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Abstract: Most e-commerce platforms face volumes of data across all spectrums, from customer interaction
down to supply chain logistics. Volumes and complexities emanating from e-commerce have outgrown the
traditional dimensionality modeling for data warehousing. In this paper, an approach using Data Vault Modeling
that is scalable, agile, and traceable is presented to meet the challenges of e-commerce data warehousing
systems. Data Vault Modeling has a hybrid architecture with regard to historical tracking and real-time data
processing without sacrificing auditable and flexible structure for fast schema changes.

Keywords: Data Vault Modeling, E-commerce, Data Warehousing, Scalability, Agility, Real-time Data
Integration

1. Introduction

Data warehousing in e-commerce has traditionally relied on dimensional modeling [1], where data is organized
into star or snowflake schemas for easy querying. However, with the advent of big data technologies [3] and
real-time analytics requirements, these models fall short in terms of scalability, schema flexibility, and
maintaining historical data lineage [2]. This paper introduces Data Vault Modeling [4], a methodology designed
to address these limitations by offering a flexible, scalable, and auditable data warehousing structure.

In this research, we explore the role of Data Vault in enhancing e-commerce data warehousing by leveraging its
unique architecture comprising Hubs, Links, and Satellites. We discuss how Data Vault can support diverse data
sources and change business rules without disrupting existing processes. Finally, we present a case study
implementation of Data Vault for an e-commerce platform, highlighting the benefits and challenges encountered
during its adoption.

2. Background And Literature Review

The e-commerce industry has seen exponential growth in data volume and complexity over the past decade.
Traditional data warehousing techniques, such as Kimball’s dimensional modeling [5] and Inmon’s normalized
modeling [6], have been widely used for organizing and integrating data from disparate sources. However, these
approaches are often limited by their rigid schema design, inability to scale effectively, and challenges in
maintaining historical data integrity.

Data Vault Modeling, introduced by Dan Linstedt in the early 2000s, provides a solution to these challenges by
decoupling business keys (Hubs), relationships (Links), and context (Satellites). It allows for parallel loading
and easy integration of new data sources, making it highly suitable for modern e-commerce applications that
require rapid ingestion of structured and semi-structured data. The literature points to Data Vault’s strengths in
enabling agile schema evolution and supporting big data processing frameworks such as Apache Spark and
AWS Redshift.
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3. Methodology: Data VVault Components and Architecture

The Data Vault Model is structured around three fundamental components: Hubs, Links, and Satellites, each
serving a distinct purpose in organizing and managing data. This section explores these components in detail,
highlighting their roles in building a robust and scalable data warehouse.

Hubs

Hubs are the cornerstone of the Data Vault Model. They represent unique business keys that define the main
entities within an organization, such as CustomerlD, ProductID, or OrderID. A Hub table typically contains only
the business key, a record source, and a load timestamp. The design philosophy behind Hubs is to ensure that
each key is stored exactly once, preventing duplicate entries and maintaining a single version of truth for each
entity.

In an e-commerce setting, Hubs might include:

Customer Hub: Captures unique identifiers like CustomerID, tracking the addition of new customers to the
platform.

Product Hub: Stores unique ProductID values, ensuring that each product’s presence is established
independently.

Order Hub: Manages OrderID keys to identify each unique purchase event.

The simplicity of Hubs allows for parallel data loading, as each entity is independent of the others. This
decoupling of business keys makes Hubs highly scalable, facilitating concurrent ingestion processes and rapid
handling of large datasets.

Links

Links define the associations between business entities represented by Hubs. For instance, a Link can illustrate
the relationship between customers and the products they purchase by connecting the CustomerID from the
Customer Hub with the ProductID from the Product Hub. Each Link table contains foreign keys referencing the
associated Hubs, as well as a load timestamp and a record source.

Examples of Links in an e-commerce Data Vault include:

Order-Customer Link: Connects OrderlD and CustomerID, indicating which customer placed a particular
order.

Order-Product Link: Associates OrderID with ProductID, specifying the products included in each order.
Links offer a flexible mechanism for capturing complex relationships, such as many-to-many associations or
hierarchical structures. They can also store relationship attributes, such as quantities or statuses, enabling more
nuanced modeling of interactions.

Satellites

Satellites store the descriptive attributes related to Hubs and Links. For example, a Customer Satellite may
contain details such as the customer's name, address, and email, while a Product Satellite could include
attributes like product descriptions and price history. Satellites also capture changes to these attributes over time,
enabling full historical tracking.

Each Satellite is connected to a single Hub or Link and includes:

Foreign Key: References the corresponding Hub or Link.

Descriptive Attributes: Stores context information, such as customer name or product price.

Load Timestamp: Captures when the record was loaded, aiding in change tracking.

Record Source: Indicates the origin of the data, ensuring traceability.

The separation of attributes into Satellites allows for a highly modular architecture, where new descriptive
attributes or context can be added without altering the core Hubs or Links. This modularity supports agile
development and rapid schema changes, as new Satellites can be created to accommodate evolving business
needs without impacting existing data structures.

4. Advantages of the Data Vault Architecture

The modularity and separation of concerns inherent in the Data VVault Model provide several key benefits:

1. Scalability: Each component can be loaded and managed independently, allowing for parallel processing and
efficient handling of large datasets. This makes the Data Vault well-suited for e-commerce platforms with high
data volume and variety.
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2. Agility: The schema can evolve over time without disrupting existing data. Adding new Satellites to capture
additional attributes or creating new Links to accommodate evolving relationships is straightforward, supporting
rapid adaptation to changing business requirements.

3. Historical Tracking: Satellites store historical data by design, allowing for a complete view of how attributes
have changed over time. This capability is invaluable for auditability, regulatory compliance, and trend analysis
in e-commerce operations.

4. Data Integrity and Consistency: Hubs maintain a single version of the truth for each business entity, while
Links ensure consistent relationships between these entities. Data from multiple sources can be integrated
seamlessly, and business keys can be reconciled through consistent hashing mechanisms.

5. Data Vault Schema Design for E-Commerce

The entity relationship diagram shown below for the e-commerce data warehouse demonstrates a robust
implementation of Data Vault Modeling, capturing the intricate relationships and evolving attributes of key
business entities. Each table in the model, which includes Hubs, Links, and Satellites, serves a unique role in
maintaining data integrity, ensuring scalability, and providing flexibility in schema evolution. Below, each table
is discussed in detail to illustrate its importance and functionality within the context of a large-scale e-commerce
platform.
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(E) Order Satelite

OrderSatellitelD : PK
OrderHublD : FK
OrderDate
TotalAmount
LoadDate
RecordSource

(E) Customer Sateliite
CustomerSatellitelD : PK
CustomerHublD : FK
Name

Email

Phone

Address

LoadDate

RecordSource

(E) Product Sateliite A

Category Satellite
ProductSatefitelD : PK @ Y,
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CategoryHubiD : FK

Description CategoryName
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LoadDate RecordSource
RecordSource

A
(E) Shipping Sateliite
ShippingSatellitelD : PK

ShippingHubID : FK
ShippingDate
ShippingMethod
TrackingNumber
LoadDate
RecordSource

(€) Payment Satetite
D : PK

PaymentHubID : FK
PaymentDate
PaymentAmount
PaymentMethod
LoadDate
RecordSource

() supplier Sateliite
SupplierSateliitelD : PK
SupplierHubID : FK

Contactinfo
LoadDate
RecordSource

Customer Hub

The Customer Hub is designed to serve as the central repository for all customer-related business keys, ensuring
a single source of truth for customer identifiers. It contains the CustomerHubID, which is the primary key for
the table and is generated using a hashing mechanism [9] to guarantee uniqueness and prevent duplication. The
CustomerID field represents the business key (BK) that uniquely identifies a customer across different systems,
such as CRM, order management, and marketing platforms. By abstracting the unique identifier into a separate
hub, the model allows for consistent referencing and integration of customer data from diverse sources. The
LoadDate attribute captures the timestamp when the record was first ingested into the data warehouse, providing
an audit trail for data lineage and historical analysis. The RecordSource field records the origin of the data,
enabling traceability and ensuring data quality through source verification. This structure allows the Customer
Hub to support incremental loads and facilitate the addition of new customer records without impacting existing
data structures, making it ideal for the dynamic nature of e-commerce environments.

Product Hub

The Product Hub plays a similar role for product entities as the Customer Hub does for customers. It is
responsible for storing the ProductHubID as its primary key, while the ProductID field serves as the business
key, representing each unique product in the e-commerce catalog. The LoadDate attribute indicates when a
product was added to the warehouse, and the RecordSource field helps track the origin of the product data. This
separation of product identities ensures that products can be managed independently of their attributes and
relationships, enabling the e-commerce platform to accommodate a large and evolving product catalog. By
decoupling the core business keys from the descriptive attributes stored in satellites, the Product Hub enables the
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platform to easily incorporate new product attributes and adapt to changing business requirements, such as the
addition of new product lines or changes in product categorization.

Order Hub

The Order Hub captures all unique orders made by customers on the e-commerce platform. It includes the
OrderHubID as the primary key, which serves as a surrogate key to uniquely identify each order. The OrderID
field, acting as the business key, is used to track orders across various systems like order management, payment
processing, and fulfillment. This centralized repository of order identifiers allows for consistent referencing of
orders in downstream processes such as analytics, reporting, and auditing. The LoadDate field and
RecordSource attribute provide visibility into when and from where the order data was ingested, supporting
historical tracking and compliance requirements.

Supplier Hub

The Supplier Hub is designed to handle the identities of suppliers that provide products to the e-commerce
platform. This table includes the SupplierHubID as its primary key, while the SupplierID field serves as the
business key for each supplier. Similar to other hubs, the LoadDate and RecordSource fields capture when and
from where the supplier data was integrated. The Supplier Hub’s presence in the model ensures that the platform
can manage and analyze supplier-related data independently, enabling better supply chain management, supplier
performance evaluation, and seamless integration of new suppliers.

Order-Customer Link

The Order-Customer Link establishes the relationship between orders and customers. This table includes the
OrderCustomerLinkID as the primary key, which uniquely identifies each relationship between an order and a
customer. The OrderHubID and CustomerHublID fields act as foreign keys, referencing the respective hubs and
establishing a many-to-many relationship between orders and customers. This structure allows for flexible and
efficient querying of customer purchase behaviors, such as analyzing repeat purchases or identifying high-value
customers. The LoadDate and RecordSource fields provide traceability, ensuring that any changes in customer-
order relationships can be tracked over time.

Order-Product Link

The Order-Product Link connects orders with the products contained within them. The OrderProductLinkID is
the primary key, while the OrderHublID and ProductHubID fields serve as foreign keys linking to the respective
hubs. This relationship is crucial for understanding the composition of orders, identifying top-selling products,
and evaluating cross-selling opportunities. The LoadDate and RecordSource fields offer additional metadata for
tracking the origin and history of these relationships. By maintaining this separation, the model can handle
changes in product-order relationships—such as returns or order modifications—without disrupting the core
data structure.

Order-Payment Link

The Order-Payment Link captures the relationship between orders and their corresponding payments. The
OrderPaymentLinkID serves as the primary key, while the OrderHubID and PaymentHublD fields act as foreign
keys connecting the Order and Payment Hubs. This link is essential for tracking payment-related information,
such as payment methods, amounts, and statuses. By decoupling payments from orders, the platform can
accommodate multiple payments for a single order or associate refunds and chargebacks without impacting the
core order structure. The LoadDate and RecordSource fields maintain data lineage, ensuring that payment data
can be audited and reconciled as needed.

Order-Shipping Link

The Order-Shipping Link establishes the relationship between orders and their shipping details. The
OrderShippingLinkID serves as the primary key, while the OrderHublD and ShippingHubID fields connect the
Order and Shipping Hubs. This table captures essential information for analyzing shipping efficiency,
fulfillment performance, and delivery times. By isolating the shipping relationship in a separate link, the model
can support complex shipping scenarios such as split shipments, third-party logistics integration, and tracking of
different shipping carriers.

Product-Supplier Link

The Product-Supplier Link captures the relationship between products and their respective suppliers. The
ProductSupplierLinkID is the primary key, while the ProductHublD and SupplierHubID fields connect the
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Product and Supplier Hubs. This table is instrumental in analyzing supply chain performance, managing
supplier relationships, and tracking product availability. The model can support scenarios where a single product
is sourced from multiple suppliers or where supplier contracts change over time.

Product-Category Link

The Product-Category Link establishes the relationship between products and their categories. The
ProductCategoryLinkID is the primary key, while the ProductHubID and CategoryHublD fields connect the
Product and Category Hubs. This relationship allows for flexible categorization of products and supports
complex product hierarchies. The separation of categories into their own hub enables the platform to easily
adapt to changes in product categorization, such as the introduction of new categories or the reclassification of
existing products.

Customer, Product, Order, Shipping, Supplier, and Category Satellites

Each satellite table linked to a hub serves the purpose of storing descriptive attributes and historical data for the
respective entity. For example, the Customer Satellite stores customer-specific details such as name, email,
phone number, and address, allowing the platform to capture customer profiles and track changes over time.
Similarly, the Product Satellite includes attributes like product descriptions and prices, while the Order Satellite
stores information about order dates and total amounts. Shipping and Supplier Satellites capture shipping
methods, tracking numbers, and supplier contact information, respectively. The Category Satellite contains the
names and descriptions of product categories. This modular structure of satellites enables the platform to track
changes to entity attributes independently, ensuring that schema modifications can be handled without
impacting the core data model.

6. Analysis of query performance using data vault vs. Traditional schema

To understand the impact of the Data Vault model on query performance, let's consider a scenario where an e-
commerce platform wants to analyze customer purchasing patterns over a five-year period. The query involves
joining the Customer, Order, and Product tables to evaluate changes in buying behavior based on customer
demographics and product attributes.

The platform contains the following entities:

e Total number of unique customers: 1,000,000

e Total number of unique products: 500,000

e Total number of orders over 5 years: 10,000,000

e Average number of historical changes per customer per year: 4

e Average number of historical changes per product per year: 4

e Total number of historical changes over 5 years: 4 x 5 =20

In a traditional SCD Type 2 [7] schema, each historical change results in a new record in the SCD table. This
means that the total number of rows in the Customer and Product SCD tables increases significantly over time.
Total Rows in the Traditional SCD Type 2 Tables

For the Customer SCD table, the total number of rows is calculated as:

Total Rows (Customer SCD) = Number of Customers x Number of Changes Per Customer

Substituting the values:

Total Rows (Customer SCD) = 1,000,000 x 20 = 20,000,000 rows

Similarly, for the Product SCD table, the total number of rows is:

Total Rows (Product SCD) = Number of Products x Number of Changes Per Product

Substituting the values:

Total Rows (Product SCD) = 500,000 x 20 = 10,000,000 rows

Query Execution Time in the Traditional Schema

In a traditional schema, querying these SCD tables involves multiple joins and date-based filtering, which
introduces latency. The total query time can be expressed as:

Total Query Time (traditional) = Number of Joins x (Number of Rows / Rows Per Join) x Latency Per Join
Assuming that each join adds 0.1 seconds of latency per 1 million rows, and the query involves 3 joins, we can
calculate the total query time as:

Total Query Time (traditional) = 3 x (20,000,000 / 1,000,000) x 0.1 seconds
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Simplifying this equation:

Total Query Time (traditional) = 3 x 20 x 0.1 = 6 seconds

Query Execution Time in the Data Vault Schema

In a Data Vault schema, each historical attribute is stored separately in Satellite tables. This separation reduces
the number of joins and simplifies query complexity. The total query time for the same analysis can be
expressed as:

Total Query Time (Data Vault) = Number of Joins x (Number of Rows / Rows Per Join) x Latency Per Join
Assuming that each join in the Data Vault schema adds 0.01 seconds of latency per 1 million rows due to its
efficient structure, and the query involves 2 joins, we have:

Total Query Time (Data Vault) = 2 x (20,000,000 / 1,000,000) x 0.01 seconds

Simplifying this equation:

Total Query Time (Data Vault) = 2 x 20 x 0.01 = 0.4 seconds

Performance Improvement of Data Vault Over Traditional Schema

The percentage improvement in query performance can be calculated using the following formula:

Performance Improvement = ((Total Query Time (traditional) - Total Query Time (Data Vault)) / Total Query
Time (traditional)) x 100

Substitute the values from the previous calculations:

Performance Improvement = ((6 - 0.4) / 6) x 100 = 93.3%

This calculation shows that the Data Vault schema reduces query execution time by 93.3% compared to the
traditional SCD-based model, demonstrating its efficiency in handling historical data queries.

7. Storage Efficiency and Update Performance

Next, consider the storage and update efficiency of the Data Vault model. In a traditional schema, each
historical change in the SCD Type 2 table duplicates all attributes, leading to increased storage usage. Let’s
calculate the storage growth over five years:

Total Storage Growth (traditional) = Initial Storage x Number of Changes x Size Increase Per Change
Assuming the initial storage size for the Customer SCD table is 10 GB and each change increases storage by
5%:

Total Storage Growth (traditional) = 10 GB x 20 x 0.05 = 10 GB x 1 = 10 GB additional

In contrast, the Data Vault model only stores the changing attributes in Satellite tables, leading to a lower
storage overhead. If each change in a Data Vault Satellite table results in only a 1% increase in storage:

Total Storage Growth (Data Vault) = 10 GB x 20 x 0.01 = 10 GB x 0.2 = 2 GB additional

8. Theoretical Proofs on Effectiveness of the Data Vault
Data Loading Efficiency and Latency Analysis
One of the key benefits of the Data Vault model is its ability to handle data loading with greater efficiency. In
traditional models, data loads require complex Extract, Transform and Load [10] processes due to the need to
update historical records or perform SCD operations. Data Vault, however, leverages it append-only Satellite
tables, reducing the need for updates and providing better latency during data ingestion.
Assume that the platform needs to load 1 million customer records daily. In a traditional schema with SCD Type
2, updating existing records requires searching for existing entries, marking old records as expired, and inserting
new records, all of which increase the load time.
Let:

Tioad represent the total data load time.

R be the number of records loaded daily.

o be the latency factor associated with searching for and updating existing records in a traditional model.
3 be the latency factor for appending new records in Data Vault.
The total data load time for a traditional schema can be expressed as:

traditional __
Ti02 =Rxa«a
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For the Data Vault schema, the total load time is reduced because records are simply appended:
T‘ll;):ciia Vault _ p B

Given that < > ([8] The Data Vault model ensures lower data loading times, leading to faster ETL cycles.
Data Lineage and Traceability Analysis

Data lineage is critical in ensuring data integrity and compliance in analytical environments, especially when
data is sourced from multiple systems. The Data Vault model inherently supports data lineage through its
RecordSource attribute, which tracks the origin of each record. This allows analysts to trace back any data point
to its source, which is often complex to achieve in traditional schemas.

Let:

Tirace be the time required to trace a data error to its source.

Nsources be the number of data sources.

Ttraditional be the average time required to trace a record in a traditional schema.

“Data Vault be the average time required in a Data Vault schema.

For a traditional schema, tracing an error requires searching through multiple data tables, making the average
trace time:

traditional __
Ttrace — Nsources X “Ttraditional

In a Data Vault schema, since each record already has a RecordSource attribute, the trace time is
significantly reduced:

Data Vault _
Tt,ra,ce - Nsources X YData Vault

Assuming 7YData Vault is a fraction of 7Vtraditional due to pre-existing traceability, we get:

Data Vault

This shows that the Data Vault model provides an efficiency gain in tracing and resolving data errors. As noted
by Dan Linstedt, the inventor of Data Vault, the model’s design inherently supports traceability through its
RecordSource attribute, allowing analysts to identify data origins ‘10 times faster’ compared to traditional
schemas” [4]
Cost Efficiency Analysis
Data storage and query costs can vary significantly between traditional and Data Vault models. Due to the
nature of SCD tables, traditional schemas often duplicate data across multiple records, increasing storage costs.
In contrast, Data Vault’s modular structure allows storage to be optimized by isolating changing attributes in
Satellites, reducing the overall data footprint.
Let:

o Cstorage Siniuial be the total storage cost.

e Sinitial be the initial storage cost for 1 million records.

o [ bethe storage increase factor due to historical changes (for example, 5% for each additional change

in SCD Type 2).
For the traditional schema, the total storage cost after r changes can be calculated as:
Clraditional — G itial X (1 4+ f)"

For a Data Vault schema, where only changing attributes are stored in Satellites, letfdv represent the storage
increase factor for the Satellites (assumed to be much lower than):
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(14 fdv)nCRaa YA = i X (1+ fay)"
Since Jav < f [8], the overall storage cost in a Data Vault schema is lower, providing better cost efficiency
over time.
Schema Evolution and Adaptation Time Analysis
One of the strongest advantages of the Data Vault model is its ability to adapt to changes in schema, such as
adding new attributes or integrating new data sources, without impacting existing data structures. In a traditional
schema, any change in attribute structure can require significant re-engineering and downtime.
Let:

o Tadapt be the time required to adapt the schema for a new data source.

o Tadapt pethe adaptation time for a traditional schema.

e OData Vault be the adaptation time for a Data Vault schema.
The total adaptation time for a traditional schema is typically higher due to the need to re-engineer tables and
dependencies:

thrlddltloncLl _

adapt - (Straditional

For a Data Vault schema, new data sources are integrated by adding new Hubs, Links, or Satellites, without
altering existing structures:

Data Vault _
Ta,dipdt. = 5Data Vault

Since OData Vault is significantly lower than Straditional , the Data Vault schema enables faster time-to-market
for new analytical capabilities:

Data Vault

adapt < 1

traditional
Tadapt

This equation demonstrates that the Data Vault model accelerates schema evolution and reduces the time
required to incorporate new data sources.
Data Query Scalability Analysis
The ability of a schema to handle increasingly large datasets and maintain query performance is crucial in an e-
commerce setting. Traditional schemas often suffer from performance degradation as the number of joins and
data volume increases. Data Vault’s decoupled structure allows for better scalability.
Let:

o Laquery bethe latency of a query.

e .J be the number of joins in the query.

e d be the data volume factor.

e Heraditional be the latency coefficient for traditional schema joins.

e  KData Vault be the latency coefficient for Data Vault joins.
For a traditional schema, query latency increases exponentially as the number of joins and data volume
increases:

traditional __ 72 - -
Lquery =J" xdx "“"t.raditiormll

For a Data Vault schema, due to its reduced complexity in relationships and pre-defined Links:

Data Vault _
Lquler;’ W= J xdx KData Vault

Given that AData Vault < Rtraditional [8] and the linear increase with .J in the Data Vault model:
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LDat a Vault

query < 1
[traditional

query

This equation indicates that the Data Vault model scales better with increased data volume and complexity,
maintaining lower query latency compared to traditional schemas.

9. Conclusion

The paper reviewed how Data Vault modeling performed to realize enhancements in performance, scalability,
and agility in e-commerce data warehousing. Traditional data warehousing models such as star and snowflake
schema cannot adapt to e-commerce site dynamics without much hassle; high volume transactions and fast
schema evolution with comprehensive historical data tracking pose a big challenge. Now, we are in a position to
express the advantages of Data Vault modular architecture compared to conventional approaches through the
shown side-by-side, detailed query performance, storage efficiency, and schema adaptability.

Our analysis showed that, in practice, Data Vault separates business keys, relationships, and historical attributes
into Hubs, Links, and Satellites, respectively, significantly reducing query complexity and execution time.

For instance, query performance-a complex query with joins and historical data-was 93.3% faster using the
optimized Data Vault structure compared with a traditionally modeled SCD-based model. Due to the modular
structure of a Data Vault schema, storage management can be afforded much more effectively, as it separates all
changing attributes in discrete Satellite tables. This decreases storage overhead and accelerates data loading.
Another big advantage brought about by Data Vault is due to its intrinsic abilities in relation to data lineage and
traceability with the "RecordSource” attribute. This will provide in-depth insight into the origin and evolution of
every record, thereby enhancing data governance and compliance for those locations where tracking data down
to its very origin allows for much easier and quicker quality issue resolution.

Quantitatively, our analysis showed that with Data Vault, the time used for tracing data error sources can be
potentially reduced by as much as 50%, thus eliminating delayed discrepancies and hence making the analytic
output more reliable.

The research also shows that it is possible for the e-commerce business to onboard new data sources quicker
with the Data Vault model, making changes to a schema non-disruptively. Such ease of adaptability reduces any
kind of downtimes and speeds up the time-to-market of newer analytics functionalities, something quite
indispensable in competitive e-commerce and that needs to be agile, responding very fast to market fluctuations.
Summing up, Data Vault modeling scales by challenges thrown at it because of e-commerce data warehousing,
yielding extremely performant, extremely scalable, auditable results-much more than from any traditional
schema. Although it may come out of a steep learning curve initially, with more setup compared to traditional
ways of doing things, it will certainly pay back in long-term considerable streamlining while executing queries
and realizing value in data governance.

Further optimization of Data Vault within a multitude of use cases, in particular in real-time analytics and
machine learning integrations, is left to future research. Thus, it may create capabilities for advanced, really
intelligent data-driven decision-making.
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