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Summary
Modern enterprises want to become data-driven and leverage information in their 
systems to power business intelligence initiatives. That’s where a data warehouse comes 
in. It serves as a centralized repository that aggregates data from different sources for 
analytics and decision support.
 
With stiff business competition nowadays, companies are looking beyond traditional 
waterfall- style development approaches with their sequential deliverables and long-term 
deadlines towards a faster, more iterative data warehousing process.

This eBook serves as the essential toolkit for automated data warehousing. It delves into 
critical aspects of data warehouse automation (DWA), including data modeling and data 
pipelining, and suggests how to effectively consume data from the data warehouse for 
reporting, visualization, and analytics with a streamlined, end-to-end approach.
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What is Data Modeling?

The Three Layers of a Data Model

Conceptual Data Model

A data model is a logical structure that incorporates the various tables present within 
a database and the relationships between them. In essence, it outlines the 
connections between datasets illustrating how they are stored, structured, and 
processed within the system.

The conceptual data model is the primary level of the model that defines the 
structure of the data according to the business requirements. It focuses on 
business-oriented attributes, entities, and relationships.

Logical Data Model

This layer is more complex and structured than the conceptual layer. It contains 
information about how the model should be implemented by defining the layout and 
relationships of the data elements. 

Physical Data Model

The physical layer illustrates how to implement a data model in a database management 
system. It streamlines the implementation methodology in the form of tables, indexes, 
partitioning, etc., and helps visualize the entire structure of the database.
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How to Automate Your Data Model

Let’s look at some fundamental data modeling techniques essential to this process. 

A well-designed data model 
improves query performance 
and makes database tuning 

easier.

Oversights and errors are 
caught early on, protecting 
enterprises from expensive 

setbacks in the future.

Performance Cost Efficiency

The Benefits of Modeling Data

Data flows smoothly and 
swiftly. Users can perform 

calculations on-demand and 
in real-time.

Quality
Make data more statistically 
consistent and significantly 
reduce computing errors.
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Data Modeling
Techniques

Start at the Source
Identify where your critical data 
resides. Starting at the source 
will ensure you can replicate 
source systems at the logical 
level accurately.

Make Your Data
Model Agile
Schema modeling should focus 
on providing deliverables 
on-demand based on current 
BI requirements in continuous 
iterations.

Expose Data on a
Need-to-Know Basis
The iterative approach allows 
you to design data models for 
specific user groups based on 
the types of analytics they 
need.

Create a Standardized
Metadata Framework
Putting a metadata framework 
in place significantly reduces 
the technical debt created by 
variances in the data model 
and subsequent data pipelines.

Adopt a Schema-Agnostic
Approach
Depending on your BI require-
ments, decide on a suitable 
architecture, whether it’s a 
dimensional model, 3NF, or 
data vault. 
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Designing Effective Schemas for the Data Warehouse

Dimensional Model

There are different ways of arranging schema objects in the data models designed for 
data warehousing. A schema is a collection of database objects, including tables, 
views, indexes, and synonyms. 

The dimensional model is one of the most recommended ways to organize data for 
business queries and analysis in a data warehouse. It offers a streamlined, 
denormalized structure that produces far fewer joins and thus improves query 
performance. 

There are two types of schemas in dimensional modeling, namely: 

Star Schema: In this schema, facts and dimensions are used to represent the 
relationships between entities. The fact table contains quantitative measurements, 
while the dimension table provides context for these values. In this schema, 
dimensions are generally arranged around one or more central fact tables in roughly 
star-shaped structures. 

Dimensions

DimensionsDimensions

DimensionsDimensions

Dimensions

Dimensions

Dimensions

Dimensions

Dimensions

Dimensions

Dimensions

Dimensions

Dimensions

Dimensions
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Dimensions
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Snowflake Schema: This schema is an extension of the star schema as it has 
multiple layers for dimensions, allowing complex data analysis. In snowflake 
schemas, dimension tables are normalized and have a multidimensional structure, 
which creates the snowflake pattern.

We correct the situation by decomposing the original relation into two 3NF 
relations. Note the decomposition is lossless.

Verify these relationships are in 3NF.

Third Normal Form

A Third Normal Form (3NF) schema is a classical relational database modeling technique that 
minimizes data redundancy through normalization. It typically has a larger number of tables due 
to this normalization process.

Normalizing data helps minimize redundancy and maintain the highest levels of integrity. By 
organizing column attributes and the relations between tables, data administrators can design 
systems for efficiency and safety.

3NF schema eliminates all dependent attributes in a transitive relationship(s) from each of the 
tables that have a transitive relationship. It is preferred when data modelers want to ensure that 
non-key attributes are dependent on nothing but the primary key.

! Unlike the star schema, dimension tables in the snowflake schema can have their own 
categories. The ruling idea behind the snowflake schema is that dimension tables are 
completely normalized.

EmpNum EmpNum DepNum

EmpNum EmpNum DepNum DepNum DepNum

DepNum
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Data Vault

Data Vault is a hybrid approach encompassing key techniques used in 3NF and Star Schemas. It 
accommodates historical data, auditing, and tracking of data. It is comprised of three basic table 
types:

HUB: containing a list of unique business keys having their own surrogate key.

LINK: establishing relationships between business keys, essentially describing a 
many-to-many relationship.

SAT: holding descriptive attributes that can change over time

HUB LINK

SAT HUB

SAT

HUB

LINK

HUB

SAT

SAT

SATSAT SAT
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Due to its straightforward design and denormalized structure consisting of facts and dimensions, 
dimension modeling inherently offers fast data retrieval and better query performance. It is also 
easier for business users, analysts, and administrators to understand the dimension model 
design and maintain the schema in accordance with business rules. Finally, due to its optimized 
design, dimensional modeling is ideal for BI reporting and slice and dice analysis.  
 
However, dimension modeling is less adaptive in face of business change. Making changes to 
schema design and maintaining the dimension modeling are technically complex tasks.  

Dimension Modeling

The 3NF schema design reduces data redundancy and eliminates inconsistent data. The removal 
of dependent or redundant data through normalization also makes 3NF a cleaner database 
design. 3NF designs save storage space and improve data quality due to a lesser chance of stor-
ing unwanted data. Due to their simplified design, normalized data models are also easier to 
maintain or modify in case of business changes.  

On the other hand, 3NF designs usually have a large number of tables and joins due to normaliza-
tion of data. This slows down overall query performance and data retrieval capabilities. Moreover, 
with a normalized structure, it is difficult to make business sense and carry out analysis on the 
stored information.  

Third Normal Form

The data vault design is flexible, scalable, consistent, and adaptable to the needs of the enter-
prise. The schema is designed to be built incrementally, minimizing rework when adding new 
data sources and structure. Data vault schema is also flexible since it stores only raw data in the 
raw vault and adjusts it later in accordance with particular business needs. Finally, since data 

Data Vault

Pros and Cons of each schema design:

While a data warehouse can be structured through all the aforementioned schema designs, each 
schema has its own set of pros and cons. Data warehouse designers and architects must be 
aware of the benefits and shortcomings before shortlisting the schemas for their use case.

vault does not make changes to existing records, it supports data lineage and is, therefore, ideal 
for auditing purposes.  

However, data vaults initially store raw data which is not prepared for analysis and reporting. Its 
data must be adjusted as per the business rules before being fed into reporting tools. Further-
more, data vaults require more storage space considering the volume of unprepared, historical 
data they store. 



Key elements to make data warehouse schema design work

To support data warehouse schema design, enterprises must have a robust BI system that can: 

•    Collect and process large volumes of data from disparate transactional sources.

•    Handle both current and historical records.

•    Support a range of complex, ever-changing query operations.

•    Produce up-to-date, relevant data for your end-users.

The data vault design is flexible, scalable, consistent, and adaptable to the needs of the enter-
prise. The schema is designed to be built incrementally, minimizing rework when adding new 
data sources and structure. Data vault schema is also flexible since it stores only raw data in the 
raw vault and adjusts it later in accordance with particular business needs. Finally, since data 
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Automating Data Model Verification and Testing

When creating the data warehouse schema, data modelers must be careful about a lot of finer 
details for their data models to run smoothly in the subsequent processes. There are two stages 
of checks running that need to be verified. The first one is at deployment time for the source 
model and the second one at deployment time for the data warehouse model. 

Data Model Verification

Data models are built with reference to source and destination databases. They must meet 
certain rules and standards of the databases and have no logical errors. Design-time verification 
checks help identify field-level mismatches between the model and the source database. 

These mismatches range from differences in data types, indexes, aliases, columns, and table 
names, all the way down to character lengths, the nullability of columns, primary keys, and miss-
ing fields in the database.

vault does not make changes to existing records, it supports data lineage and is, therefore, ideal 
for auditing purposes.  

However, data vaults initially store raw data which is not prepared for analysis and reporting. Its 
data must be adjusted as per the business rules before being fed into reporting tools. Further-
more, data vaults require more storage space considering the volume of unprepared, historical 
data they store. 
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How to Enrich a Data Model with Metadata

Metadata is the data which acts as a directory for all the important data present in the data 
warehouse. A metadata-driven architecture helps identify the context, characteristics, and lineage 
of your data down to granular levels, allowing users to see both current and historical informa-
tion.  
Enriching data models with metadata simply means adding metadata to all entities present in the 
data model. Each entity has to be enriched with necessary metadata attributes e.g., surrogate 
and business keys, SCD types, data types, etc. In an automated data warehousing tool, data 
models can be enriched with metadata automatically.  

Deployment-time Verification Checks

Deployment-time Verification Checks

Once the data warehouse schema is constructed, the schema’s script must comply with the 
destination database provider to ensure successful replication in the target database. 
Deployment-time verification checks allow data modelers to test data models’ integrity. 

These checks are helpful when configuring slowly changing dimensions (SCDs) and other field 
roles. Using these checks, modelers can validate the data model design and ensure compliance 
with the destination database. 

Ensures Compliance with 
the Database Provider’s 

Scripting Rules

Saves from Going Back 
and Forth Between 

Teams

Pinpoints Where the 
Errors and Warnings 

Exactly Are

Speeds Up the Overall 
Data Warehousing 

Process
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What is Metadata Architecture?

A metadata architecture focuses on metadata management. In this type of architecture, all data 
warehousing processes, from data modeling to data consumption through data analytics, are 
enriched with metadata attributes.  

Benefits of a metadata-driven data model  

Metadata-driven data models allow users to understand the context behind the data that they 
are working with. This deeper understanding of data, and its relationships, translates into more 
efficient reporting and, subsequently, effective decision-making.

The metadata gives a complete view of the processes and operations used for populating the 
data model. Furthermore, metadata driven data models can be used to reduce data redundancy 
by ensuring that only data with relevant metadata is kept in the system. Lastly, by keeping a track 
of metadata, users can easily update or modify their data models in accordance with changing BI 
needs.
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Introduction to Data Pipelines

Essential Elements of Data Pipelines

A data pipeline is a set of tools and processes used to automate the movement and 
transformation of data between a source system and a target repository. It consists 
of three key elements: a source, a processing step or steps, and a destination. 

Building data pipelines allows enterprises to transform and optimize data, so it can be 
analyzed and used to develop business insights. 

Data pipelines consist of the following three essential elements:

1. Sources: Sources are where the data comes from. Common sources include relational 
database management systems, CRMs, ERPs, and social media management tools.

2. Processing steps: Once data is sourced, it is manipulated and transformed as per the 
business needs. Common processing steps include aggregation, filtering, and grouping.

3. Destination: A destination is where the data arrives at the end of its processing, typically 
a data lake or data warehouse for reporting and analysis.

Data Ingestion Pre-Processing Information
Extraction

ETL Presentation Area
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Benefits of Data Pipelines

Data pipelines empower enterprises to cover the data journey from source to 
visualization tools to deliver actionable insights.

Adopt a Metadata-Driven Approach

How to Build Automated Data Pipelines for Your 
Data Warehouse 

A metadata-driven ETL approach allows enterprises to maintain metadata for all source 
and target tables in a central repository, including database table schemas, foreign and 
primary key relationships, and data types for individual fields. Moreover, business logic and 
data transformations used to maintain the quality and relevancy of source data are 
abstracted from the transactional database.

Allow data consistency

Increase efficiency

Transformation of vast
amounts of data

Advantages

Design flows at the logical level to minimize variabilities.

Deliver fresh data through easily maintainable templates.

Design, update, or even reuse ETL jobs for new sources.
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Primarily, there are three different types of data latency: 

1. Zero-data latency (or real-time data): Data arrives at the database immediately after 
an action occurs and can be simultaneously collected and retrieved from the storage to 
achieve business objectives. However, constant updates are necessary to continue 
functioning effectively and in an errorless way. 

2. Near-time data: Data becomes available for business use at set intervals, according to 
the business needs. This interval may be hourly, daily, weekly, monthly, or in relation to 
another interval. The databases and storage used should be updated regularly to minimize 
the risk of mixing data from different time intervals. 

3. Some-time data: Data is only accessed and updated when needed, usually no more 
than a couple of times a year. An example would be when customers change their 
addresses or phone numbers. Those fields must be updated in the company’s system 
when a change appears.

Get Data Latency Right

Your database needs to allow data to be recorded and retrieved concurrently while 
ensuring data quality. Any duplicate or erroneous data must be removed before it reaches 
the destination to ensure the right decisions are made. Data latency is one of the critical 
metrics that decide the effectiveness of a business intelligence (BI) system. In a data 
warehouse context, it refers to the time it takes for a business user to retrieve source data 
from a data warehouse.

business
event

data captured

information
delivered

action taken

Time

Value

action time or 
action distance
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Timeliness is one of the primary signifiers of high-quality business intelligence. Modern 
enterprises want to make data available in their data warehouse as quickly as possible. For 
that, a streaming data warehouse that allows analyzing data in real-time seems an enticing 
choice.

Though it sounds great in theory, there are a few details to consider. First, a database 
needs to allow data to be recorded and retrieved concurrently, so significant resource 
expenditures will be required. The second factor is data quality. 

There is an increasing possibility of duplicate or erroneous data showing up on final 
reports in a real-time BI system. In which case, an enterprise may end up having to 
perform additional transformations on raw data before it’s analysis-ready.

Alternatively, micro-batching provides a more cost-effective solution with minimal data 
latency and, ultimately, better-quality data. The near real-time ETL process allows data to 
be loaded to the data warehouse at specific intervals based on the requirements of each 
data pipeline.

Choosing the Right Methodology
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ETL

ETL vs. ELT: Finding the Right Approach 

A metadata-driven ETL approach allows enterprises to maintain metadata for all source 
and target tables in a central repository, including database table schemas, foreign and 
primary key relationships, and data types for individual fields. Moreover, business logic and 
data transformations used to maintain the quality and relevancy of source data are 
abstracted from the transactional database.

ELT

ELT is a process that extracts data from a source system to a target system, and the infor-
mation is then transformed for downstream applications. 

Unlike ETL, where data transformation occurs on a staging area before being loaded into 
the target system, ELT loads raw data directly into the target system and applies necessary 
transformations there.
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Technical Comparison

As shown in the table above, both ETL and ELT have different pros and cons which make 
them suited to different use cases. For instance, if you’re dealing with high volumes of data 
that need to be inserted into a data warehouse at speed, you’re better off using ELT for 
data loading. Moreover, ETL is best suited for dealing with datasets that require complex 
transformations. It will transform and filter to keep only the data you need while keeping 
the storage costs low.
  
However, if you’re worried about compliance-related issues, it’s better to use ETL to load 
data into your data warehouse. Moreover, with ELT tools that load both structured and 
unstructured data first, enterprises can easily integrate new and different data sources into 
the data warehouse. 

Finding the Right Approach for You

ETL ELT

Data Availability in 
the Data Warehouse 

When using ETL, you can decide how data is 
loaded into the data warehouse as data is 
transformed before being loaded 

The intermediary transformation phase 
allows users to remove sensitive 
information before loading into the DW to 
ensure compliance 

ETL is ideal in situations where small data 
sets need to undergo complex 
transformations

Since ETL has been around for several 
decades, it may be comparatively easier to 
implement

ETL can be used to convert unstructured 
data to structured data

ETL is more time consuming than ELT as 
data undergoes transformations before it is 
sent to the data warehouse

Data is loaded in the data warehouse 
without being transformed which is why 
speeds are much faster when using ELT

ELT can be used to upload large volumes of 
unstructured data to a data lake or data 
warehouse  

ELT is ideal in situations where large 
volumes of structured and unstructured 
data from multiple sources needs to be 
loaded quickly into the DW 

Being relatively newer, ELT may be slightly 
more complicated to implement without 
the right tools and resources

ELT can potentially pose regulatory risks as 
sensitive information will be loaded into the 
data warehouse without any cleaning or 
transformation to make it unidentifiable  

All data is loaded into the data warehouse 
before it is transformed

Data Compliance

Data Volume

Ease of
Implementation 

Support for
Unstructured Data 

Data Loading Speed
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Building a System of Automated Data Pipelines

Workflow Orchestration

Orchestration and Monitoring

Orchestrating data pipelines is an important step. Since the data warehouse depends on 
the quality and timeliness of information delivered, ingested, and transported from source 
systems, it is necessary for enterprises to effectively maintain these pipelines to ensure 
that they can continue deriving valuable insights from data.

The first step in automating data pipelines is orchestrating functional and efficient work-
flows. In the data warehousing context, workflow refers to a sequence of tasks that facili-
tate moving data from multiple sources to a suitable location. 

Workflow orchestration broadly consists of three parts:

•     Systemization: Sourcing and comprehending incoming data 

•     Unification: Converting data into a standard format 

•     Activation: Delivering standardized data to the applications and systems

Workflow automation requires extensive planning and careful implementation. Managers 
and stakeholders often have discussions pertaining to the business rules and logic that 
govern their data processes. They carefully analyze and reach a consensus about the main 
tasks that constitute the job. These tasks are then laid out in the form of a diagram or a 
workflow which progressively shows how the job is being accomplished. 
 
The rules of the workflow involve IF statements to instruct the program how to proceed for 
each possibility in the data stream. Finally, the workflow is programmed into the software 
and set to an automated time or task-based interval, so it automatically runs in the back-
ground. 

One of the most important factors to consider when orchestrating workflows is that of data 
latency. The timeliness and accuracy of business intelligence reports is highly prioritized in 
dynamic data-driven businesses and organizations. 
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Workflow orchestration connects storage systems together to allow data analysis software 
to access information seamlessly. It helps consolidate data from multiple sources and 
prepare it for reporting, visualization, and analysis.

A traditional approach to ensuring 
low data latency is ‘data streaming’ 
whereby data is passed on to the 
data warehouse and BI platforms as 
soon as it enters the native database. 
However, this involves considerable 
resource expenditure and is often 
prone to duplication and errors.  

In contrast to this, ‘micro-batching’ 
provides a more cost-effective and 

error-free method of deriving up-to-date 
BI reports and dashboards from your 

data warehouse. In micro-batching, data 
is transferred to the data warehouse 

according to user-defined intervals 
based on business requirements and 
the architecture of the data pipelines.
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Job Scheduling

The Job Scheduler component allows enterprises to automate the execution of tasks. In 
terms of data warehousing, they can automate the population of the fact and dimension 
tables present in a data warehouse.

Once a scheduler is active, the job can be executed at the assigned frequency, which can 
be hours, days, weeks, months, or when certain conditions are met. 
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Job Monitoring

Monitoring jobs from time to time helps businesses understand any 
issues with the current system and make necessary changes to 
optimize the process to give their analytics architecture a 
much-needed boost.

Job monitoring is an important aspect of automating data pipelines. Once workflows are 
orchestrated and jobs are scheduled, enterprises must actively monitor and maintain data 
pipelines to ensure they are working optimally.

Job monitoring involves understanding the log data for each workflow, identifying potential 
problems and data consistency issues, and rectifying them to ensure high quality data. Job 
monitoring allows administrators and managers to check the status of each individual task 
within a workflow, to reassign workflows and to assign priority of one workflow over anoth-
er. The Job Monitor in Astera Data Warehouse Builder shows jobs that are active, running, 
queued, successful, ending in errors and terminated by the user.

It also allows users to view information about processed and scheduled jobs which can be 
aggregated to identify procedural inefficiencies and bottlenecks within the workflow 
design. Finally, job monitoring also enables users to see which jobs were processed 
successfully, with an error, or failed to process altogether. Users can also add filters based 
on date range and type of jobs when using the job monitor to save the time required to 
manually scan through all jobs performed on the server. 

If the system sends a notification for an error in a data pipeline, users can refer to the job 
monitoring screen to determine precisely where the problem lies. This capability will allow 
making amends to their data pipelines quickly and efficiently. 

Job monitoring eliminates the need to go through each one of the pipelines to identify 
where and why the process was interrupted. It provides a greater degree of control over 
data pipelines, enabling enterprises to reduce time-to-insight and gain a competitive edge.
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Incremental Data Loading

What is Change Data Capture and How Is It Done?

An incremental data load is a method of updating the dataset in which only new or 
modified data are uploaded to the project. This approach speeds up the loading 
process compared to full load since the size of data ‘to be written’ is much smaller.

When enterprises need to process data quickly, it’s important to copy or migrate only new 
or modified data to the data warehouse. Change Data Capture (CDC) technology helps 
achieve this by identifying changes to the source datasets, capturing these changes in 
temporary change tables, and delivering them to the data warehouse for reporting and 
analysis.

In ELT and cloud databases, Change Data Capture is a highly effective means of ensuring 
that data is updated across all platforms, especially if time-sensitive decisions need to be 
made in high velocity data environments. It generally uses different frameworks of com-
parison to update the data and record changes in the main database. Because changes in 
data happen in real time, CDC can also be regarded as a mode of zero downtime data 
migration. Another added benefit of CDC is that data remains protected from security 
breaches as it is not shared among third parties to ensure uniformity. 

Using CDC ensures that resources won’t be choked at certain times of the day or week. It 
eliminates the need to load data into the data warehouse in large batches, and large 
volumes of data can be queried in one go.

There are different types of CDC:

Log-based Change Data Capture

It is a reliable way of ensuring that changes within the source system are transmitted to the 
data warehouse. In log-based CDC, a transaction log is created in which every change, 
including insertions, deletions, and modifications to the data already present in the source 
system, is recorded. The data at the source is then compared to the data in the transaction 
log to see if any changes need to be propagated to the data warehouse.

Trigger-based Change Data Capture

This type of Change Data Capture involves creating specific functions to capture changes as 
they occur in the source database. For instance, an ‘AFTER DELETE’ SQL trigger will capture the 
instance of your database after a record has been deleted.

Provider-based Change Data Capture

For this type of change data capture, scripts are made available by database providers to 
monitor one or more fields of a database table. These scripts can then identify and record any 
changes to the table. Like trigger-based CDC, provider-based Change Data Capture also 
involves retrieving data from the source database as changes are made, putting some addi-
tional load on the system.
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How Change Data Capture Streamlines Analytics

Using CDC ensures that resources will not be choked at certain times of the day or week. It 
eliminates the need to load data into the data warehouse in large batches, and large volumes 
of data can be queried in one go. Users do not need to define additional schemas or alter the 
data warehouse design to record changes in the 
database. Data is added incrementally after checking the data that is already available in the 
source to ensure that the data warehouse is not populated with redundant data.
 
One of the greatest benefits of using CDC to identify, capture, and deliver changes from source 
systems to a data warehouse or analytical databases is the resource efficiency it adds to the 
entire process. The process doesn’t require too many resources; hence it can also save costs 
that would otherwise be spent on specific hardware to keep the data loading process going.  

More importantly, CDC enables businesses to scale without worrying about a lack of data 
integrity or completeness since it ensures that the central repository is always populated with 
the right data without any delays. 

When enterprises need to process data quickly, it’s important to copy or migrate only new 
or modified data to the data warehouse. Change Data Capture (CDC) technology helps 
achieve this by identifying changes to the source datasets, capturing these changes in 
temporary change tables, and delivering them to the data warehouse for reporting and 
analysis.

In ELT and cloud databases, Change Data Capture is a highly effective means of ensuring 
that data is updated across all platforms, especially if time-sensitive decisions need to be 
made in high velocity data environments. It generally uses different frameworks of com-
parison to update the data and record changes in the main database. Because changes in 
data happen in real time, CDC can also be regarded as a mode of zero downtime data 
migration. Another added benefit of CDC is that data remains protected from security 
breaches as it is not shared among third parties to ensure uniformity. 

Using CDC ensures that resources won’t be choked at certain times of the day or week. It 
eliminates the need to load data into the data warehouse in large batches, and large 
volumes of data can be queried in one go.

There are different types of CDC:

Log-based Change Data Capture

It is a reliable way of ensuring that changes within the source system are transmitted to the 
data warehouse. In log-based CDC, a transaction log is created in which every change, 
including insertions, deletions, and modifications to the data already present in the source 
system, is recorded. The data at the source is then compared to the data in the transaction 
log to see if any changes need to be propagated to the data warehouse.

Trigger-based Change Data Capture

This type of Change Data Capture involves creating specific functions to capture changes as 
they occur in the source database. For instance, an ‘AFTER DELETE’ SQL trigger will capture the 
instance of your database after a record has been deleted.

Provider-based Change Data Capture

For this type of change data capture, scripts are made available by database providers to 
monitor one or more fields of a database table. These scripts can then identify and record any 
changes to the table. Like trigger-based CDC, provider-based Change Data Capture also 
involves retrieving data from the source database as changes are made, putting some addi-
tional load on the system.
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Enabling Business Intelligence 

Analytics and Reporting 

Reporting and analytics are critical 
because they better equip enterprises to 
make critical business decisions that lead 
to growth and success. While reporting 
turns data into information, analytics 
helps enterprises turn the information 
into insights. The goal of analytics, then, is 
to take the information and interpret it.

Data Visualization

Data visualization is the graphical representation of data and information. Visual elements like 
charts, graphs, and maps provide an accessible way for modern enterprises to identify and 
understand trends, outliers, and patterns in data.

Benefits

Visualization Tools
Make Data More

Presentable 

Better Visualization Make
Complicated Data

Easier to Understand  

Data Visualization
Tools Improve
Decision-Making  



Effective Reporting,  Visualization and Analytics  |  Page 23

OData

Open Data Protocol (OData) is an open standard that allows the creation and consumption of 
query-able and interoperable RESTful APIs in a simple and standard way. Leveraging this 
standard enables enterprises to get a lot of integration ability for free.

OData is the leading standard in RESTful web services that allows data producers and 
consumers to interact more freely. Popular visualization tools like Tableau and Power BI work 
with OData as a source protocol, which makes a lot of the heavy lifting go away.

How to Automate Reporting and Visualization
in Your Next-Gen Data Warehouse 

An automated data warehouse minimizes data latency and empowers business users 
to generate reports and visualize data at speed. Since  data warehouses are loaded 
with both historical and current data, and that too in a structured format, they can be 
connected directly to BI tools for understanding data through real-time graphs, 
charts, and diagrams. Additionally, the insights generated through BI tools can in turn 
fuel reliable and agile decision-making.
 
Reporting and visualization of data can easily be automated through a data ware-
house automation tool like Astera DW Builder. Through no-code automation, data 
warehouses can be scheduled to automatically feed data into BI tools, such as Power 
BI, Domo, Tableau, QlikView, allowing users to publish, analyze, and visualize updated 
data in near real-time.



OLAP cubes are designed to speed up analysis and reporting by aggregating data from 
multiple tables and storing pre-calculated values that analysts might need to use. These 
cubes are ideal for storing multidimensional data in a logical manner. 
 
Let’s take a look at the four types of operations possible with OLAP cubes: 

Roll-up: This involves aggregating data from subfields to get a bird’s eye view of informa-
tion. For instance, if you have tables with sales information for multiple retail outlets in differ-
ent cities, roll-up OLAP operations can be used to consolidate each individual outlet’s sales 
figures and get a holistic view of city sales data instead. As is the case with roll-up operations, 
the “Branch Sales” dimension is removed in this case and users can leverage city sales data 
instead.  
 
In case of data analysis and reporting, this could be particularly useful in case you have limit-
ed storage space and are more interested in a comprehensive view of data.
  
 
Drill-down: Drill-down operations are the opposite of Roll-up OLAP operations and involve 
diving deeper into dimensions to get increased clarity on values. An example of drill-down 
OLAP operations is taking yearly marketing information and diving deeper into to see the 
budgets assigned to different marketing channels for each month of the year.
 

Slice and Dice: Slice and Dice OLAP operations involve using a particular value to find 
corresponding relevant information. For instance, if you have a cube containing information 
on how many units of products were sold in different cities per quarter, you can use slice and 
dice OLAP operations to get the information for a particular quarter. This can be helpful when 
you have very large volumes of multifaceted data but only some of it is useful for you.
  
 
Pivot: The Pivot operation can be used to reorient the way in which information has been 
displayed. While this reorientation might take hours with a relational database, an OLAP cube 
can easily present the information in a much more easy to understand manner without any 
delays for much quicker analysis.
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OLAP Cube
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How to Automate Reporting and Visualization
in Your Next-Gen Data Warehouse 

Astera DW Builder is an end-to-end, data warehouse automation solution which allows you to 
design, develop, and deploy analytics-ready data warehouses with ease. It brings together an 
array of code-free functionalities which streamline, automate, and accelerate all data warehousing 
processes, from data discovery and data modeling to data pipeline development and data con-
sumption in reporting tools.

Interested in building a data warehouse or modernizing your existing one? Start by watching 
Astera DW Builder Demo (https://www.youtube.com/watch?v=5qI_xx0iW94) to understand the 
value you can derive from an automated data warehouse builder.  



www.astera.com Contact us for more information or to request a free trial 
sales@astera.com   |   888-77-ASTERA 

Copyright © 2022 Astera Software Incorporated. All rights reserved. Astera and Centerprise are 
registered trademarks of Astera Software Incorporated in the United States and / or other countries. 

Other marks are the property of their respective owners.


