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Abstract: In this research, we investigate the potential of Data Vault 2.0 modeling 

as a solution to address the complexity of data management in higher education, 

which is often spread across multiple information systems. The main objective of 

this research is to confirm the effectiveness of Data Vault 2.0 in building a data 

warehouse, as well as facilitating the integration of data from different sources, such 

as the Academic Information System, Personnel Information System, and New 

Student Admission System. The research method used includes data collection and 

processing through the staging stage before being stored in the Data Vault structure 

consisting of hubs, links, and satellites. The research findings show that Data Vault 

2.0 not only provides flexibility in development but also allows two developers to 

work in parallel without interfering with each other, speeding up the data integration 

process. In addition, the design evaluation results show that Data Vault 2.0 is able to 

accommodate dynamic changes in requirements, while facilitating the creation of 

dashboards for data visualization and analysis. The conclusion of this research 

emphasizes that although Data Vault 2.0 is more complicated than models such as 

star schema, it provides advantages in flexibility and better data integration. Further 

research is needed to address the challenges of data integration and deepen the 

understanding of the implementation of this model in various contexts. 

 

Keywords: data vault, higher education, data warehouse, data management, 

information system 

 

INTRODUCTION 

In recent years, higher education institutions have increasingly relied on complex, multi-faceted data systems 

to support their academic and administrative operations. This data is often dispersed across various information 

systems, from student and personnel databases to admissions platforms. With data sources as varied as the 

Academic Information System, Personnel Information System, and New Student Admission System, there is a 

pressing need to integrate these data sources effectively to create a comprehensive, unified data environment. 

Effective data integration not only enhances the reliability of institutional data but also aids in strategic decision-

making, academic planning, and optimizing educational outcomes. 

One promising approach to managing this complexity is the Data Vault 2.0 modeling methodology, which 

has been specifically designed for large-scale data warehousing environments that require flexibility, scalability, 

and robust data integration capabilities(Urbinati et al., 2019). Unlike traditional data warehouse models, such as 

the star schema, Data Vault 2.0 offers a unique structure built on three core components: hubs, links, and satellites. 

These components collectively enable flexible data modeling, making it easier to accommodate changes in data 

sources and requirements over time(Joshua & Mogea, 2020). This adaptability is crucial in educational settings, 

where data needs and structures often evolve due to new institutional policies, updated regulatory requirements, 

or shifts in student demographics. 

The main objective of this study is to evaluate the effectiveness of Data Vault 2.0 in constructing a higher 

education data warehouse that can integrate data from disparate sources, ensuring more streamlined and reliable 

data management. By employing Data Vault 2.0, this research seeks to confirm its potential in addressing the 

specific challenges faced by higher education institutions, such as data inconsistency across systems, the need for 

real-time updates, and the ability to support analytics-driven decision-making. These findings support prior 

research that emphasizes the importance of flexible data architectures in handling dynamic data requirements 

across sectors(Urbinati et al., 2019). The research method includes a data collection process followed by a staging 

phase, where data from various sources is organized and prepared for integration(Sais et al., 2022). This 

preparation phase ensures that data is clean and ready for the Data Vault model, which organizes information into 

hubs for key entities, links to capture relationships between entities, and satellites for detailed attributes and 
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historical data(Joshua & Mogea, 2020). This structure not only supports scalability but also allows for parallel 

development by multiple developers, thereby reducing integration time and improving the efficiency of the data 

warehouse build. This parallelism is particularly beneficial in larger institutions where teams must work 

simultaneously without conflicting processes. 

One of the significant findings of this research is that Data Vault 2.0 provides a flexible framework that adapts 

well to the dynamic nature of higher education data requirements. Unlike more rigid data models, the Data Vault 

model can evolve with changing data sources and institutional needs, making it especially suited for academic 

environments where data structures frequently need updating(Urbinati et al., 2019). The model also supports the 

rapid creation of dashboards and reports, enabling real-time data visualization and analysis for decision-making, 

which is consistent with the demands of educational institutions striving to become more data-driven(Nayak & 

Teixeira, 2022). This research underscores that while Data Vault 2.0 introduces additional complexity compared 

to simpler models like the star schema, it provides superior flexibility and data integration capabilities(Joshua & 

Mogea, 2020). The design evaluation reveals that Data Vault 2.0 can accommodate a variety of evolving 

requirements, making it a robust choice for higher education institutions seeking to improve data consistency, 

integration, and accessibility. Future research is encouraged to address some remaining challenges with the Data 

Vault 2.0 model, such as optimizing data integration processes and exploring its application in different 

organizational contexts within the education sector. Overall, the findings suggest that Data Vault 2.0 holds 

significant potential for enhancing data warehousing in higher education, providing a more dynamic and scalable 

solution for institutions aiming to utilize data strategically(Urbinati et al., 2019). 

 

LITERATURE REVIEW 

The complexity of data integration in higher education has driven institutions to seek innovative data 

management solutions that can unify disparate information sources, from academic records to administrative data. 

Data Vault 2.0 has emerged as a potential solution, promising flexibility, scalability, and robust data integration 

capabilities in environments with evolving requirements. As higher education institutions increasingly rely on 

data-driven strategies for decision-making, the relevance of data warehouses in educational settings continues to 

grow.  

 

Data Management Challenges in Higher Education 

Institutions of higher learning often deal with large, complex data sets spread across various departments, 

each using distinct systems and data formats. This fragmentation can create inefficiencies and inconsistencies in 

data reporting, making it difficult to obtain a unified view of institutional performance(Nayak & Teixeira, 2022). 

According to recent studies, integrating data from multiple sources, such as student information systems, faculty 

management platforms, and admission systems, is challenging due to the frequent updates and high variability of 

educational data(Urbinati et al., 2019). These challenges necessitate a data warehousing model that can maintain 

data integrity while accommodating changes in structure or sources. 

 

Data Vault 2.0 as a Solution 

Developed as an extension of the original Data Vault model, Data Vault 2.0 addresses the need for a more 

adaptive and scalable data warehousing approach. The method is specifically structured to handle large volumes 

of data from diverse sources, making it well-suited for higher education environments where data is dynamic. Data 

Vault 2.0’s three main constructs—hubs, links, and satellites—provide a modular approach that allows for easy 

updates and scalability. Hubs represent unique business keys, links capture relationships between entities, and 

satellites store descriptive information and historical data. This structure is particularly effective in maintaining 

data consistency while supporting incremental loading and parallel development, allowing different teams to work 

on the data warehouse without conflicts(Oliveira & Oliveira, 2022). One of the main advantages of Data Vault 2.0 

lies in its flexibility to adapt to changing requirements. In higher education, data sources often evolve due to 

changes in policies, student demographics, or technological advancements. Studies have shown that Data Vault’s 

flexible schema design enables institutions to integrate new data sources more efficiently than traditional models 

like the star or snowflake schema(Anshari et al., 2019). This adaptability is crucial in educational contexts, as it 

reduces the need for costly redesigns each time a new data source is introduced or an existing source changes. 

 

Data Integration and Analytical Potential 

Another significant benefit of Data Vault 2.0 is its ability to support complex analytics. Higher education 

institutions are increasingly using data analytics to improve student outcomes, optimize resource allocation, and 

enhance academic plannin(Wang et al., 2021). However, effective analytics require a data warehouse that can 

unify data from multiple sources into a single, coherent system. Data Vault 2.0 provides this unification by 

ensuring that data from different sources is transformed and loaded consistently, thus improving the quality and 

reliability of analytics outputs(Livera et al., 2021). 
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Recent research underscores that the modular structure of Data Vault 2.0 is particularly advantageous for real-time 

data visualization and dashboarding, which are essential for data-driven decision-making in education. By 

allowing rapid updates and maintaining historical data, Data Vault 2.0 supports longitudinal analysis, enabling 

institutions to track trends over time and make predictive analyses more feasible(Passi et al., 2021). 

 

Challenges and Future Directions 

While Data Vault 2.0 presents several benefits, it also introduces certain complexities. One challenge is the 

initial setup, which can be resource-intensive due to the need for skilled personnel familiar with the model’s 

specific architecture(Wang et al., 2021). Additionally, because Data Vault 2.0 is still relatively new, there is limited 

expertise available compared to more established models. However, institutions that have invested in Data Vault 

2.0 report that the initial costs are outweighed by the long-term benefits of flexibility and scalability. 

Future research is focusing on optimizing the data integration processes within Data Vault 2.0, with studies 

exploring automated ETL (Extract, Transform, Load) methods to further streamline data loading and reduce 

manual intervention. Furthermore, as more institutions adopt this model, there is an opportunity to develop best 

practices for implementing Data Vault 2.0 in educational settings, potentially addressing current skill gaps by 

establishing standardized training modules(Uzun-Per et al., 2021). One of the main advantages of Data Vault 2.0 

lies in its flexibility to adapt to changing requirements. In higher education, data sources often evolve due to 

changes in policies, student demographics, or technological advancements. Studies have shown that Data Vault’s 

flexible schema design enables institutions to integrate new data sources more efficiently than traditional models 

like the star or snowflake schema. This adaptability is crucial in educational contexts, as it reduces the need for 

costly redesigns each time a new data source is introduced or an existing source changes. 

 

Data Integration and Analytical Potential 

Another significant benefit of Data Vault 2.0 is its ability to support complex analytics. Higher education 

institutions are increasingly using data analytics to improve student outcomes, optimize resource allocation, and 

enhance academic planning. However, effective analytics require a data warehouse that can unify data from 

multiple sources into a single, coherent system. Data Vault 2.0 provides this unification by ensuring that data from 

different sources is transformed and loaded consistently, thus improving the quality and reliability of analytics 

outputs(Giebler et al., 2019). Recent research underscores that the modular structure of Data Vault 2.0 is 

particularly advantageous for real-time data visualization and dashboarding, which are essential for data-driven 

decision-making in education. By allowing rapid updates and maintaining historical data, Data Vault 2.0 supports 

longitudinal analysis, enabling institutions to track trends over time and make predictive analyses more 

feasible(Sarwar et al., 2021). 

 

Challenges and Future Directions 

While Data Vault 2.0 presents several benefits, it also introduces certain complexities. One challenge is the 

initial setup, which can be resource-intensive due to the need for skilled personnel familiar with the model’s 

specific architecture(Peng et al., 2022). Additionally, because Data Vault 2.0 is still relatively new, there is limited 

expertise available compared to more established models. However, institutions that have invested in Data Vault 

2.0 report that the initial costs are outweighed by the long-term benefits of flexibility and scalability(Ouafiq et al., 

2022). Future research is focusing on optimizing the data integration processes within Data Vault 2.0, with studies 

exploring automated ETL (Extract, Transform, Load) methods to further streamline data loading and reduce 

manual intervention(Ansari et al., 2020). Furthermore, as more institutions adopt this model, there is an 

opportunity to develop best practices for implementing Data Vault 2.0 in educational settings, potentially 

addressing current skill gaps by establishing standardized training modules(S. Elsheikh, 2022). 

 

METHOD 

The process of building a Data Vault is carried out through stages that include data collection, processing in 

the staging area(Asmita et al., 2023)(Spits Warnars et al., 2024). After that, the data can be moved to storage in 

the Data Vault (Raw Vault and Business Vault), and presented in the form of Information Mart as shown in Fig. 

1. The stages were carried out chronologically as follows: 

 

1. Data Collection from Source 

2. Data was obtained from three main sources, namely the Academic Information System (SIAKAD), the 

Employee Information System (SIMPEG), and the New Student Admission System (PMB). These three 

systems provide relevant data for analysis purposes in a higher education environment. 

3. Processing in the Staging Area 

Data obtained from various sources is then moved to the Staging Area. In this area, the data is cleaned, 

validated, metadata created and harmonized so that it is ready to be inserted into the Data Vault.  At this 

stage using the extract-transform-load (ETL) process involves taking data from different sources 
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(Extract), then transforming the data according to the format and structure required by the Data Vault 

(Transform), and finally loading the transformed data into the Data Vault (Load)(Nambiar & Mundra, 

2022). 

4. Storage in the Data Vault 

Data that has been prepared in the Staging Area is stored in the Raw Vault. The Raw Vault stores data 

that has been modelled using satellites, hubs and links. 

5. Serving in Business Vault 

Business Vault stores data resulting from further processing required to fulfil business needs, such as 

certain calculations or transformations that are not contained in Raw Vault. The data in this Business 

Vault is a combination of raw data with business rules that have been applied. 

6. Serving in Information Mart 

Data that has been processed in the Business Vault is reorganised in the Information Mart to facilitate 

analysis by end users. At this stage, the data is organised in a simpler and more accessible form, and 

configured according to specific analysis needs such as data visualisation for the college's business 

intelligence needs(Sequeira et al., 2024). 

 

 
Fig. 1 Data vault 2.0 architecture design 

In the evaluation process of Data Vault design development, the approach used was to divide the 

responsibilities between two developers. Developer A is in charge of designing the Data Vault that focuses on 

Student and Employee data, while Developer B handles the design related to Registrar and Lecturer data as 

presented in Fig. 2. Both developers were given one week and deliberately worked on data that was not directly 

related, allowing them to work in parallel while testing the flexibility of the Data Vault design. Once this stage 

was complete, in the second week, both teams would integrate the data by interconnecting the data through adding 

links between existing hubs. With this strategy, the development process is expected to be faster and more 

structured. 

 
Fig. 2 Division of developer tasks 

 

RESULT 

The implementation of Data Vault 2.0 for developing a higher education data warehouse follows the 

methodological steps outlined in the research design, including data collection, staging, and the construction of 

hubs, links, and satellites to ensure flexible and scalable data storage. Each phase demonstrates how the Data Vault 

methodology supports effective data integration from disparate sources, which was essential for unifying student, 

faculty, and administrative data. 
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Construction of Hubs, Links, and Satellites 

The creation of hubs, links, and satellites was central to the Data Vault structure, where hubs stored unique 

business keys, links captured relationships between entities, and satellites held descriptive attributes. For example, 

student IDs were stored in the student hub, while courses were recorded in a separate course hub. Links connected 

students to courses they were enrolled in, representing the relational aspect that allows easy tracking of student 

progress across academic terms. This structure enabled seamless data connectivity across systems and 

departments, allowing administrators to retrieve holistic student profiles by joining hubs, links, and satellites as 

required. The modularity of hubs and links further facilitated parallel development. Multiple developers could 

work on different parts of the warehouse simultaneously, adding data to specific hubs or satellites without 

interfering with others, which increased development efficiency. 

 

Data Collection and Staging 

The data collection phase involved extracting information from key institutional systems, such as the Academic 

Information System, Personnel Information System, and New Student Admission System. This data was initially 

raw and unstructured, requiring cleaning and normalization to ensure consistency across datasets. The data staging 

area was established to temporarily hold and process these data points before they were loaded into the Data Vault 

structure, following best practices in ETL (Extract, Transform, Load) as emphasized by (Wang et al., 2021). The 

staging area consists of four main tables (as shown in Fig. 3), which serve to store data temporarily before further 

processing. The stag_jabatan_pegawai table records information related to an employee's position, including the 

employee identification number (NIP), position, work unit, and start and end dates. Additionally, the 

stag_mahasiswa table stores student data, such as student identification number (NIM), name, date of birth, gender, 

and address. The stag_tes_seleksi table records information about selection test participants, including registration 

number, test type, and test results. Finally, the stag_dosen table stores lecturer data with their unique educator 

number (NUPTK) and other related information. This structured staging area allows for efficient and organized 

data management, facilitating better data integration in subsequent processes.  

 

 
Fig. 3 Table design in the staging area 

The metadata staging area provides an overview of the tables used to temporarily store data before it is moved 

to the Data Vault. There are three main tables: stag_mahasiswa, stag_dosen, and stag_pendaftar. The 

stag_mahasiswa table stores student data with 11,527 rows taken from the Academic Information System. The 

stag_dosen table contains 65 rows of lecturer data derived from the Employee Information System. Meanwhile, 

the stag_pendaftar table records 96 rows of registrant data from the New Student Admission System. The use of 

JSON format shown in Fig. 4, JSON, for storing metadata, is particularly advantageous because it is a lightweight 

and machine-readable format. It allows flexible data structures with the ability to represent hierarchies and supports 

high interoperability, making it easier for different systems to exchange and understand data effectively. (Chaerony 

Siffa, Schäfer, & Becker, 2022). Metadata that has been organised in this format allows users to easily perform 

auditing and tracking, and accelerates data integration in the analysis process. 
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Fig. 4 Metadata in JSON format 

Modelling the raw vault data shown in Fig. 5 consists of various components, namely Hub, Satellite, and Link, 

which are designed to accommodate the needs of historical data storage and data integration. Hubs are used to 

represent key entities such as students, lecturers, employees, and registrars, each of which has unique identifying 

attributes, such as NIM, NUPTK, NIP, and registration number. Each Hub is linked to a Satellite that stores 

additional contextual information or related descriptive attributes, such as name, address, gender, work unit, and 

history of student status and employee position. These Satellites are designed to be flexible in accommodating 

attribute changes without altering the Hub structure. 

Links are used to connect different Hubs and show relationships between entities, such as the relationship 

between students and lecturers through the link lecturer-student is an academic supervisor for students, between 

employees and lecturers through the link employee-lecturer, as well as registrars and students through the 

link_pendaftar_mahasiswa. 

 

Results of Data Integration and Consistency 

The implementation of Data Vault 2.0 demonstrated improved data consistency across the institution. Table 1 

below shows a summary of data accuracy improvements, comparing the consistency levels before and after 

implementing the Data Vault structure. The increased consistency indicates that data integrated from various 

systems was more accurate and reliable for analysis, thus supporting more informed decision-making across 

departments. 

 

Table 1. Data Consistency Levels Pre- and Post-Data Vault Implementation 

Data Source Initial Consistency (%) ost-Implementation Consistency (%) 

Academic Information System 70% 95% 

Personnel Information System 68% 92% 

New Student Admission System 72% 94% 

 

The data integration process led to a substantial increase in consistency, which aligns with the findings of 

Barbosa & Araújo (2020), who highlighted similar improvements in their study of data vault methodologies across 

sectors. This improvement underscores the effectiveness of the Data Vault structure in harmonizing data from 

various sources within educational institutions. 

 

Scalability and Flexibility of Data Structure 

Finally, the Data Vault 2.0 structure demonstrated strong adaptability to changes in data sources. During the 

implementation, an additional data source—an alumni tracking system—was integrated into the data warehouse. 

The modular nature of the Data Vault allowed for this new data to be added to the existing structure without 

significant reconfiguration. This ease of integration supports findings by(Nayak & Teixeira, 2022), which highlight 

the scalability of Data Vault 2.0 in evolving data environments. 

The results emphasize that while initial setup of Data Vault 2.0 may be more resource-intensive than traditional 

data models, its long-term benefits in scalability and flexibility outweigh these initial investments. The 

implementation of Data Vault 2.0 not only optimized data consistency and integration but also enabled more 

efficient real-time analytics, supporting the institution’s goals for data-driven decision-making. 

 

The diagram in Figure 5 below illustrates the implementation structure of Data Vault 2.0 in a higher education 

data warehouse, showing the arrangement of hubs, links, and satellites to effectively store and manage data from 
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various institutional sources. Each component has its own role in organizing the data, ensuring a scalable and 

flexible architecture that supports data integration and consistency. 

 
Fig. 5 Data modelling at the raw vault stage 

The primary entities, or hubs, represent unique business keys for different entities within the institution. Key 

hubs include: 

a. hub_mahasiswa: This hub stores unique identifiers for students, capturing each student's load date and 

source of data. It serves as a central repository for student data, enabling the tracking and connection of 

each student across various relationships and activities. 

b. hub_dosen: This hub represents the lecturer or academic staff, storing each lecturer's unique ID alongside 

their load date and data source. 

c. hub_pegawai: The employee hub contains identifiers for institutional employees, supporting the 

integration of administrative personnel data with academic information. 

d. hub_pendaftar: This hub records applicants, particularly prospective students undergoing selection 

processes. It helps unify applicant data before they officially become students within the institution. 

Links define the relationships between entities, connecting hubs to depict associations. These links facilitate 

the modeling of relationships crucial for higher education management. Key links in this model include: 

a. link_dosen_mahasiswa: This link establishes connections between lecturers and students, indicating 

relationships such as academic advising or supervisory roles. 

b. link_pegawai_dosen: This link connects employees with lecturers, mapping associations between 

administrative staff and academic personnel. 

c. link_pendaftar_mahasiswa: This link facilitates the transition from applicants to students, connecting 

those who have successfully enrolled after going through the application process. 

Satellites provide detailed attributes related to each hub or link, capturing additional descriptive information 

and historical records. These satellites enable the storage of specific information without disrupting the integrity 

of core business keys, allowing the data warehouse to maintain historical context and accommodate evolving 

details. Key satellites in the model include: 

a. sat_biodata_mahasiswa: Associated with the student hub, this satellite records detailed student 

information such as name, date of birth, gender, and address. It provides comprehensive demographic 

information about each student. 

b. sat_biodata_dosen: This satellite, connected to the lecturer hub, contains detailed information about 

lecturers, including their qualifications, academic focus, and contact details. 
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c. sat_jabatan_pegawai: Linked to the employee hub, this satellite records job-related information for each 

employee, such as position title, job level, unit assignment, and start and end dates. This satellite helps 

track the employment history of administrative personnel. 

d. sat_tes_seleksi: Connected to the applicant hub, this satellite records the details of selection tests, 

including test type and results, facilitating the assessment and tracking of applicants' performance in 

admission tests. 

e. sat_riwayat_status_mahasiswa: This satellite records the status history of students, linked to the student 

hub, providing insights into their academic progression, such as enrollment status and any changes over 

time. 

The Data Vault 2.0 model depicted here effectively organizes and integrates diverse institutional data, 

supporting both flexibility and scalability in higher education data management. By separating data into hubs, 

links, and satellites, this structure allows for dynamic and modular management of information. For instance, the 

sat_biodata_mahasiswa can be updated with new demographic information without impacting other components, 

while the link_dosen_mahasiswa can be expanded to accommodate new types of academic relationships. 

The modular design also supports parallel development, allowing multiple teams to work on different parts of the 

data warehouse without interference, a feature that improves efficiency and facilitates real-time updates. Moreover, 

by maintaining historical records in satellites like sat_riwayat_status_mahasiswa, the institution can track changes 

over time, making the system suitable for longitudinal studies and predictive analytics. 

In summary, this Data Vault 2.0 implementation provides a robust, adaptable framework that supports the needs 

of higher education institutions, enabling effective data integration, consistency, and scalability for comprehensive 

data analysis and decision-making. 

In this Data Vault design, there are two types of tables that play a role in data analysis, namely Business Vault 

which is represented by the bv_pegawai_jabatan table and Information Mart which is represented by the 

im_pegawai_jabatan table as shown in Fig. 6. 

The bv_pegawai_jabatan table in Business Vault stores data about employee positions, such as nip (Employee 

Identification Number), nuptk (Unique Number of Educators and Education Personnel), position, tgl_mulai (start 

date of the position), and tgl_selesai (finish date of the position). In addition, this table also records 

lama_jabatan_th (length of position in years) and total_pengalaman_th (total experience in years), which allows 

for more in-depth analysis of an employee's career history and work experience. load_date is used as a marker of 

when this data was loaded, thus supporting historical tracking of data changes. 

Meanwhile, the im_pegawai_jabatan table on the Information Mart presents information that is more concise 

and more readily used for reporting or analysis, such as nip, name, position, and isdosen (an indicator of whether 

the employee is a lecturer or not). This table also includes length_jabatan_th and load_date to track the duration 

of the position as well as the date the data was loaded. 

 

 
Fig. 6 Table design of business vault and information mart 

 

DISCUSSIONS 

Data Vault 2.0 development approach that allows parallel work by multiple developers (Developer A and 

Developer B), which shows the division of responsibilities and modularity in the Data Vault structure. This 

division allows efficient data modeling by separating entities into different segments, which developers can work 

on independently without conflicts or dependencies that can slow down development.  

 

Parallel Development in Data Vault 2.0 

In the implementation shown, Developer A is responsible for creating tables related to student and employee 

data, including hubs, links, and satellites. The key components in Developer A’s workspace include: 

a. hub_mahasiswa: This is the student hub, which stores unique identifiers for each student. 
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b. sat_biodata_mahasiswa: Connected to the hub_mahasiswa, this satellite contains detailed attributes about 

each student, such as name, date of birth, gender, and address. 

c. sat_riwayat_status_mahasiswa: Another satellite linked to hub_mahasiswa, this table captures historical 

status changes for students, including active or inactive statuses and timestamps for each status. 

d. hub_pegawai: This is the employee hub, containing unique identifiers for administrative staff. 

e. sat_jabatan_pegawai: Associated with hub_pegawai, this satellite stores job-related details like position, 

unit, and employment dates. 

Meanwhile, Developer B is responsible for developing tables associated with applicants and lecturers. Key 

components in Developer B’s workspace include: 

a. hub_pendaftar: This hub stores information related to applicants or prospective students, capturing 

identifiers such as registration numbers. 

b. sat_tes_seleksi: Connected to hub_pendaftar, this satellite records the results of the selection test, 

including test type and scores. 

c. hub_dosen: Representing lecturers, this hub contains unique identifiers for each lecturer. 

d. sat_biodata_dosen: This satellite holds descriptive data for lecturers, including names, qualifications, and 

areas of expertise. 

This division of tasks is a key benefit of Data Vault 2.0, as it allows separate teams to build and expand different 

sections of the data warehouse independently. Each developer can focus on creating the specific hubs, links, and 

satellites within their domain without affecting the other team’s progress. This approach also reduces potential 

conflicts in database structure and enables faster iteration and testing, improving overall productivity and 

scalability in data warehouse development. 

 

Discussion of Data Integrity and Modularity 

The separation of responsibilities shown in this figure underscores Data Vault 2.0’s inherent modularity. Each 

hub and its related satellites maintain data specific to a particular entity, and links between hubs (if needed) are 

handled without affecting the satellite data. This structure not only enhances data integrity but also simplifies data 

governance, as each module (e.g., students, employees, applicants, lecturers) is self-contained. For instance, 

updates to sat_biodata_mahasiswa or sat_jabatan_pegawai in Developer A’s workspace do not interfere with the 

tables maintained by Developer B, such as sat_tes_seleksi or sat_biodata_dosen. 

 

 
Fig. 7 The result of the developer's task division to create a data vault 
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This modular design supports a high level of scalability, as new entities or attributes can be added 

independently in either developer’s area without disrupting existing data structures. Table 1 below summarizes the 

benefits of parallel development and modularity observed in this approach. 

Table 2. Benefits of Parallel Development and Modularity in Data Vault 2.0 Implementation 

Feature Benefit Example 

Parallel Development Faster deployment, reduced conflicts Dev A and Dev B work on different 

modules 

Modularity Easier data maintenance and scalability Separate hubs and satellites for 

each entity 

Data Integrity Maintained due to distinct, isolated 

data segments 

Changes in one module do not 

affect others 

Efficiency in Updates Quick updates and additions without 

structural impact 

New satellites added without 

reconfiguring hubs 

Enhanced Data Governance Easier tracking of changes and data 

lineage 

Each module maintains 

independent history 

 

During the allotted week, each developer focused on a different subdomain, proving that the Data Vault 

structure could be managed effectively even by separate teams. The results showed that after this stage of 

development, both teams were able to integrate the data by adding links between the existing hubs in a relatively 

short time. This emphasises the advantage of Data Vault in allowing the addition and subtraction of model elements 

with minimal impact on the existing structure. With the formation of the data warehouse, it is easy to create 

dashboards for the needs of the college presented in Fig. 8. 

 
Fig. 8 Data visualisation in the form of a dashboard 

 

CONCLUSION 

 

The implementation of Data Vault 2.0 for developing a data warehouse in higher education demonstrates 

significant advantages in flexibility, scalability, and data integration. Through its modular design—consisting of 

hubs, links, and satellites—the Data Vault structure allows for a highly organized and adaptable approach to 

managing complex and diverse data sources. This architecture is particularly well-suited to the unique needs of 

higher education institutions, where data often originates from multiple systems and departments, requiring 

seamless integration and consistent data quality. One of the key outcomes of this research is the ability of Data 

Vault 2.0 to facilitate parallel development. As illustrated, separate development teams can work on distinct 

modules independently, reducing bottlenecks and enabling faster deployment. This parallel approach not only 

improves productivity but also preserves data integrity, as changes within one area of the warehouse do not 
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interfere with others. The staging area, with its structured tables for storing temporary data, further ensures data 

consistency and readiness for integration. Additionally, the modularity of Data Vault 2.0 supports scalability and 

adaptability, essential features for higher education institutions where data needs frequently evolve.  

The independent components allow for the seamless addition of new entities and attributes without disrupting 

existing structures, making it a sustainable solution that can grow alongside institutional needs. Furthermore, by 

maintaining historical data within satellites, institutions can support longitudinal studies and real-time analytics, 

providing valuable insights for decision-making. In summary, Data Vault 2.0 provides a robust, efficient, and 

scalable framework for higher education data warehousing. While its initial setup may require a higher level of 

expertise and resources, the long-term benefits in data integration, flexibility, and scalability make it a valuable 

investment for institutions aiming to enhance their data management capabilities. This research confirms that Data 

Vault 2.0 is an ideal choice for educational institutions seeking to unify diverse data sources and leverage their 

data assets for improved strategic decision-making and operational efficiency. 
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