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Abstract

Article History Retail transaction data must be transformed into reliable analytical
information to support data-driven decision-making. This study develops a

Business Intelligence (BI) framework based on a star-schema data

warehouse for multidimensional retail sales analysis across customer,
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Revised : 22 February 2026  synthetic transactions from 2023 and nine attributes was processed through
Accepted : 02 March 2026 an Extract, Transform, and Load (ETL) pipeline implemented in Pentaho
Published : 28 March 2026 ~ Data Integration and loaded into MySQL. Data validity was assessed using
completeness, arithmetic-consistency, and referential-integrity criteria. The
pipeline loaded all 1,000 transactions, with no missing required values, no
discrepancies between Total Amount and Quantity x Price per Unit, and no
unmatched foreign keys. The analysis produced a total sales value of
456,000 monetary units and 2,514 units sold. Electronics generated the
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Intelligence; Data ‘ highest sales value (156,905), whereas Clothing had the highest volume
Warehguse; ETL; Retail (894 units). Monthly sales peaked in May (53,150) and were lowest in
Analytics; Star Schema September (23,620). Female and male customers contributed 51.06% and

48.94%, respectively. The framework demonstrates a traceable approach to
multidimensional retail analytics, although generalization is limited by the
synthetic dataset.
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1. INTRODUCTION

Retail analytics treats transaction data as a fundamental source of information for understanding
demand, customer characteristics, product performance, and sales outcomes. The literature indicates that
retail analytics has evolved from descriptive reporting toward more integrated use of data to support
operational and strategic decision-making. In this context, decision quality is determined not only by data
volume but also by an organization's ability to structure, integrate, and present data in an analytically usable
form [1]. Empirical evidence from online retailers further shows that descriptive analytics creates value when
analytical dashboards are actively adopted and used in decision processes [12].

Data Warehousing and Business Intelligence (BI) provide an architecture that separates analytical
workloads from daily transaction-processing systems. Implementations in retail organizations have
demonstrated that data warehouse models facilitate sales analysis across products and time periods, while BI
dashboards enable sales trends to be presented in a form that is easier for decision-makers to interpret [2],
[3]. Comparable retail implementations also show that multidimensional warehouse structures and dashboard
visualization can support faster exploration of sales performance and operational patterns [13], [14].

The reliability of information generated from a data warehouse depends heavily on the Extract,
Transform, and Load (ETL) process. ETL extracts source data, performs cleansing and transformation, and
loads the processed data into a consistent analytical structure. Research on ETL maturity identifies this
process as a central component of data warehouse quality. In sales analytics, dimensional modeling based on
a star schema and ETL implementation using Pentaho have also been applied to construct fact and dimension
tables that support more efficient data aggregation [4]-[6]. Recent retail data-warehouse work further
demonstrates the use of star-schema structures to preserve data integrity and support multidimensional
analysis [15].
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This study uses the Retail Sales Dataset published on Kaggle. The dataset represents a fictitious retail
environment and contains transaction identifiers, dates, customer identifiers, gender, age, product categories,
quantities, unit prices, and total transaction amounts. The same dataset has also been used in retail analytics
studies to explore sales patterns and customer segmentation, making it suitable as an instructional dataset for
designing an analytical pipeline without exposing actual customer data [7], [8].

This study is deliberately limited to analytical questions that can be directly addressed using the
attributes available in the dataset; variables such as promotions, customer loyalty, and profit margin are
excluded because they are not represented in the source data. Accordingly, the study addresses three research
questions: (RQ1) To what extent does the proposed star-schema and ETL pipeline preserve transaction
completeness, arithmetic consistency, and referential integrity? (RQ2) What temporal, product-category, and
customer patterns are revealed when the transformed transaction data are analyzed multidimensionally?
(RQ3) What decision-support insights can be derived from the integrated dashboard while remaining within
the descriptive limits of the synthetic dataset? The study contributes a structured and internally consistent
star-schema design, a documented ETL workflow, and an analytical dashboard in which data-driven findings
are clearly distinguished from managerial implications.

2. METHOD

2.1 Research Design and Data Source

This study adopts a BI systems engineering approach with descriptive evaluation. The procedure
consists of identifying the source-data structure, designing the dimensional model, implementing ETL,
validating loaded data, performing analytical aggregations, and producing visualizations. The research
workflow is presented in Figure 1. This approach was selected because the primary objective is not to
develop a predictive model, but to establish an analytical data structure that can consistently support sales-
related queries.
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Figure 1. Research and Business Intelligence workflow

The data source is the synthetic/fictitious Retail Sales Dataset available on Kaggle. It contains 1,000
transaction records from 2023 and nine principal attributes. Because the source does not specify a currency,
Price per Unit and Total Amount are reported as monetary units rather than being converted into or assumed
to represent a particular currency. The variables used in the analysis are summarized in Table 1 [7].

Table 1. Source dataset attributes

Attribute Role in analysis
Transaction ID Natural transaction identifier
Date Transaction date; source for time dimension
Customer ID Customer identifier
Gender Customer demographic attribute
Age Customer demographic attribute
Product Category ~ Product grouping: Beauty, Clothing, Electronics
Quantity Number of units in a transaction
Price per Unit Transaction-level unit price
Total Amount Transaction value (Quantity X Price per Unit)

2.2 Dimensional Modeling

The grain of the fact table is defined as one row for each source transaction. Fact Sales stores dimension
keys and three measures: Quantity, Price per Unit, and Total Amount. Dim_Customer contains
Customer_ID, Gender, and Age; Dim_Product contains Product_Category; and Dim_Date contains calendar
attributes. Price_per Unit is retained in the fact table rather than Dim_Product because, in the dataset, the
attribute is transaction-specific and may vary across transactions. This design follows dimensional-modeling
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principles in which numerical measures are centralized in the fact table, while analytical context is
represented by dimension tables [5], [6]. The same naming convention—Sales Key, Date Key,
Customer Key, and Product Key—is used consistently in Figure 2, Table 2, and the ETL/database
implementation.

Dim_Date

PK Date_Key Fact_Sales
Full_Date

Day

Month / Month_Name

Yew
K Customer_Key Dim_Product
® Product_Key .

Age Grain: ane source ransaction per Fact_Sales row

Figure 2. Proposed retail sales star schema
Table 2. Data Warehouse table design

Table Key attributes / measures Purpose
Fact Sales Sales Key; Date Key; Customer Key; Stores transaction-level
Product_Key; Quantity; Price per Unit; measures
Total Amount
Dim_Customer  Customer Key; Customer ID; Gender; Customer demographic
Age analysis
Dim_Product Product Key; Product Category Product-category analysis
Dim_Date Date Key; Full Date; Day; Month; Daily and monthly trend
Month Name; Year analysis

2.3 ETL Implementation and Validation

ETL was implemented using Pentaho Data Integration (Spoon), and the transformed data were loaded
into MySQL. During extraction, the CSV file was read as the source dataset. The transformation stage
included data-type standardization, date parsing, missing-value checks, duplicate checks for relevant
attributes, generation of calendar attributes, and generation or lookup of surrogate keys. Stream Lookup was
used during fact-table loading to replace business values from the source data with the corresponding
dimension-table keys. Similar ETL and star-schema practices have been reported in sales data warehouse and
e-commerce pipeline implementations [5], [6], [9].

{a) Dimension ETL transformation in Pentaho Data Integration
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Figure 3. ETL implementation in Pentaho Data Integration
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Validation criteria were defined before analysis. Transformed data were considered valid only when (1)
completeness reached 100% for all required fields, with no null values in records used for analysis; (2)
arithmetic consistency reached 100%, with zero rows for which Total Amount differed from Quantity X
Price_per Unit; and (3) referential integrity reached 100%, with zero orphan Date Key, Customer Key, or
Product Key values in Fact Sales. Any record failing one of these criteria would be corrected or excluded
before dashboard aggregation. These criteria provide explicit acceptance thresholds for the ETL output, while
the observed validation results are reported in Section 3.1 [4].

2.4 Analytical Measures

The analysis employed descriptive measures that can be derived directly from the fact table, including
total sales value, total units sold, monthly sales value, units and sales value by product category, and sales-
value contribution by gender. Age was summarized using the observed minimum, first quartile, median,
mean, third quartile, and maximum values rather than undefined ordinal labels. Interpretation was restricted
to observable patterns; causal explanations involving promotions, seasonality, loyalty, or profit margin were
not inferred because these variables are absent from the dataset.

3. RESULTS AND DISCUSSION

3.1 Data Warehouse and Data Quality Results

The implementation produced one fact table that preserves transaction-level grain and three dimension
tables. The predefined validation criteria were satisfied in all three checks. Completeness validation found no
missing required values across the 1,000 transactions (100% complete). Arithmetic-consistency validation
identified zero discrepancies between Total Amount and Quantity % Price per Unit (100% consistent).
Referential-integrity validation found no orphan Date Key, Customer Key, or Product Key values; all 1,000
fact rows were linked to valid records in the corresponding dimensions. These results indicate that the
analytical measures used in the dashboard were derived from a complete, arithmetically consistent, and
referentially connected warehouse.

From a design perspective, the star schema simplifies aggregation queries because the fact table is
linked to each dimension through surrogate keys. This result is consistent with previous sales data warehouse
implementations, which emphasize the analytical simplicity of cross-dimensional queries after ETL and
dimensional modeling have been completed [5], [6], [15].

3.2 Overall and Temporal Sales Performance

Aggregating all transactions yielded a total sales value of 456,000 monetary units and 2,514 units sold.
Across the time dimension, the highest monthly sales value was recorded in May at 53,150, whereas the
lowest occurred in September at 23,620. October reached 46,580 and December 44,690, indicating
substantial month-to-month variation in sales value. These differences may serve as preliminary signals for
inventory planning and sales monitoring; however, they cannot be directly attributed to promotions or
holidays because the dataset does not include promotion, event-calendar, or discount variables.

3.3 Product Category Performance

Two indicators provide complementary perspectives on product performance. By volume, Clothing
ranked first with 894 units, followed by Electronics with 849 units and Beauty with 771 units. By sales value,
however, Electronics ranked first at 156,905 (34.41%), followed by Clothing at 155,580 (34.12%) and
Beauty at 143,515 (31.47%). The difference between the rankings by units and sales value demonstrates that
the category with the highest sales volume does not necessarily generate the highest sales value. This
interpretation is more appropriate than referring to profit margin, because the dataset does not contain cost-
of-goods or profit information.

3.4 Customer Characteristics

Female customers contributed 232,840 monetary units, or 51.06% of total sales value, whereas male
customers contributed 223,160, or 48.94%. The 2.12-percentage-point difference indicates a relatively
balanced contribution and does not provide sufficient evidence to infer materially different purchasing
behavior by gender. Customer ages ranged from 18 to 64 years, with a mean of 41.39 years and a median of
42 vyears; the first and third quartiles were 29 and 53 years, respectively. These statistics provide an
interpretable demographic summary using actual age values. More advanced segmentation using RFM or
clustering could be considered if sufficiently detailed customer-frequency and purchase-history data become
available [10], [11].
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Table 3. Main analytical and demographic results

Indicator Value Interpretation
Transactions 1,000 One fact row per source
transaction
Total units 2,514 Overall product volume
Total sales value 456,000 Sum of Total Amount; monetary
unit unspecified
Highest month May: 53,150 Highest monthly sales value

Lowest month
Highest category by units
Highest category by value

Gender contribution

Customer age summary

September: 23,620
Clothing: 894 units
Electronics:
156,905
Female 51.06%;
Male 48.94%
18—64 years; mean

Lowest monthly sales value
Volume leader
34.41% of total sales value
Relatively balanced

Observed range and central

41.39; median 42 tendency

3.5 Dashboard Interpretation and Managerial Use
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Figure 4. Retail sales performance dashboard

The dashboard in Figure 4 integrates monthly sales trends, product-category sales value, gender
contribution, customer-age summary statistics, and overall sales indicators. For business users, combining
sales value with transaction and volume indicators helps distinguish periods and categories that warrant
closer monitoring. The customer-age panel displays actual age statistics (18—64 years, mean 41.39, median
42) rather than undefined ordinal labels. Customer information can provide an initial basis for segmentation;
however, marketing decisions should not be based solely on gender or age without additional validation.

The findings also demonstrate the role of the data warehouse as an integration layer preceding
visualization. Other sales BI studies similarly report that dashboards become more useful when transaction
data have first been organized through a warehouse structure and a documented ETL process. Accordingly,
the principal value of the implementation lies not merely in the final visualization, but in maintaining
consistent definitions of measures and dimensions across all analyses [2], [3], [9], [12]-[15].

The limitations of the study should be explicitly acknowledged. The dataset is synthetic, covers only one
year and three product categories, and does not include location, payment method, product cost, profit

ACSSE | Prambudi, et al.: Business Intelligence for 5
Multidimensional Retail Sales Analysis Using a Data Warehouse



margin, discount, promotion, or individual product-identity attributes. The numerical findings therefore
should not be generalized as representative of actual retail-industry behavior. Future research may use larger
real-world transaction datasets, incorporate location and sales-channel dimensions, and extend the framework
toward customer segmentation or predictive analytics once data quality and coverage are sufficient. Research
using comparable retail datasets suggests that extensions to predictive modeling and segmentation are
feasible after appropriate data exploration and preparation [8].

4. CONCLUSION

This study transformed retail transaction data into a star-schema data warehouse comprising one
Fact_Sales table and three dimensions, with ETL implemented using Pentaho Data Integration and MySQL.
The resulting structure supports consistent sales analysis across customer, product, and time dimensions. All
predefined ETL validation criteria were satisfied: required fields were complete, no arithmetic mismatches
were found between Total Amount and Quantity x Price per Unit, and no orphan dimension keys were
detected. From 1,000 transactions, the analysis identified a total sales value of 456,000 monetary units and
2,514 units sold; Electronics recorded the highest sales value at 156,905, Clothing recorded the highest
volume at 894 units, the highest monthly sales value occurred in May at 53,150, and sales-value
contributions by gender were relatively balanced. The main strength of the approach is a simple, measurable,
and traceable analytical structure from source data to dashboard. Its primary limitation is the use of a
synthetic dataset with restricted business attributes, preventing causal claims and market-level generalization.
Future work should incorporate larger real-world datasets, additional dimensions such as location, sales
channel, payment method, promotion, and cost, and more advanced segmentation and predictive techniques
after the data-quality pipeline has been validated.
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