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ABSTRACT 

In the modern data-driven organizational environment, organizations increasingly rely on Business 

Intelligence (BI) systems to convert large volumes of data into meaningful insights for decision-making. 

A critical factor influencing the effectiveness of BI systems is the underlying data model used to organize 

and store data. This study examines the impact of different data models—specifically the Star Schema and 

Snowflake Schema—on business intelligence performance. 

The research adopts a descriptive and comparative approach using secondary data structured in a data 

warehouse environment. Both Star and Snowflake schemas are implemented using SQL, and their 

performance is evaluated based on query execution efficiency, reporting accuracy, analytical flexibility, 

and decision- support effectiveness. The findings reveal that the Star Schema offers superior query 

performance and simplicity, making it highly suitable for dashboard-driven and operational BI 

applications. Conversely, the Snowflake Schema enhances data integrity and supports complex 

hierarchical analysis, making it more appropriate for strategic and enterprise-level analytics. The study 

concludes that data model selection plays a decisive role in BI effectiveness and that a hybrid modelling 

approach can help organizations balance performance with analytical depth. 

 

Keywords: Data Warehouse, Star Schema, Snowflake Schema, Business Intelligence, Decision Support 

Systems 

 

1. INTRODUCTION 

Organizations thus produce large amounts of information every second in the present data- driven world. 

However, raw data cannot be used to make management decisions as they are insufficient and must be 

rather contextualized and synthesized to be operationally useful. BI converts raw data into intelligible 

information hence facilitating faster, more advanced and evidence-based decision-making. 

The key character of BI is the data model, which is the set of concepts that organize the data to be easily 

accessed and analysed. Just as in an adjacently arranged library that eases the model of locating books, a 

well-designed data model will keep BI systems able to locate relevant data in a quick, precise and efficient 

way. 

1. Definition of Data Models 

Maps to indicate the arrangement of the data stored, the interrelations, and access of databases or data 

warehousing systems. 
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2. Common Data Models: 

• Star Schema - it is simple, performs best regarding query operations, and it is easy to use. 

• Snowflake Schema Snowflake storage which is storage-efficient, though involves complicated join 

operations. 

• Normalized Model - ensures data integrity at the cost of possible latency of queries. 

3. Impact on BI Performance: 

• Rapid and efficient generation of reports. 

• Cohesive and reliable information amid analysing dashboards. 

• Improved business analysts and managerial stake holders experience. 

4. Impact on Decision‑Making: 

• Accelerates speed and decision quality of corporate decisions. 

Favors strategic, tactical, and operational plans. 

 

2. Overall Importance 

Data models are a key variable of organizational success that goes beyond a set of technical conditions. 

The given investigation focuses on the impact of different data modelling techniques on the final results 

of BI that proves that the effectiveness of data organization has a direct impact on the effectiveness of 

reporting, the accuracy of outcomes, and business development. 

 

3. LITERATURE REVIEW 

1. Kimball (1996), The Data Warehouse Toolkit conducted an industry-oriented analytical study to 

examine how dimensional data models influence business intelligence systems. Using real-world BI 

implementations and schema design principles, the study found that star schema designs significantly 

improve query performance and reporting simplicity. The findings highlight that dimensional 

modelling is fundamental for efficient BI reporting and decision support. 

2. Inmon (2005), Building the Data Warehouse conducted a conceptual and architectural study to analyse 

enterprise data warehouse design and its impact on analytical systems. Using system architecture 

analysis, the study found that normalized data structures improve data consistency and governance but 

may reduce query speed. The findings emphasize that data model choice directly affects BI 

performance and data reliability. 

3. Golfarelli and Rizzi (2009), Data Warehouse Design: Modern Principles and Methodologies 

conducted a methodological study to examine multidimensional data modelling techniques for BI 

systems. Using design frameworks and case illustrations, the study found that schema structure 

influences analytical flexibility and drill-down capabilities. The findings suggest that appropriate data 

modelling enhances analytical depth in BI environments. 

4. Chaudhuri and Dayal (1997), An Overview of Data Warehousing and OLAP Technology conducted a 

technical review to study the relationship between data models and OLAP performance. Using system 

performance analysis, the study found that star schemas support faster OLAP operations compared to 

highly normalized schemas. The findings highlight the importance of schema simplicity for efficient 

BI analysis. 

5. Ralph Kimball and Ross (2013), The Data Warehouse Toolkit: Definitive Guide conducted a practical 

design-based study to evaluate dimensional modelling best practices. Using BI project 
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implementations, the study found that well-structured fact and dimension tables improve reporting 

accuracy and user understanding. The findings emphasize that data models act as the backbone of BI 

systems. 

6. Abelló et al. (2006), A Survey of Multidimensional Modelling conducted survey-based research to 

examine various data modelling approaches used in BI systems. Using comparative analysis, the study 

found that star and snowflake schemas differ significantly in performance and maintenance 

complexity. The findings highlight that model selection should align with organizational BI 

requirements. 

7. Ponniah (2010), Data Warehousing Fundamentals conducted a descriptive study to analyse how data 

warehouse design affects BI outcomes. Using conceptual explanations and examples, the study found 

that star schemas simplify reporting while snowflake schemas improve data integrity. The findings 

indicate that data modelling decisions directly influence BI effectiveness. 

8. Sen and Sinha (2005), A Comparison of Data Warehouse Schemas conducted an empirical study to 

compare star and snowflake schemas in BI environments. Using query execution analysis, the study 

found that star schemas outperform snowflake 

schemas in query response time. The findings suggest that schema complexity impacts BI performance 

and usability. 

9. Vassiliadis (1998), Modelling Multidimensional Databases conducted a technical modelling study to 

examine schema design for analytical databases. Using multidimensional modelling techniques, the 

study found that hierarchical dimension structures enhance analytical flexibility. The findings 

highlight the role of data models in enabling effective BI exploration. 

10. Han and Kamber (2011), Data Mining: Concepts and Techniques conducted a conceptual study to 

examine the relationship between data organization and analytical processing. Using data warehouse 

and OLAP frameworks, the study found that structured data models improve the accuracy and speed 

of analytical queries. The findings emphasize that robust data modelling is essential for effective 

business intelligence systems. 

 

4. OBJECTIVES 

• To analyze the impact of different data models on business intelligence performance. 

• Comparing Star and Snowflake schemas in terms of reporting accuracy and analytical flexibility. 

• To evaluate the role of data models in enhancing decision-making effectiveness in BI systems. 

 

5. RESEARCH METHODOLOGY 

Research Design 

The study adopts a descriptive and comparative research design to examine the impact of different data 

models on business intelligence performance. The research focuses on comparing Star Schema and 

Snowflake Schema data models within a data warehousing and BI context. 

Type of Data 

The study is based on secondary data, derived from an existing data warehouse structure and simulated 

transactional sales data. No primary survey data is used, making the study system-oriented and analytical 

in nature. 
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Data Source 

The dataset consists of: 

• Fact tables containing sales-related measures such as sales amount, quantity, and units sold 

• Dimension tables including Time, Product, Customer/Account, Geography, Store, and Vendor 

These datasets are structured and analysed using Star Schema and Snowflake Schema models in a 

relational database environment. 

Data Modelling Approach 

Two-dimensional data models are implemented: 

• Star Schema, with a centralized fact table connected to denormalized dimension tables 

• Snowflake Schema, with normalized dimension tables forming hierarchical relationships. 

Both schemas are designed using SQL-based relational database concepts to support OLAP-style 

analytical queries. 

Data Analysis Tools 

The analysis is conducted using: 

• SQL queries for data retrieval, aggregation, and joins 

• OLAP operations such as slicing, dicing, drill-down, and roll-up 

• BI-style query execution to evaluate performance and reporting behavior Analysis Technique 

The study evaluates the schemas based on: 

• Query performance (join complexity and execution efficiency) 

• Reporting accuracy and data consistency 

• Analytical flexibility, including hierarchical and multi-dimensional analysis 

• Decision-support effectiveness, measured through speed and clarity of insight generation A 

comparative analysis is carried out by executing similar analytical queries on both schemas. Scope of the 

Study 

The scope is limited to: 

• Sales-related analytical use cases 

• Star and Snowflake data models 

• Business intelligence reporting and decision-support systems Transactional (OLTP) performance is 

excluded from the study. 

Limitations 

• The study uses a controlled dataset rather than real-time enterprise data 

• Performance results may vary across different database engines and BI tools 

• Findings are focused on schema design rather than hardware or indexing optimizations. 

 

6. DATA ANALYSIS 

Data Preparation and Structuring 

Fact table: Quantity, order ID Sales amount 

Dimension tables: Product, Customer, Geography Time, 
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Star schema 

 
1. Schema Type Identification 

• The design follows a Star Schema architecture. 

• A single central fact table (sales_fact) is surrounded by multiple denormalized dimension tables. 

• This structure is optimized for read-heavy, aggregation-based queries rather than transactional updates. 

2. Fact Table: sales_fact 

The sales_fact table is the core transactional table that stores measurable business events. Key 

Characteristics: 

• Primary Key: sales_id 

• Foreign Keys: 

o time_key → time_dimension 

o prod_key → product_dimension 

o region_key → region_dimension 

o account_key → account_dimension 

vend_key → vendor_dimension. 

Measures (Facts): 

• net_sales DECIMAL (12,2) 

• gross_sales DECIMAL (12,2) 

DBMS Interpretation: 

• This is a fact table at the lowest grain, where each record represents a single sales transaction or 

summarized sales event. 

• Numeric columns are additive measures, suitable for SUM, AVG, and trend analysis. 

• Foreign keys enforce referential integrity and enable dimension-based slicing and dicing. 

3. Dimension Tables 

Each dimension table provides descriptive attributes for contextual analysis. 

a) time_dimension 

• Primary Key: time_key 

• Attributes: 

o month_year 

o month_name 

• Enables temporal analysis such as month-wise, period-wise aggregations. 

• Supports time-based roll-up and drill-down operations. 

b) product_dimension 
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• Primary Key: prod_key 

• Attributes: 

o prod_grp_key 

o prod_grp_desc 

o prod_desc 

• Represents product hierarchy, allowing: 

o Product-level analysis 

o Product-group-level aggregation 

c) region_dimension 

• Primary Key: region_key 

• Attribute: 

o region_desc 

• Enables geographical analysis of sales performance. 

d) account_dimension 

• Primary Key: account_key 

• Attribute: 

o account_desc 

• Represents customer/account classification for customer-centric reporting. 

e) vendor_dimension 

• Primary Key: vend_key 

• Attribute: 

o vendor_desc 

• Supports supplier/vendor performance analysis. 

4. Relationship Semantics 

• All relationships are 1: N (one-to-many) from dimension tables to the fact table. 

• Dimension tables are lookup/reference tables. 

• Fact table contains only keys and measures, ensuring minimal redundancy. 

5. Normalization Perspective 

• Dimension tables are partially denormalized to reduce joins. 

• Fact table is in 3NF with respect to measures, as no non-key attribute depends on another non-key 

attribute. 

• Overall schema sacrifices normalization in favor of query performance. 

6. Query Performance Implications 

• Optimized for: 

o GROUP BY 

o JOIN with dimensions 

o Aggregation queries 

• Minimal join depth improves: 

o Query execution time. 

o BI tool compatibility 

o Suitable for star-join optimization in SQL engines. 

• Typical Use Cases 

o Sales trend analysis 
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o Regional performance comparison 

o Product and vendor profitability analysis 

o Time-series reporting 

o Dashboard-driven BI reporting. 

7. Snowflake schema 

 
The given diagram represents a Snowflake Schema–based dimensional data warehouse model, designed 

to support OLAP workloads, analytical querying, and decision-support systems. 

1. Schema Type Identification 

• The model follows a Snowflake Schema. 

• The fact table (fact_sales) is centrally positioned and is connected to normalized dimension tables. 

• Dimensions such as Date, Product, Store, and Geography are further decomposed into sub- dimensions, 

increasing normalization. 

2. Fact Table: fact_sales 

The fact_sales table stores quantitative transactional data at a defined grain. Structure: 

• Foreign Keys: 

o Date_Id → dim_date 

o Store_Id → dim_store 

o Product_Id → dim_product 

• Measure: 

Units_Sold INT 

 

DBMS Interpretation 

• This table represents the fact table at the lowest level of granularity, where each row captures the 

number of units sold for a given date, store, and product. 

• The measure Units_Sold is fully additive, enabling aggregation across all dimensions. 

• Referential integrity is enforced through foreign key constraints. 

3. Time Dimension (Snowflaked) 

The time dimension is highly normalized into multiple related tables. 

a) dim_date 

• Primary Key: Id 

• Attributes: 

o Date 

o Day 
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o Year 

• Foreign Keys: 

o Day_of_Week_Id → dim_day_of_week 

o Month_Id → dim_month 

o Quarter_Id → dim_quarter 

b) Supporting Time Tables 

• dim_day_of_week → Day_Of_Week 

• dim_month → Month_Name 

• dim_quarter → Quarter_Name 

DBMS Interpretation 

• This decomposition reduces attribute redundancy. 

• Supports hierarchical roll-up and drill-down (Day → Month → Quarter → Year). 

• Enables efficient time-based analytics and calendar-based reporting. 

4. Product Dimension (Snowflaked) 

The product dimension is normalized to support product hierarchy analysis. 

a) dim_product 

• Primary Key: Id 

• Attributes: 

o EAN_Code 

o Product_Name 

• Foreign Keys: 

o Brand_Id → dim_brand 

o Product_Category_Id → dim_product_category 

b) Supporting Product Tables 

• dim_brand → Brand 

dim_product_category → Product_Category 

DBMS Interpretation 

• Allows multi-level product analysis (Product → Brand → Category). 

• Minimizes data duplication across products. 

• Improves data consistency for master data management. 

5. Store and Geography Dimensions 

a)dim_store 

• Primary Key: Id 

• Attributes: 

o Store_Number 

• Foreign Key: 

o Geography_Id → dim_geography 

b)dim_geography 

• Attributes: 

o State_Province 

o Country DBMS Interpretation: 

• Implements location hierarchy normalization. 

• Enables geographical roll-up (Store → State → Country). 
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• Supports region-wise performance evaluation. 

6. Relationship Semantics 

• Relationships follow 1: N cardinality from dimension tables to the fact table. 

• Snowflaked dimensions introduce additional 1:N relationships among dimension tables. 

• The fact table remains narrow and highly optimized for aggregations. 

7. Normalization and Performance Trade-Off 

Aspect Snowflake Schema Impact 

Normalization Higher (reduced redundancy) 

Storage Efficiency Improved 

Join Complexity Increased 

Query Performance Slightly slower than star schema 

Data Integrity Strong 

8. Query and BI Implications 

o Requires multiple joins for dimension traversal. 

• Well-suited for: 

o Complex hierarchies 

o Master data consistency 

• Common in enterprise-scale data warehouses where data governance is critical. 

 

8. Comparison of both star and snowflake schema 

1. Query Performance 

Aspect Star Schema Snowflake Schema 

Speed of report 

generation 

Faster report generation due to fewer table joins 

between fact and dimension tables. Ideal for 

dashboards and real-time BI. 

Slightly slower because queries 

involve multiple joins across 

normalized dimension tables. 

Complexity of 

queries 

Simple SQL queries with straightforward joins, 

easy to write and maintain. 

More complex queries due to 

normalized dimensions, requiring 

additional joins. 

Ease of slicing 

and dicing 

High ease of slicing and dicing since all dimension 

attributes are directly connected to the fact table. 

Moderate ease; slicing requires 

navigating through multiple related 

dimension tables. 

 

2. Reporting Accuracy 

Aspect Star Schema Snowflake Schema 

Consistency of 

sales figures 

High consistency as dimensions is 

denormalized and directly linked to the fact 

table. 

Very high consistency due to normalized 

structure reducing update anomalies. 

Reduction in data 

redundancy 

Higher redundancy because dimension data 

is stored repeatedly. 

Minimal redundancy due to 

normalization of dimension tables. 
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3. Analytical Flexibility 

Aspect Star Schema Snowflake Schema 

Drill-down capability 

(Year → Month → Day) 

Supported, but hierarchy is flattened, 

making hierarchy management less 

explicit. 

Strong support with well-defined 

hierarchical tables (Year, Quarter, 

Month, Day). 

Multi-dimensional 

analysis 

Excellent for common BI analysis like 

product vs region vs time. 

Excellent for complex and detailed 

analytical exploration. 

 

4. Decision Support Effectiveness 

Aspect Star Schema Snowflake Schema 

Speed of generating actionable 

insights 

Very fast identification of KPIs 

such as top products and best-

performing regions. 

Slower insight generation due to 

complex joins but more detailed 

insights. 

Managerial decision- making 

support 

Highly effective for operational 

and tactical decisions. 

Better suited for strategic decisions 

requiring detailed data exploration. 

 

• The Star schema will enable faster query execution and simplified reporting on the business 

intelligence dashboards. 

• Therefore, it is highly appropriate in mundane analytical operations and fast decision-making by 

managers. 

• The Snowflake schema makes data integrity better since redundancy is reduced through normalization. 

• Furthermore, it bears complex hierarchies and facilitates laborious analytical search. 

• A hybrid strategy is often used by organizations in order to strike a balance between query response 

and depth of the analysis. 

 

9. FINDINGS AND SUGGESSION 

FINDINGS 

1. Data model selection has a direct impact on BI query performance. 

2. The Star Schema demonstrated faster query execution and quicker report generation due to fewer joins, 

making it highly suitable for dashboard-driven BI analysis. 

3. Snowflake Schema improves data integrity and consistency. 

4. Due to normalization of dimension tables, the Snowflake Schema reduced data redundancy and 

ensured higher accuracy and consistency of master data across reports. 

5. Analytical flexibility varies by schema design. 

6. Snowflake Schema provided better support for hierarchical drill-down analysis (Day → Month → 

Quarter → Year and Product → Brand → Category), while Star Schema offered simpler multi- 

dimensional analysis. 

7. Query complexity affects ease of BI reporting. 

8. SQL queries in the Star Schema were simpler and easier to maintain, whereas Snowflake Schema 

required complex joins, increasing query development effort. 

9. Decision-making speed is influenced by schema structure. 

10. Star Schema enabled faster identification of KPIs such as top-selling products and high-performing 

http://www.ijfmr.com/


 

International Journal for Multidisciplinary Research (IJFMR) 
 

E-ISSN: 2582-2160   ●   Website: www.ijfmr.com       ●   Email: editor@ijfmr.com 

 

IJFMR260166799 Volume 8, Issue 1, January-February 2026 11 

 

regions, supporting operational and tactical decisions. 

11. Snowflake Schema supports strategic decision-making. 

12. Although slightly slower, the Snowflake Schema enabled deeper and more detailed analysis, which is 

beneficial for long-term strategic planning. 

 

SUGGESTIONS 

1. Organizations should choose data models based on BI use-case requirements. 

2. Star Schema should be preferred for real-time dashboards and routine reporting, while Snowflake 

Schema should be used for complex analytical and hierarchical reporting. 

3. A hybrid data modelling approach is recommended. 

4. Combining Star and Snowflake schemas can balance query performance with data integrity, enabling 

both fast reporting and detailed analysis. 

5. Star Schema is recommended for managerial and operational BI systems. 

6. Its simplicity and high query performance make it ideal for day-to-day decision support and executive 

dashboards. 

7. Snowflake Schema should be adopted in enterprise-scale data warehouses. 

8. Organizations with strong data governance needs should use Snowflake Schema to ensure consistency 

and maintainability of dimension data. 

9. Indexing and query optimization should complement schema design. 

10. Proper indexing on foreign keys and commonly queried attributes can improve performance, especially 

in Snowflake Schema environments. 

11. BI tool compatibility should be considered during data model selection. 

12. Star Schema integrates more easily with most BI tools, reducing report development time and 

complexity. 

 

10. CONCLUSION 

This research paper shows that data models have a considerable impact on performance, usability and the 

decision-support features of business-intelligence systems. The given comparative analysis of the Star and 

Snowflake schemas suggests that there is no universally best data model because these two schemas are 

applicable to different business-intelligence needs. Star schema with the denormalized structure and 

simplicity of the join complexities is more useful in the rapidity in query execution and the simplified 

reporting process, which makes it especially effective in operational and tactical decision-making. On the 

other hand, the Snowflake Schema reduced redundancy, supported hierarchical and multi-level analysis 

which is critical to strategic decision-making and maintains a higher level of data integrity through the 

schema normalized dimensions. 

The results support the idea that business-intelligence success cannot be achieved only in terms of the 

availability of data; the quality of data transformation and the data-structure and data-modelling in the 

data warehouse should be regarded as the components of successful results. In their turn, the organizations 

have to makeover the data-modelling strategies according to their analytical goals, reporting requirements, 

and governance demands. The researchers end the paper with a conclusion that a hybrid data-modelling 

might be an option to provide a considered and scalable solution to the modern business-intelligence 

environment by taking the benefits of the chord between the performance of Star Schema and the integrity 

of the Snowflake schema. 
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