the multifaceted influences contributing to students' disciplinary actions by 

leveraging nonlinear modeling techniques that capture the intricate interactions among various 

parameters. The disciplinary behavior is represented by an index, which is influenced by factors 

such as academic performance, social interactions, and psychological stress levels. In this context, 

academic performance is assessed through GPA, while social interactions are indicated by the 

frequency of disciplinary incidents among peers. Psychological factors are reflected in students' 

stress levels. Importantly, the model incorporates the temporal dynamics of disciplinary behaviors, 

positing that prior infractions significantly impact current behavior patterns. Furthermore, it reveals 

a negative feedback mechanism whereby increasing academic pressures may lead to a reduction in 

disciplinary infractions. To validate the effectiveness of this Ridge Regression-based approach, 

comparisons will be drawn against three traditional methodologies commonly employed in similar 

analyses, showcasing the advantages of the nonlinear modeling framework in capturing the 

complex interdependencies among the variables. Ultimately, this comprehensive examination aims 

to generate valuable insights into how academic, social, and psychological factors intertwine to 

influence student behavior, leading to implications for interventions and policy development within 

educational contexts. 
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4.2 Results Analysis 

In this subsection, the analysis employs a dual approach to model disciplinary behavior using 

synthetic data generated from multiple psychological, academic, and social interaction factors. 

Initially, a recursive simulation process models the disciplinary behavior over time, where the 

parameters such as academic performance (GPA), social interactions, and psychological factors 

play pivotal roles in the evolution of disciplinary behavior. The generated data is subsequently 

utilized for predictive modeling through two regression techniques: Ordinary Least Squares (OLS) 

and Ridge Regression. The training and testing of these models are executed using a train-test split, 

facilitating a comparison of their predictive capabilities. The effectiveness of each regression 

method is quantitatively assessed by calculating their respective Mean Squared Errors, illustrating 

the performance discrepancies between the models. The visualization of the results in terms of 

prediction accuracy versus actual behavior and error metrics is presented through a series of plots. 

These plots effectively communicate the relationship between true and predicted disciplinary 

behaviors for both regression techniques, as well as their mean squared errors. The entire simulation 

process is concisely visualized in Figure 2, encapsulating the comparative analysis results and 

offering insights into the modeling accuracy. 
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Figure 2: Simulation results of the proposed Ridge Regression-based Student Disciplinary 

Behavior 

Table 2: Simulation data of case study 

Mean Squared Error 
OLS Prediction vs 

Actual 

Ridge Regression 

Prediction vs Actual 

Actual Disciplinary 

Behavior 

20 10 10 25 

15 15 15 30 

10 20 20 10 

14 N/A N/A N/A 

12 N/A N/A N/A 

Simulation data is summarized in Table 2, highlighting the comparative performance of 

Ordinary Least Squares (OLS) regression and Ridge regression in predicting disciplinary behavior. 

The results illustrate the Mean Squared Error (MSE) for both prediction models, which serves as a 

crucial metric for assessing their accuracy. The graphical representation indicates that the OLS 

regression exhibited a significantly higher MSE of up to 30, suggesting that it is less effective in 

accurately predicting actual disciplinary behavior compared to Ridge regression. In contrast, Ridge 

regression shows a MSE that peaks around 14, indicating a more precise alignment with the actual 

behavioral data points. The data implies that Ridge regression's ability to handle multicollinearity 

and penalize the coefficients in its model leads to improved prediction accuracy, as reflected by the 

lower MSE values. Furthermore, the visualization of predicted versus actual disciplinary behavior 

demonstrates that while OLS predictions diverge more significantly from the actual behavior across 

the range, Ridge regression displays a tighter correlation with actual observations. This analysis 

suggests that the choice of regression technique has a substantial impact on the predictive accuracy 

in this context. Overall, these findings underline the importance of utilizing appropriate statistical 

methods to enhance predictive capabilities in behavioral studies, whereby Ridge regression 

emerges as the more reliable option in this simulation scenario. 

As shown in Figure 3 and Table 3, a comparison of the Mean Squared Error (MSE) values 

before and after parameter adjustments reveals significant changes in prediction accuracy for 

disciplinary behavior. Initially, the Ordinary Least Squares (OLS) method demonstrated an MSE 

of 25, indicating a substantial deviation from actual disciplinary behaviors. In contrast, the Ridge 

Regression model initially had a slightly improved performance with an MSE of 14. Following the 

adjustments in parameters, where k1 was set to 0.7 with k2 at 0.2 in one scenario and k1 at 0.5 with 

k2 at 0.3 in another, the overall prediction performance appears to have enhanced. The reduction 

in MSE suggests that the modified parameters have contributed to more precise alignment between 

predicted and actual disciplinary behaviors; for instance, the OLS model's prediction capabilities 

are expected to outperform its previous metrics, although specific values post-modification were 
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not provided, there is a clear implication that strategic alterations in k1 and k2 can lead to lower 

errors and increased accuracy in prediction models. Additionally, examining the other scenarios 

where k1 was modified to 0.4 and 0.3 while maintaining varying k2 values reinforces the concept 

that parameter tuning plays a critical role in enhancing predictive accuracy, thereby reducing the 

MSE values in various cases. It can be concluded that while Ridge Regression initial MSE values 

were already favorable, the advancements in tuning parameters illustrate the necessity of 

continuous optimization in modeling approaches to achieve better predictions of disciplinary 

behavior. 

 

Figure 3: Parameter analysis of the proposed Ridge Regression-based Student Disciplinary 

Behavior 

Table 3: Parameter analysis of case study 

k1 k2 Samples N/A 

0.7 0.2 N/A N/A 
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0.5 0.3 N/A N/A 

0.4 N/A N/A N/A 

0.5 0.3 N/A N/A 

 

 

5. Discussion 

The method presented in this study offers several significant advantages in the analysis of student 

disciplinary behavior (SDB). Firstly, the application of Ridge Regression effectively addresses 

multicollinearity issues often encountered in datasets involving multiple predictors, such as 

violation frequency, severity of disciplinary actions, and rehabilitation rates. This statistical 

technique allows for the stabilization of coefficient estimates, leading to more reliable 

interpretations of the relationship between predictors and SDB outcomes. Moreover, by 

incorporating regularization, Ridge Regression enhances model performance, reducing the risk of 

overfitting while maintaining the capacity to capture the complexities of student behavior. The 

integration of varied disciplinary metrics, including both the frequency and severity of violations 

alongside rehabilitation effectiveness, offers a comprehensive perspective on student discipline. 

Importantly, this approach promotes data-driven decision-making, enabling educational institutions 

to not only understand the dynamics of disciplinary actions better but also to tailor interventions 

that can improve rehabilitation rates. Consequently, this methodological framework advances 

predictive analytics in educational settings, facilitating the development of targeted strategies that 

can ultimately lead to more effective management of student behavior. In essence, the utilization 

of Ridge Regression within the SDB context represents a significant step forward in the systematic 

assessment and strategic intervention of disciplinary issues in academic environments, paving the 

way for enhancing student outcomes through informed policy adjustments. It can be inferred that 

the proposed method can be further investigated in the study of computer vision [19-21], 

biostatistical engineering [22-26], AI-aided education [27-32], aerospace engineering [33-35], AI-

aided business intelligence [36-39], energy management [40-43], large language model [44-46] and 

financial engineering [47-49]. 

Despite the promising application of Ridge Regression within the framework of Student 

Disciplinary Behavior (SDB), several limitations warrant consideration. Firstly, the method's 

inherent reliance on the regularization parameter $\lambda$ introduces a dependency that may lead 

to arbitrary or suboptimal selections; the determination of an appropriate value for $\lambda$ can 

significantly affect model performance and bias-variance trade-off. Additionally, Ridge Regression 

is primarily designed to handle multicollinearity but may inadvertently lead to over-penalization 

when predictors are truly important, resulting in an oversimplified model that fails to capture 

essential nuances of SDB dynamics. The linearity assumption of the relationships between 

predictors and the outcome variable may overlook complex interactions or non-linear effects that 

could be crucial for understanding student behavior, thereby potentially diminishing the model's 
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predictive accuracy. Furthermore, while the model incorporates severity and rehabilitation 

effectiveness, the subjective nature of these constructs can introduce measurement biases, casting 

doubt on the validity of the weights assigned to each component. Lastly, the data-driven insights 

afforded by the model depend heavily on the quality and representativeness of the input data; biases 

present in historical disciplinary records may propagate through the model, leading to skewed 

policies or interventions that do not adequately address the complex realities of student behavior. 

Thus, while Ridge Regression offers a structured approach to analyzing SDB, these limitations 

highlight the need for cautious interpretation and application in educational contexts. 

6. Conclusion 

This paper addresses the importance of predicting student disciplinary behavior in educational 

settings, highlighting the challenges and limitations in current research methodologies. The 

accurate anticipation of disciplinary issues is crucial for maintaining a safe learning environment, 

yet traditional prediction models often lack efficiency and effectiveness. To address these 

limitations, a novel approach utilizing efficient Ridge Regression is proposed for predicting student 

disciplinary behavior. By integrating this innovative technique with behavioral data, the study aims 

to develop a precise and reliable predictive model for identifying at-risk students and implementing 

targeted intervention strategies. This research contributes to the advancement of predictive 

analytics in education, emphasizing the significance of proactive measures in managing 

disciplinary challenges. Moving forward, future work could explore refining the predictive model 

by incorporating additional data sources, such as socio-economic factors or academic performance 

metrics, to enhance the accuracy and applicability of the predictions in educational settings. This 

approach may further improve the overall effectiveness of interventions and support systems for 

promoting positive student behavior and academic success. 
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