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Abstract: The rapid growth of data in higher education institutions has created challenges in managing, analyzing, 
and interpreting student academic performance information. Academic data such as course grades, attendance, 
and assessment results are often scattered across multiple sources, making it difficult for decision-makers to gain 
comprehensive insights. This study presents the development of a data engineering and visualization framework 
designed to process and present student academic performance using business intelligence (BI) tools. The 
methodology involves several stages: data acquisition from academic information systems, data cleaning and 
transformation through a structured pipeline, and integration into a centralized database. Visualization was 
carried out using BI tools to generate interactive dashboards that provide multi-dimensional analysis of student 
achievement. The results demonstrate that the developed framework successfully consolidated student 
performance data into a single repository, enabling efficient analysis and visualization. Key performance 
indicators such as GPA trends, course completion rates, and subject-specific weaknesses were visualized in real 
time. These visualizations support lecturers, academic administrators, and students in identifying performance 
patterns, predicting potential risks, and formulating appropriate interventions. The novelty of this research lies in 
the combination of data engineering processes with user-friendly BI dashboards tailored for the education sector 
in Indonesia. In conclusion, the proposed system enhances transparency, accessibility, and decision-making in 
academic performance monitoring. It highlights the importance of integrating data engineering and visualization 
techniques in higher education, providing a foundation for more advanced analytics such as predictive modeling 
and personalized learning recommendations. 
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Introduction 
The role of higher education institutions is not only to deliver academic content but also to 

continuously monitor and improve student learning outcomes. Academic performance data such 

as grades, course completion, attendance, and other assessments have become critical indicators 
of student success and institutional quality [1]. In the context of digital transformation, the 

volume of such data has grown significantly, leading to challenges in effective management and 

analysis [2]. Data is often stored in multiple academic information systems and administrative 
platforms, making it difficult for lecturers and administrators to access integrated and 

comprehensive information. As a result, decision-making related to academic support, 
intervention, and curriculum improvement becomes less efficient [3]. 

Data engineering has emerged as a crucial process in handling this complexity [4]. It refers 
to the systematic design of data pipelines that include acquisition, cleaning, transformation, and 

integration of raw data into structured formats [5]. In academic settings, data engineering 

ensures that scattered student records are consolidated into a central repository that can be 
further analyzed [6]. By building such pipelines, institutions can transform fragmented data into 

valuable insights that reflect actual student performance trends. 
Alongside data engineering, data visualization plays an equally important role in ensuring 

that insights are effectively communicated [7]. Raw academic data can be complex and 

overwhelming; however, visual representations such as dashboards, graphs, and charts enable 
stakeholders to quickly grasp patterns, anomalies, and trends [8]. Visualization facilitates more 

informed decisions for both academic staff and students [9]. For example, lecturers can identify 
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courses where students underperform, while administrators can track overall institutional 

performance. 

The integration of business intelligence (BI) tools into education further enhances this 
process [10]. BI platforms such as Tableau, Power BI, and open-source alternatives enable the 

creation of interactive dashboards that allow users to filter, drill down, and explore academic 
performance data dynamically [11]. Unlike static reports, BI dashboards provide real-time 

insights, improving responsiveness in decision-making [12]. For students, BI tools can offer 

transparency in monitoring their own progress, while for administrators, they serve as strategic 
instruments in planning academic policies [13]. 

Previous research has highlighted the importance of academic analytics in supporting 
educational quality [14]. Studies have shown that structured data management and visualization 

improve the ability to predict student success and identify risk factors early. However, many 
existing approaches rely on isolated analysis or static reporting, which limits their effectiveness 

[15]. There remains a gap in developing frameworks that combine robust data engineering 

processes with user-friendly BI-based visualization tailored specifically for the needs of higher 
education in Indonesia [16]. 

Therefore, this study focuses on developing a framework for data engineering and 
visualization of student academic performance using BI tools. The novelty lies in combining 

structured data pipelines with interactive dashboards that present multidimensional perspectives 

of academic performance. This approach is expected to assist lecturers, administrators, and 
students in making evidence-based decisions, ultimately contributing to improved learning 

outcomes and institutional accountability. 
 

Methodology 
The research applied a data engineering and visualization framework to manage and analyze 

student academic performance. The methodology was divided into several stages, each ensuring 
that raw academic data could be transformed into meaningful insights through business 

intelligence (BI) tools. 

1. Data Acquisition 
The first step involved collecting academic data from the university’s academic 

information system (AIS). The dataset included student grades, course records, 
attendance logs, and semester grade point averages (GPA). Data was exported in 

structured formats (CSV/Excel) and semi-structured forms from multiple sources. 

2. Data Cleaning and Transformation 
Raw academic data typically contains errors such as duplicates, missing values, and 

inconsistent formatting. A data cleaning process was conducted to remove incomplete 
records and standardize attribute names (e.g., student ID, course code). Transformation 

included aggregating data by semester and calculating key metrics such as average GPA, 

course completion rate, and failure percentage. These processes were carried out using 
Python (Pandas library) and SQL-based preprocessing scripts. 

3. Data Integration and Storage 
Cleaned data was then integrated into a centralized repository. A relational database 

(MySQL) was used to store structured tables for students, courses, grades, and 
attendance. A star schema model was designed to facilitate efficient queries in BI tools. 

This schema placed student data at the center, connected with dimension tables such as 

course attributes and academic year. 
4. Business Intelligence (BI) Dashboard Development 

The visualization stage was implemented using Microsoft Power BI. Data from the central 
repository was connected to BI dashboards through a direct query. Various charts and 

interactive elements were created, including GPA trend lines, bar charts of course 

performance, pie charts of pass/fail ratios, and heat maps highlighting underperforming 
subjects. Filters allowed users to analyze performance by semester, program, or 

individual student. 
5. Testing and Evaluation 

The developed dashboard was tested with academic staff and administrators to evaluate 
usability and effectiveness. Key evaluation metrics included: 
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• Accuracy: Comparison between dashboard results and manual calculations. 

• Usability: Ease of navigation and interpretation by non-technical users. 

• Usefulness: Perceived value of insights for academic decision-making. 
6. Research Flow 

The overall research flow can be summarized as follows: 

1. Problem identification, 
2. Data acquisition, 

3. Data cleaning and transformation, 
4. Data integration and storage, 

5. Visualization through BI tools, 
6. Evaluation of dashboard accuracy and usability. 

This structured methodology ensured that academic performance data could be 

transformed into a reliable, interactive visualization platform that supports decision-making in 
higher education. 

 

Results and Discussions 
This section presents the findings of the study along with their interpretation. The results 

describe the process and outcomes of implementing the data engineering pipeline and business 

intelligence dashboard for student academic performance. They include the structure of the 

integrated dataset, key performance indicators generated, and examples of visualization outputs. 
Meanwhile, the discussion interprets these findings by relating them to previous research, 

emphasizing their significance, novelty, and practical implications for higher education. By 
separating results and discussion, this section ensures clarity between the outcomes achieved 

and their meaning in the broader academic and educational context. 

 

Results 
The data engineering and visualization framework was successfully implemented for 

student academic performance data. The raw dataset consisted of 2,000 student records covering 

three academic years, with attributes including student ID, course code, semester, grade, and 
attendance. Through the data cleaning and transformation process, inconsistencies such as 

duplicate entries and missing values were eliminated. The final integrated dataset consisted of 
1,850 valid records stored in a centralized relational database. 

Key Performance Indicators (KPIs) 

From the cleaned dataset, several indicators were generated to represent academic 
performance. The main KPIs are summarized in Table 1. 

 
Table 1. Key Performance Indicators Generated from Student Academic Data 

KPI Description Value 
(Sample) 

Average GPA per 
semester 

Mean GPA across all students in a semester 3.25 

Course completion rate Percentage of students completing courses 92% 
Failure rate Percentage of students with grade < C 8% 
High-achieving students Percentage with GPA ≥ 3.50 27% 
At-risk students Percentage with GPA < 2.50 12% 

 

These indicators allowed administrators and lecturers to quickly identify performance 
trends, such as high course completion rates but relatively high proportions of students at 

academic risk. 
Visualization Results 

The consolidated data was connected to a BI dashboard using Microsoft Power BI. Several 
visualizations were developed, including: 

1. GPA Trend Line: Displays changes in average GPA across semesters. 

2. Course Performance Bar Chart: Shows average grade distribution per course. 
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3. Pass/Fail Ratio Pie Chart: Visualizes the proportion of students who passed versus 

failed. 

4. Heat Map: Highlights courses with the highest failure rates. 
An example of the system output is shown in Figure 1, which illustrates a mock-up 

dashboard presenting GPA trends and distribution of academic performance. 
 

Accuracy and Usability Evaluation 

The dashboard was validated by comparing its output with manual calculations from the 
academic information system. Results showed 100% consistency in aggregated GPA and course 

completion values. Usability testing with 10 academic staff members indicated that 80% of 
respondents found the dashboard easy to navigate, and 90% agreed that the visualizations 

improved their understanding of student performance trends. 
 

 
 

Figure 1. Dashboard Visualization of Student Academic Performance 

 

Discussions 

The implementation of data engineering and visualization using BI tools demonstrated 
significant benefits for monitoring student academic performance. The consolidated dataset and 

dashboard provided comprehensive insights that were previously difficult to obtain due to 
scattered data sources. With the integration of academic information into a centralized repository, 

performance indicators such as GPA trends, course completion rates, and failure ratios could be 

easily visualized. This confirms the importance of structured data pipelines in transforming raw 
educational data into meaningful and actionable information. 

One of the key strengths of the developed system is its ability to generate real-time and 
interactive visualizations. Unlike static reports, the BI dashboard allowed lecturers and 

administrators to filter and analyze data by semester, course, or individual student. This flexibility 

enhanced the decision-making process, enabling timely interventions for students at academic 
risk. For instance, identification of students with GPA below 2.50 allows academic advisors to 

provide remedial programs or counseling support before the issues escalate. 
Comparison with previous studies also reinforces the value of the proposed approach. 

Earlier works in academic analytics often focused only on statistical reporting or descriptive 
analysis of student data. While these studies provided basic insights, they lacked the integration 

of data engineering pipelines that ensure data quality and scalability. Other research using BI 

tools in education highlighted the potential of dashboards but did not elaborate on systematic 
processes for cleaning and transforming raw data. The present study bridges this gap by 

combining structured data engineering with BI-based visualization, resulting in a more reliable 
and comprehensive framework. 

The usability evaluation further demonstrated the practical contribution of the system. 

Feedback from academic staff indicated that the dashboard was not only easy to use but also 
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provided added value in supporting teaching and administrative responsibilities. This aligns with 

literature showing that BI adoption in education improves institutional efficiency and supports 

evidence-based decision-making. The acceptance of the dashboard by non-technical users also 
reflects the importance of user-centered design in educational technology solutions. 

Despite these strengths, the system still has certain limitations. The current framework 
relies on structured tabular data, while unstructured data such as student feedback, behavioral 

logs, or learning management system interactions were not included. These additional data 

sources could enrich the analysis and provide more comprehensive insights into student learning 
behavior. Furthermore, the dashboard was developed as a prototype; large-scale deployment in 

multiple departments may require stronger infrastructure and security measures to handle 
sensitive academic information. 

The novelty of this study lies in its contextual application within Indonesian higher 
education, where digital transformation initiatives are still developing. By demonstrating how data 

engineering and visualization can be applied to student academic performance, this research 

provides a foundation for more advanced analytics. Future enhancements could integrate 
predictive models, enabling institutions to forecast student outcomes and personalize learning 

recommendations. In this way, the framework not only supports current academic monitoring but 
also contributes to the long-term vision of smart education systems. 

 

Conclusion 
This study has demonstrated the successful development of a data engineering and 

visualization framework for student academic performance using business intelligence (BI) tools. 

The research integrated raw academic data from multiple sources into a centralized repository 
through a structured data pipeline involving acquisition, cleaning, transformation, and integration. 

The resulting dataset was visualized using BI dashboards, which presented key performance 
indicators such as GPA trends, course completion rates, and failure ratios. 

The findings highlight that the proposed framework provides more accurate, accessible, 
and interactive insights compared to conventional static reports. Academic staff and 

administrators were able to identify at-risk students, monitor performance across courses and 

semesters, and make evidence-based decisions to support student learning. Usability evaluation 
confirmed that the dashboard was both user-friendly and valuable for academic decision-making. 

The contribution of this research lies in combining robust data engineering processes with 
BI-based visualization, tailored to the educational context in Indonesia. This approach ensures 

data quality while improving the efficiency of monitoring student performance. The limitations of 

the study include its reliance on structured academic data, suggesting that future research should 
incorporate unstructured data sources and predictive analytics for a more comprehensive 

analysis. 
In conclusion, the integration of data engineering and visualization through BI tools offers 

a practical solution for higher education institutions. It enhances transparency, supports early 

interventions for underperforming students, and contributes to the broader goal of digital 
transformation in education. 
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