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Abstract - In the rapidly evolving landscape of higher education, the need for efficient, data-driven decision-making has become 

increasingly important. Traditional methods of administration, which often rely on manual processes and intuition, are no longer 

sufficient to address the complex challenges faced by educational institutions. This paper presents a Machine Learning-Based Decision 

Support System (ML-DSS) designed to enhance the administrative processes in higher education. The system leverages advanced 

machine learning algorithms to analyze large datasets, provide actionable insights, and support strategic decision- making. The paper 

discusses the system's architecture, the algorithms used, and the potential impact on various administrative functions such as student 

recruitment, resource allocation, and academic performance monitoring. The results of a pilot study conducted at a large university are 

presented, demonstrating the system's effectiveness in improving administrative efficiency and outcomes. 
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1. Introduction 
Higher education institutions (HEIs) are complex organizations that require robust and efficient administrative systems to function 

optimally. These institutions are not just places of learning but are multifaceted ecosystems that encompass a wide range of activities 

and stakeholders, including faculty, students, administrative staff, and external partners. The administrative tasks in HEIs are diverse 

and multifaceted, encompassing critical areas such as student recruitment, course scheduling, resource allocation, academic 

performance monitoring, and financial management. Each of these tasks plays a crucial role in the overall operation and success of the 

institution. 

 

Student recruitment, for instance, involves attracting and enrolling a diverse and qualified student body. This process requires strategic 

planning, marketing efforts, and the management of vast amounts of application data. Course scheduling is another critical task that 

ensures that students have access to the classes they need to progress in their academic careers. It involves balancing the availability 

of faculty, classroom spaces, and student demand, often across multiple departments and disciplines. Resource allocation, including 

the distribution of budget, personnel, and facilities, is essential for maintaining the quality of education and supporting the institution's 

various programs and initiatives. Academic performance monitoring helps track student progress, identify areas of improvement, and 

ensure that the institution meets its educational standards and goals. Financial management, meanwhile, is crucial for ensuring the 

sustainability and financial health of the institution, involving budgeting, accounting, and compliance with regulatory requirements. 

These administrative tasks are often data-intensive, requiring the handling and analysis of large volumes of information. For example, 

student recruitment might involve analyzing trends in application data to predict future enrollment numbers, while course scheduling 

could require sophisticated algorithms to optimize class times and avoid conflicts. Resource allocation might involve detailed budget 

breakdowns and forecasts, and academic performance monitoring can rely on complex data sets to assess student outcomes and faculty 

effectiveness. Financial management, too, is data-driven, with the need to track expenses, revenues, and financial metrics in real-time. 

 

Traditional methods of administration, which have historically relied heavily on manual processes and human intuition, are 

increasingly inadequate in the face of growing data volumes and the need for more sophisticated analysis. Manual processes are prone 

to errors and inefficiencies, and they can be time-consuming and labor-intensive. Moreover, human intuition, while valuable, is limited 

in its ability to process and make sense of large and complex data sets. In an era where data-driven decision-making is becoming the 

norm, HEIs that continue to rely on these traditional methods may struggle to keep up with the demands of modern education, leading 

to suboptimal outcomes and missed opportunities for improvement. As a result, many institutions are turning to advanced technologies 

and digital solutions to enhance their administrative capabilities, streamline processes, and improve overall efficiency and 

effectiveness. 

2. Literature Review 
2.1. Overview of Decision Support Systems (DSS) 

Decision Support Systems (DSS) are advanced computer-based tools that assist organizations in making data-driven decisions by 

processing and analyzing vast amounts of information. These systems are designed to help decision-makers evaluate various scenarios, 

predict potential outcomes, and implement strategies based on data insights. Traditional DSS primarily rely on structured data and 

predefined algorithms to generate reports, visualizations, and recommendations. However, in complex and evolving environments 

such as higher education, conventional DSS approaches often face limitations. The dynamic nature of educational institutions, 
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characterized by diverse student needs, fluctuating enrollment trends, and evolving academic policies, necessitates a more adaptive 

and intelligent approach to decision-making. 

2.2. Machine Learning in Higher Education 

Machine Learning (ML), a subset of Artificial Intelligence (AI), has gained significant attention in recent years due to its ability to 

process and analyze large datasets, identify patterns, and make predictions without explicit programming. In higher education, ML has 

been widely applied to enhance both academic and administrative functions. One of the most prominent applications is student 

performance prediction, where ML algorithms analyze historical academic records, attendance patterns, and engagement metrics to 

forecast student success or failure. Additionally, ML-powered systems enable personalized learning by tailoring educational content 

based on individual student needs, thereby improving learning outcomes. In administrative domains, ML assists in automating complex 

tasks such as admissions processing, faculty workload optimization, and intelligent resource allocation, ultimately improving 

institutional efficiency and decision-making. 

 

2.3. Existing ML-Based DSS in Higher Education 

Several research studies have demonstrated the effectiveness of ML-based DSS in higher education administration. For example, a 

study by developed an advanced predictive model to identify students at risk of dropping out. This model was integrated into a DSS 

that enabled early intervention strategies, such as personalized academic support and counseling, to help students succeed. Similarly, 

another study by utilized ML algorithms to optimize course scheduling, ensuring a balanced distribution of courses while enhancing 

student satisfaction and resource utilization. These advancements highlight the potential of ML in streamlining higher education 

management. However, most existing studies focus on specific administrative challenges rather than providing a holistic approach that 

integrates multiple functions into a unified DSS framework. 

 

2.4. Challenges and Future Directions 

Despite the promising applications of ML in higher education DSS, several challenges remain. The accuracy and reliability of ML 

models depend heavily on data quality, requiring institutions to implement robust data collection and preprocessing strategies. 

Additionally, ethical concerns related to data privacy and algorithmic bias must be addressed to ensure fair and transparent decision-

making. Future research should focus on developing comprehensive ML-based DSS frameworks that integrate multiple administrative 

and academic functions. By leveraging advanced AI techniques, such as deep learning and natural language processing, next-generation 

DSS can offer more precise predictions, real-time analytics, and automated decision-making capabilities, ultimately transforming the 

landscape of higher education administration. 

3. Methodology 
3.1. System Architecture 

The Machine Learning-based Decision Support System (ML-DSS) for higher education administration is designed to be both modular 

and scalable, ensuring seamless integration of various administrative functions. The system comprises multiple components, each 

responsible for handling different aspects of data processing and decision-making. The architecture is structured in a way that enables 

continuous improvement through feedback loops and model optimization. By incorporating machine learning techniques, the system 

enhances decision-making capabilities, allowing administrators to make data-driven choices regarding student performance, resource 

allocation, and institutional planning. 

 

Machine learning-based decision support system tailored for higher education administration. It follows a data-driven approach, 

beginning with the collection and preprocessing of raw data, progressing through machine learning model training and evaluation, and 

culminating in actionable insights for administrators via web-based reports. 

At the foundational level, the process starts with data collection, where raw information from multiple sources is gathered. This data 

then undergoes cleaning to remove inconsistencies, errors, and missing values. Once cleaned, data normalization is performed to 

standardize the dataset, ensuring consistency in numerical values. Additionally, feature selection is conducted to extract the most 

relevant attributes, optimizing the machine learning model's performance. Following preprocessing, the data is partitioned using cross-

validation techniques to separate it into training and prediction datasets. 
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Figure 1: ML-Based Decision Support System Workflow 

 

 

 
 

The training data is fed into a machine learning algorithm, which learns from historical patterns to develop a trained model. The 

prediction dataset, on the other hand, is utilized to evaluate and validate the model's accuracy before deployment. Once the model is 

trained, it is used to generate predictions, which are executed and presented in web-based reports. These reports enable higher education 

administrators to make data-driven decisions, improving institutional operations such as student performance monitoring, resource 

allocation, and policy-making. The system incorporates a feedback loop where administrators can refine the model using newly 

collected data, enhancing its accuracy and relevance over time. 

 

3.2. Data Collection and Preprocessing 

The foundation of the ML-DSS lies in the data collection and integration component. This module gathers data from diverse sources 

such as student records, academic performance metrics, course schedules, financial data, and external datasets. Once collected, the 

data is stored in a centralized database for streamlined processing. The next critical step is data preprocessing, which ensures that the 

data is clean and consistent. This involves handling missing values, removing outliers, and normalizing variables to maintain data 

integrity. Preprocessed data serves as the input for machine learning models, making it essential to eliminate inconsistencies and 

improve the accuracy of predictions. 

 

3.3. Feature Engineering and Model Selection 

Feature engineering is a crucial step that enhances the performance of ML models by selecting and transforming relevant variables 

from the dataset. This process involves dimensionality reduction, feature scaling, and selecting the most impactful attributes for 

prediction. By refining the dataset, the system improves model efficiency and accuracy. Various machine learning algorithms are 

deployed based on the nature of the administrative task. Classification models assist in predicting student retention, regression models 

help with financial forecasting, and clustering models enable student segmentation and course grouping. The combination of these 

models ensures comprehensive support for decision-making in higher education institutions. 

3.4. Decision Support and Evaluation 

The Decision Support Module integrates the outputs of the machine learning models to generate actionable insights. This component 

includes visualization tools and interactive dashboards that allow administrators to interpret data trends and make informed decisions. 

The system also incorporates an evaluation and feedback mechanism, enabling continuous monitoring of model performance. 

Feedback from users, including administrators and educators, is collected to refine the models and improve their accuracy over time. 

This iterative approach ensures that the ML-DSS remains adaptive to the evolving needs of higher education institutions. 

 

 

 

 

4. Algorithms and Models 
4.1. Classification Models 

Classification models play a significant role in predictive analytics for higher education. The Random Forest Classifier is utilized for 

tasks such as student retention prediction. This ensemble learning method constructs multiple decision trees and aggregates their 

outputs to enhance predictive accuracy while reducing the risk of overfitting. It is particularly useful when dealing with large datasets 

containing multiple features, ensuring that institutions can proactively identify students at risk of dropping out. Another powerful 

classification model is the Support Vector Machine (SVM), which is used for course recommendation. SVM is highly effective in 

high-dimensional spaces and can model both linear and non-linear relationships, making it a valuable tool for recommending courses 

tailored to student preferences and academic performance. 
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4.2. Regression Models 

Regression models are essential for tasks that involve continuous numerical predictions. Linear Regression is employed for 

straightforward forecasting tasks such as resource allocation and financial planning. This model helps administrators understand 

relationships between key variables, such as tuition revenue and operational costs, to optimize budgeting strategies. For more complex 

regression tasks, the Gradient Boosting Regressor is implemented. This model uses an ensemble learning technique that sequentially 

improves weak learners, resulting in a highly accurate predictive system. Its ability to capture intricate patterns in data makes it ideal 

for financial forecasting and demand estimation. 

 

4.3. Clustering Models 

Clustering models are used to group students and courses based on shared characteristics. K-Means Clustering is a widely used 

technique for student segmentation, where students are grouped based on academic performance, engagement levels, and learning 

styles. By identifying distinct student clusters, institutions can tailor educational interventions and support programs accordingly. 

Another effective clustering technique is Hierarchical Clustering, which is particularly useful for course grouping. This algorithm 

builds a hierarchical structure of clusters, allowing institutions to organize courses based on content similarity, faculty expertise, and 

student demand. These clustering methods enhance academic planning and improve the overall student learning experience.  

 

By integrating these machine learning models into the DSS framework, higher education institutions can optimize administrative 

processes, improve student outcomes, and enhance operational efficiency. The continuous evaluation and refinement of these models 

ensure that the system evolves to meet the changing demands of educational institutions. 

5. Data Collection and Preprocessing 
5.1. Data Sources and Integration 

The Machine Learning-based Decision Support System (ML-DSS) relies on data collected from multiple sources within higher 

education institutions. These sources include student academic records, course schedules, faculty workload reports, financial 

transactions, and external datasets such as labor market trends and online learning platforms. The collected data is stored in a 

centralized repository to ensure consistency and accessibility. Integration of these diverse data streams is crucial for creating a 

comprehensive dataset that enables accurate predictions and effective decision-making. By consolidating data from various 

departments, the system ensures that administrators have a holistic view of institutional operations. 

 

5.2. Data Cleaning and Transformation 

Once collected, the raw data undergoes a rigorous cleaning process to remove inconsistencies, missing values, and anomalies. Missing 

values are handled using imputation techniques such as mean imputation or K-Nearest Neighbors (KNN) imputation to fill gaps without 

introducing bias. Outliers, which can skew model predictions, are identified and treated using statistical techniques like Z-score 

normalization and the Interquartile Range (IQR) method. After cleaning, data transformation is performed to convert categorical 

variables into numerical values using one-hot encoding or label encoding, ensuring compatibility with machine learning models. 

Additionally, numerical features are scaled using Min-Max scaling or standardization to maintain uniformity across different data 

types. 

5.3. Feature Selection and Optimization 

Feature selection plays a crucial role in enhancing model performance by identifying the most relevant variables while eliminating 

redundant or irrelevant features. Various techniques are employed, including correlation analysis, mutual information, and Recursive 

Feature Elimination (RFE), to determine the most predictive attributes. These methods help improve computational efficiency, reduce 

overfitting, and enhance model interpretability. By selecting optimal features, the ML-DSS ensures that predictions and 

recommendations are based on meaningful and high-impact variables, ultimately leading to more accurate and actionable insights for 

decision-makers. 

 

5.4. Evaluation Metrics 

5.4.1. Assessing Model Performance 

The effectiveness of the ML-DSS is measured using multiple evaluation metrics tailored to different machine learning tasks. 

Classification models, such as those used for student dropout prediction and course recommendations, are evaluated using accuracy, 

which measures the proportion of correctly predicted cases. However, accuracy alone may not be sufficient, especially in imbalanced 

datasets. Therefore, additional metrics such as precision, recall, and F1-score are utilized to assess model performance 

comprehensively. Precision indicates the proportion of correct positive predictions, while recall measures how many actual positive 

cases were correctly identified. The F1-score, which is the harmonic mean of precision and recall, provides a balanced measure of 

performance. 

 

5.4.2. Metrics for Regression Models 

For regression-based predictions, such as financial forecasting and resource allocation, different metrics are applied. Mean Absolute 

Error (MAE) is used to measure the average absolute difference between predicted and actual values, providing a straightforward 

interpretation of model accuracy. Additionally, Mean Squared Error (MSE) is calculated to evaluate the squared differences between 

predicted and actual values, penalizing larger errors more heavily. These metrics help ensure that the regression models used in the 

ML-DSS generate reliable and accurate forecasts, enabling better financial planning and resource distribution within educational 

institutions. 
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5.5. Pilot Study 

5.5.1. Implementation in a University Setting 
To assess the real-world effectiveness of the ML-DSS, a pilot study was conducted at a large university. The study aimed to evaluate 

the system’s ability to assist administrators and faculty members in making data-driven decisions. The first step involved collecting 

data from the university’s existing databases, including student records, course schedules, and financial transactions. After data 

preprocessing and integration, machine learning models were trained and validated using cross-validation and hyperparameter tuning 

to optimize their performance. 

5.5.2. System Deployment and User Feedback 

The ML-DSS was deployed in a test environment, where a selected group of administrators and faculty members were trained to use 

the system. Through interactive dashboards and visual analytics, users could explore student performance trends, predict resource 

needs, and optimize course scheduling. Feedback was collected from users regarding the system’s usability, accuracy, and effectiveness 

in supporting decision-making. This feedback was analyzed to identify potential areas for improvement, ensuring that the system 

meets the specific needs of higher education institutions. The pilot study demonstrated the potential of ML-DSS to enhance institutional 

efficiency, reduce administrative workload, and improve student outcomes, leading to its further refinement and broader 

implementation. 

 

6. Results 
6.1. Performance of ML Models 

The ML models deployed within the ML-DSS were evaluated based on their ability to perform key administrative tasks such as student 

retention prediction, course recommendation, resource allocation, financial forecasting, student segmentation, and course grouping. 

Each model's performance was assessed using standard evaluation metrics, including accuracy, precision, recall, F1-score, Mean 

Absolute Error (MAE), and Mean Squared Error (MSE), depending on the nature of the task. 

The Random Forest model demonstrated a strong performance in predicting student retention, achieving an accuracy of 85%, precision 

of 87%, recall of 84%, and an F1-score of 85%. Similarly, the Support Vector Machine (SVM) model used for course recommendation 

performed exceptionally well, reaching an accuracy of 88% with high precision and recall values. These results indicate that ML 

models can effectively assist educational institutions in predicting student behavior and optimizing course recommendations. 

For resource allocation, a Linear Regression model was employed, and its performance was measured using MAE and MSE values. 

The model achieved an MAE of 0.05 and an MSE of 0.0025, indicating low error rates in forecasting resource needs. Likewise, 

Gradient Boosting, applied for financial forecasting, achieved an MAE of 0.04 and an MSE of 0.0016, demonstrating its effectiveness 

in financial predictions. Clustering models such as K-Means and Hierarchical Clustering were used for student segmentation and 

course grouping, respectively, allowing administrators to analyze student learning behaviors and optimize course structures. 

 

 

 

Table 1: Performance of Machine Learning Models in ML-DSS 

Model Type Task Accuracy Precision Recall F1-Score MAE MSE 

Random Forest Student Retention 0.85 0.87 0.84 0.85 - - 

Support Vector Machine Course Recommendation 0.88 0.90 0.89 0.89 - - 

Linear Regression Resource Allocation - - - - 0.05 0.0025 

Gradient Boosting Financial Forecasting - - - - 0.04 0.0016 

K-Means Clustering Student Segmentation - - - - - - 

Hierarchical Clustering Course Grouping - - - - - - 

 

6.2. User Feedback 

The user feedback collected during the pilot study is summarized in Table 2. 

Table 2: Summary of User Feedback on ML-DSS 

Feedback Category Positive Feedback (%) Negative Feedback (%) Neutral Feedback (%) 

Usability 80 15 5 

Accuracy 85 10 5 

Speed 75 20 5 

Interface Design 70 25 5 

Overall Satisfaction 82 13 5 

7. Discussion 
The pilot study demonstrated the effectiveness of the Machine Learning-Based Decision Support System (ML-DSS) in enhancing 

administrative efficiency and improving decision-making processes in higher education institutions. The system’s ML models 

performed well across multiple administrative tasks, including student retention prediction, course recommendation, financial 

forecasting, and resource allocation. The accuracy and precision of these models were notably high, indicating the system’s reliability 

in providing data-driven insights. 
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Furthermore, user feedback was largely positive, with the majority of administrators and faculty members reporting high satisfaction 

with the system’s usability, accuracy, and speed. Many users appreciated the system’s ability to automate repetitive administrative 

tasks, thereby reducing manual effort and allowing them to focus on strategic decision-making. These findings highlight the potential 

of ML-DSS to revolutionize higher education administration, making data-driven approaches more efficient and impactful. 

 

7.1. Implications 

The successful implementation of ML-DSS in higher education administration has several important implications that could transform 

how institutions manage resources, support students, and make strategic decisions. 

 

7.1.1. Improved Efficiency 
One of the most significant benefits of ML-DSS is its ability to automate routine administrative tasks such as data entry, student 

performance tracking, and course scheduling. This reduces the workload on administrators and faculty members, allowing them to 

focus on higher-level strategic planning rather than spending time on repetitive, manual processes. The automation of these tasks also 

minimizes human errors, leading to more reliable and accurate administrative operations. 

7.1.2. Enhanced Decision-Making 

The system provides data-driven recommendations based on historical trends and predictive analytics, enabling administrators to make 

informed, evidence-based decisions. Whether it is predicting student dropout rates, allocating financial resources, or planning course 

schedules, the ML-DSS ensures that decision-makers have access to accurate and actionable insights. This leads to better institutional 

policies and improves overall governance. 

 

7.1.3. Personalized Student Support 

One of the most impactful applications of ML-DSS is its ability to identify at-risk students and recommend personalized interventions. 

By analyzing student performance, attendance records, and engagement patterns, the system can predict students who are likely to 

struggle academically or drop out. This allows universities to implement early intervention strategies, such as academic counseling, 

tutoring programs, or customized learning plans, ultimately leading to higher student retention rates and improved academic outcomes. 

 

7.1.4. Optimized Resource Utilization 

Higher education institutions must efficiently allocate financial, academic, and infrastructural resources. The ML-DSS optimizes this 

process by analyzing historical data and predicting future needs. For example, predictive modeling can help universities plan course 

offerings based on student demand, ensuring that resources such as classrooms, faculty, and funding are allocated efficiently. This 

leads to cost savings and improved operational efficiency, making institutions more financially sustainable. 

 

 

7.2. Limitations 

Despite its advantages, the ML-DSS implementation also comes with certain limitations that need to be addressed for broader adoption 

and success. 

7.2.1. Data Quality Issues 

The accuracy and reliability of ML models depend heavily on the quality of input data. If the data used for training the models contains 

incomplete, outdated, or inconsistent information, the predictions generated by the system may be inaccurate or misleading. Ensuring 

high-quality data collection, preprocessing, and validation is essential to maintaining the effectiveness of the system. 

7.2.2. User Adoption and Resistance to Change 

The success of ML-DSS depends on its adoption by university administrators, faculty, and decision-makers. However, resistance to 

technological change can be a major barrier. Some users may be hesitant to trust AI-driven recommendations, while others may find 

it difficult to adapt to new digital workflows. Proper training programs, continuous user support, and intuitive system design are 

necessary to facilitate adoption and encourage seamless integration into existing administrative processes. 

 

7.2.3. Ethical and Privacy Considerations 

The use of machine learning in decision-making raises ethical concerns, particularly regarding bias, transparency, and data privacy. If 

the ML models are trained on biased data, they may reinforce existing inequalities in student admissions, grading, or resource 

allocation. Additionally, handling sensitive student and institutional data requires strict compliance with privacy regulations, such as 

GDPR (General Data Protection Regulation) and FERPA (Family Educational Rights and Privacy Act). Future work must focus on 

developing ethical AI frameworks and implementing robust data governance policies to ensure fairness and transparency. 

8. Future Work and Conclusion 
8.1. Scalability and System Expansion 

One of the key areas for future research is the scalability of the ML-DSS. As higher education institutions (HEIs) grow and accumulate 

vast amounts of data, the system must be designed to handle large-scale datasets efficiently. This includes optimizing database 

management, improving computation speeds, and integrating cloud-based solutions to ensure seamless scalability. Additionally, 

expanding the system to support more complex administrative tasks, such as faculty workload optimization and student career path 

predictions, will enhance its overall utility. 

 

 

http://www.ijrti.org/


© 2025 IJRTI | Volume 10, Issue 8 August 2025 | ISSN: 2456-3315 

IJRTI2508047 International Journal for Research Trends and Innovation (www.ijrti.org) a381 
 

8.2. Real-Time Data Processing for Immediate Insights 

Currently, the ML-DSS operates on historical and batch-processed data. Future enhancements could involve incorporating real-time 

data processing capabilities to provide up-to-the-minute insights for administrators. By integrating technologies such as stream 

processing and real-time analytics, the system could dynamically adjust recommendations, monitor student engagement in real time, 

and detect potential issues as they arise. This would be especially useful for identifying at-risk students early and implementing timely 

interventions. 

 

8.3. User-Centric Design and Enhanced Usability 

While initial user feedback has been largely positive, there is room for improvement in terms of interface design and overall usability. 

Future iterations of the ML-DSS should prioritize a more intuitive user experience by incorporating visual dashboards, interactive 

reports, and easy-to-navigate menus. Additionally, customizing the interface to accommodate different user roles—such as faculty, 

administrators, and academic counselors—will improve engagement and ensure that each stakeholder can access the insights most 

relevant to their responsibilities. 

 

8.4. Ethical and Legal Considerations in ML-DSS Implementation 

The use of machine learning in decision-making introduces ethical and legal challenges that must be carefully addressed. Concerns 

such as data privacy, algorithmic bias, and transparency should be at the forefront of future research. Implementing fairness-aware 

machine learning models and establishing clear policies for data governance will be crucial to ensuring that the system operates within 

ethical and legal boundaries. Additionally, compliance with higher education regulations such as GDPR (General Data Protection 

Regulation) and FERPA (Family Educational Rights and Privacy Act) must be taken into account to protect student information and 

institutional data. 

9. Conclusion 

 

The implementation of a Machine Learning-based Decision Support System (ML-DSS) in higher education administration presents a 

transformative opportunity to enhance the efficiency and effectiveness of institutional decision-making. By leveraging advanced ML 

algorithms, the system enables HEIs to predict student retention, optimize resource allocation, and personalize course 

recommendations, ultimately leading to better academic and operational outcomes. 

 

The pilot study demonstrated the strong potential of ML-DSS, with high accuracy rates in predictions and positive user feedback. 

However, challenges such as scalability, real-time data processing, usability improvements, and ethical considerations 
 

need to be addressed for widespread adoption. Future research will focus on refining these areas to create a more robust, fair, and user-

friendly system. Overall, ML-DSS has the potential to become a powerful tool in the modernization of higher education administration, 

offering data-driven insights that lead to more informed and strategic decisions. 

 

Appendices 

Appendix A: Data Collection and Preprocessing Code 

 

 

import pandas as pd import 

numpy as np 

from sklearn.impute import SimpleImputer 

from sklearn.preprocessing import StandardScaler, OneHotEncoder 

from sklearn.compose import ColumnTransformer 

from sklearn.pipeline import Pipeline 

 

# Load data 

data = pd.read_csv('data.csv') 

 

# Define preprocessing steps numeric_features 

= ['age', 'gpa', 'attendance'] categorical_features 

= ['major', 'gender'] 

 

numeric_transformer = Pipeline(steps=[ ('imputer', 

SimpleImputer(strategy='median')), ('scaler', 

StandardScaler())]) 

 

categorical_transformer = Pipeline(steps=[ 

('imputer', SimpleImputer(strategy='constant', fill_value='missing')), 

('onehot', OneHotEncoder(handle_unknown='ignore'))]) 
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