UNIT-I
INTRODUCTION TO DATA ENGINEERING

Introduction to Data Engineering: Definition, Data Engineering Life Cycle, Evolution of Data Engineer, Data
Engineering Versus Data Science, Data Engineering Skills and Activities, Data Maturity, Data Maturity
Model, Skills of a Data Engineer, Business Responsibilities, Technical Responsibilities, Data Engineers and
Other Technical Roles.

Data Engineering is the field of designing, building, and maintaining the infrastructure and systems
that facilitate the collection, storage, processing, and analysis of data. It involves creating and
managing data pipelines, ensuring the data is structured, clean, and accessible for various uses,
including data analysis, reporting, machine learning, and business intelligence.

Key aspects of Data Engineering include:

Data Pipeline Development: Building automated systems that move data from different sources
(e.g., databases, APIs, sensors) into a centralized data storage system, such as a data warehouse or
data lake.

Data Storage: Designing databases or storage systems that efficiently store large volumes of
structured, semi-structured, or unstructured data.

Data Integration: Integrating data from various internal and external sources, ensuring consistency
and usability across different platforms and applications.

Data Processing and Transformation: Processing raw data to clean, format, and transform it into
a structured format suitable for analysis or machine learning tasks.

Optimization: Ensuring that data systems are scalable, efficient, and optimized for fast querying
and processing, handling both current and future data needs.

Data Quality and Security: Ensuring that data is accurate, reliable, and secure through validation,
error-checking, and implementing security measures such as encryption.

Data engineering plays a critical role in preparing data for downstream users like data scientists,
analysts, and business leaders, enabling data-driven decision-making across an organization.




Data Engineering Life Cycle:
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1. Requirement Gathering and Analysis

o Identify Business Needs: Understand the business goals and determine what data is required
to achieve these goals. This could involve stakeholder meetings and workshops to gather

comprehensive requirements.

« Define Data Sources: Identify all potential data sources like internal databases, third-party

APIls, external files, etc.

2. Data Ingestion

o Extract Data: Collect data from various sources. This could be done using APIs, database

connectors, or data scraping techniques.

o Load Data: Move the extracted data into a staging area where it can be processed further.
This might involve using data pipeline tools like Apache NiFi, Apache Kafka, or custom

scripts.




3. Data Storage

Data Warehousing: Store the data in a structured format suitable for analysis. This could
involve traditional databases, data warehouses like Amazon Redshift, Google BigQuery, or
data lakes like AWS S3.

Database Management: Ensure the data storage solution is scalable, efficient, and cost-
effective. This includes choosing the right database management system and configuring it

properly.

4. Data Processing and Transformation

Data Cleaning: Clean the data by removing duplicates, handling missing values, and
correcting errors. This can involve data profiling and cleaning tools.

Data Transformation: Transform the data into a format suitable for analysis. This could
involve aggregations, normalization, or other data transformation techniques.

ETL/ELT Processes: Design and implement ETL (Extract, Transform, Load) or ELT
(Extract, Load, Transform) pipelines to automate the data processing.

5. Data Integration

Combine Data: Integrate data from different sources to create a unified view. This might
involve joining tables, merging datasets, or other data integration techniques.

Data Modeling: Design data models that support the analysis and reporting needs of the
organization. This includes creating schemas, defining relationships, and setting up indexes.

6. Data Quality and Governance

Data Quality Checks: Implement processes to ensure the accuracy, completeness, and
reliability of data. This could involve data validation rules, anomaly detection, and quality
dashboards.

Data Governance: Establish policies and procedures to manage data access, usage, and
compliance with regulations like GDPR or CCPA.

7. Data Security

Access Control: Implement measures to protect data from unauthorized access. This
includes setting up user roles and permissions, and using authentication and authorization
mechanisms.

Encryption: Use encryption techniques to secure sensitive data both at rest and in transit.




8. Data Analytics and Reporting

« Data Analysis: Use analytical tools and techniques to derive insights from data. This could
involve statistical analysis, machine learning, or data visualization.

o Reporting: Create reports and dashboards to communicate the insights to stakeholders.
Tools like Tableau, Power BI, or custom-built solutions can be used for this purpose.

9. Monitoring and Maintenance

e System Monitoring: Continuously monitor the data pipeline and storage systems for
performance and issues. This includes setting up alerts and monitoring dashboards.

e Performance Tuning: Optimize the performance of data systems to ensure they run
efficiently. This might involve indexing, query optimization, or hardware scaling.

e Issue Resolution: Address any issues or anomalies in the data pipeline promptly. This
includes root cause analysis and implementing corrective actions.

10. Documentation and Training

o Document Processes: Maintain detailed documentation of the data engineering processes,
including data flows, pipeline designs, and data models.

e Train Users: Provide training to users and stakeholders on how to use the data systems
effectively. This could involve workshops, tutorials, or user guides.

The Evolution of Data Engineering

Data engineering has always been a cornerstone of the technological world, but its importance has
drastically surged over the decades. With the advent of big data, 0T, machine learning, and other
revolutionary technologies, the role of data engineers has evolved and expanded.

1. Birth of Databases (1960s-1970s)

In the 60s and 70s, data was primarily stored on magnetic tapes. The era saw the invention of the

first Database Management Systems (DBMS), including IBM’s Information Management System
(IMS).

2. Relational Databases (1980s)

Dr. E.F. Codd’s relational model became a game-changer, leading to the development of Relational
Database Management Systems (RDBMS). SQL (Structured Query Language) was introduced,
transforming how we interact with databases.

3. Data Warehousing (1990s)




Organizations began to see the potential of data for decision-making. This led to the creation of data
warehouses, central repositories where data from various sources was consolidated for Bl (Business
Intelligence) tasks.

4. Big Data & Hadoop (2000s)

The 2000s marked the start of the big data revolution. The volume, velocity, and variety of data
skyrocketed. Apache Hadoop, an open-source framework, was developed to store and process these
massive datasets, allowing for distributed processing.

5. Rise of Data Lakes & Cloud (2010s)

Organizations started moving away from traditional warehouses to more flexible data lakes. The
cloud providers like AWS, Azure, and GCP made data storage and processing more scalable and
cost-effective.

6. Real-time Processing & Streaming (Late 2010s-2020s)

Companies required real-time insights. Technologies like Apache Kafka and Spark Streaming made
it possible to process and analyze data streams in real-time.

7. Data Engineering for Machine Learning (2020s)

Machine learning models need vast amounts of well-curated data. Data engineers today play an
essential role in ensuring data quality, processing, and availability for training these models.

Difference Between Data Science and Data Engineering

Data Science:

The detailed study of the flow of information from the data present in an organization’s repository
is called Data Science. Data Science is about obtaining meaningful insights from raw and
unstructured data by applying analytical, programming, and business skills.

Data Science is an interdisciplinary field that involves using statistical and computational methods
to extract insights and knowledge from large and complex data sets. It encompasses a range of
activities, including data collection, cleaning and preparation, exploratory data analysis, statistical
modeling, machine learning, and data visualization.

Data Science aims to find meaningful patterns, insights, and trends from data, and then use this
information to make data-driven decisions. It has many practical applications across industries,
including healthcare, finance, marketing, and technology. Data scientists use a variety of tools and
techniques, such as programming languages like Python and R, statistical software packages, and
machine learning libraries, to analyze data and build predictive models.




Data Science is often used in conjunction with other fields, such as artificial intelligence and
machine learning, to create intelligent systems that can learn and adapt from data. It plays a crucial
role in today’s world, where data is being generated at an unprecedented rate, and there is a growing
need for businesses and organizations to make informed decisions based on data-driven insights.

Data Science life cycle includes:

1. Data Discovery: Searching for different sources of data and capturing structured and
unstructured data.

2. Data Preparation: Converting data into a common format.
3. Mathematical model: Using variables and equations to establish a relationship.

4. Getting things in action: Gathering information and deriving outcomes based on business
requirements.

5. Communication: Communicating findings to decision-makers.

Data engineering: Data engineering focus on the applications and harvesting of big data. Data
engineering focuses on practical applications of data collection and analysis. In this data is
transformed into a useful format for analysis. Data engineering is very similar to software
engineering in many ways. Beginning with a concrete goal, data engineers are tasked with putting
together functional systems to realize that goal.

Data engineering is the practice of designing, building, and maintaining the infrastructure and tools
necessary to support data processing and analysis. It involves developing data pipelines that move
data from various sources into storage systems, transforming and processing the data to make it
usable for analysis, and ensuring that the data is accurate, reliable, and secure.

Data engineering typically involves working with large-scale data systems, such as data warehouses,
data lakes, and distributed computing systems. Data engineers use a variety of tools and
technologies, such as Apache Hadoop, Spark, and Kafka, to manage data at scale and ensure its
quality.

Data engineers work closely with data scientists and analysts to ensure that the data they work with
is accurate, reliable, and accessible. They are responsible for designing and implementing data
architectures that support the organization’s data needs, and for ensuring that the data is properly
secured and managed throughout its lifecycle.

In summary, data engineering plays a critical role in enabling organizations to effectively leverage
data for insights and decision-making, by providing the necessary infrastructure and tools for data
processing and analysis.

Below is a table of differences between Data Science and Data Engineering:




S.No.

Data Engineering

Develop, construct, test, and maintain
architectures (such as databases and
large-scale processing systems)

SAP, Oracle, Cassandra, MySQL,
Redis, Riak, PostgreSQL, MongoDB,
neo4j, Hive, and Sqoop. Scala, Java,
and C#.

Ensure architecture  will
requirements of the business

support

Discover data

acquisition

opportunities  for

Develop data set processes for data
modeling, mining and production

Employ a variety of languages and tools
(e.g. scripting languages) to marry
systems together

Recommend ways to improve data
reliability, efficiency and quality

Focuses on analyzing and interpreting
data to extract insights and make
predictions.

Data Science

Cleans and Organizes (big)data.
Performs  descriptive statistics and
analysis to develop insights, build

models and solve business need.

SPSS, R, Python, SAS, Stata and Julia
to build models. Scala, Java, and C#.

Leverage large volumes of data from
internal and external sources to answer
that business

Employ sophisticated analytics programs,
machine learning and statistical methods
to prepare data for use in predictive and
prescriptive modeling

Explore and examine data to find hidden
patterns

Automate work through the use of
predictive and prescriptive analytics

Communicating findings to decision
makers

Focuses on designing and building the
infrastructure and tools needed to support
data processing and analysis.




S.No. Data Engineering Data Science

Requires a strong background in Requires a strong background in
9. statistics, mathematics, and computer computer science, software engineering,
science. and data management.

Typically involves working with Involves designing and building data
structured and unstructured data sets, and  pipelines to move and process data, and
using statistical and machine learning ensuring that the data is accurate, reliable,
techniques to extract insights. and secure.

10.

Involves optimizing data processing
systems  for  performance and
scalability, and managing data storage
and access.

Involves  developing and testing
11.  predictive models, and communicating
insights to stakeholders.

Often works with software developers,
infrastructure engineers, and database
administrators to design and build data
systems.

Often works with data analysts, business
12.  analysts, and domain experts to
understand the data and its context.

Examples of tools and technologies
used include Python, R, SQL, Jupyter

13. Notebooks, and machine learning
libraries  like  scikit-learn  and
TensorFlow.

Examples of tools and technologies used
include Hadoop, Spark, Kafka, SQL
databases, and ETL (extract, transform,
load) tools.

Data Engineering Skills and Activities:

1. Programming
o Purpose: Automate tasks, process data, build pipelines, and implement algorithms.
o Languages:

= Python: Libraries like Pandas, NumPy for processing; PySpark for
distributed processing.

= SQL: Query and manipulate structured data in relational databases.

= Java/Scala: Often used with big data tools like Apache Spark and Kafka.




= Bash/Shell Scripting: Automating file management and pipeline tasks.
2. Data Modeling
o Concepts:
= Logical and physical schema design.
= Relationships between entities (one-to-many, many-to-many).
o Key Skills:
= Dimensional modeling for data warehouses (star and snowflake schemas).
= Normalization for OLTP systems; denormalization for OLAP systems.
3. ETL/ELT Development

o ETL: Extract, Transform, Load — moves data from source to destination with
transformations applied before loading.

o ELT: Extract, Load, Transform — loads raw data and processes it in the target
system (common with cloud warehouses).

o Tools: Informatica, Talend, Apache NiFi, custom Python scripts.
4. Big Data Frameworks
o Purpose: Handle large-scale data efficiently across distributed systems.
o Frameworks:
= Apache Hadoop: For batch processing and distributed storage.
= Apache Spark: For fast in-memory distributed computation.
= Apache Kafka: For real-time data streaming and message gqueuing.
5. Cloud Platforms
o Services:

= AWS: S3 (storage), Glue (ETL), EMR (processing), Redshift (data
warehousing).

= Google Cloud: BigQuery (warehousing), Dataflow (processing), Cloud
Storage.

= Azure: Data Factory (pipelines), Synapse Analytics (warehousing).

6. Database Management




o Relational Databases:
= Tools: PostgreSQL, MySQL, Oracle.
= Focus: Schema design, indexing, query optimization.
o NoSQL Databases:
= Tools: MongoDB, Cassandra, DynamoDB.
= Focus: Flexible schema, distributed storage.
7. Data Warehousing
o Purpose: Store structured and semi-structured data for analytics.
o Platforms: Snowflake, Amazon Redshift, Google BigQuery, Databricks.
o Key Concepts: Partitioning, clustering, and query optimization.
8. Data Pipeline Automation
o Workflow Orchestration:
= Apache Airflow: DAGs for task scheduling and dependency management.
= Prefect: Lightweight orchestration with Python-native configuration.
= Luigi: Pipelines for batch processing.
9. Data Governance and Security
o Purpose: Ensure compliance with regulations (GDPR, CCPA) and manage access.
o Tools: Apache Ranger (access control), AWS IAM, Data Cataloging tools (Collibra).
o Practices:
= Role-based access control (RBAC).
= Encrypting sensitive data.
10. Data Visualization and Analytics
o Purpose: Enable stakeholders to derive insights.
o Tools: Tableau, Power Bl, Looker, Python (Matplotlib, Seaborn).
o Skills:

= Creating dynamic dashboards.




= Designing intuitive and interactive visualizations.

Data Maturity

Data maturity is the measure of an organization’s ability to effectively manage, analyze, and
utilize its data to drive business outcomes. It reflects the progression from basic data collection and
storage to sophisticated, integrated processes that support strategic decision-making and innovation.
As organizations evolve, their data maturity level increases, enabling better data governance, higher-
quality insights, and improved operational efficiency. In industries like insurance and wealth
management, achieving a high level of data maturity is essential for delivering personalized
customer experiences and maintaining a competitive edge.

Data Maturity Model

1. [Initial Stage:

@)

Characteristics: Data is managed in an ad hoc manner. There are limited or no
formal processes for data management. Data governance is either non-existent or
very basic. Data quality is inconsistent and often poor.

Focus: Organizations at this stage react to data-related problems as they occur, often
resulting in inefficiencies and data silos.

2. Repeatable Stage:

@)

Characteristics: Basic data management practices are established. There is some
level of data governance, often driven by regulatory requirements. Initial efforts are
made to improve data quality, but these are typically project-based and not consistent
across the organization.

Focus: Establishing standardized processes and beginning to recognize the
importance of data governance and quality.

3. Defined Stage:

@)

Characteristics: Data management practices are well-defined and documented.
There is a formalized data governance framework in place. Data quality is monitored
and managed more consistently. There is better alignment between data management
practices and business goals.

Focus: Creating organizational alignment and integrating data management
processes into the overall business strategy.

4. Managed Stage:




o Characteristics: The organization has advanced data management capabilities. Data
governance is proactive, with clear policies and procedures. High data quality
standards are maintained. Data is treated as a valuable asset, and its management is
integrated into daily operations.

o Focus: Measuring and optimizing performance, ensuring data management practices
are efficient and effective.

5. Optimized Stage:

o Characteristics: The organization has a data-driven culture. Continuous
improvement practices are in place. Advanced analytics, including predictive and
prescriptive analytics, are used to derive insights from data. Data is a strategic asset,
driving innovation and providing a competitive advantage.

o Focus: Leveraging data for innovation and maintaining a competitive edge in the
market.

To help you better understand these stages, here’s a visual representation:
Data Maturity Stages:

Initial -> Repeatable -> Defined -> Managed -> Optimized

Skills of a Data Engineer

Data engineers are IT professionals who mainly work with multiple settings to develop systems that
collect, manage, and convert the raw data into information for data scientists and business analysts
to interpret. The main objective of a data engineer is to make the data accessible so that organizations
can use it to evaluate and optimize their performance. Data engineers also play a crucial role in
building and maintaining databases. They work with various technologies and tools to ensure that
data flows smoothly within an organization.

The important skills a data engineer need:
1.Big Data Technologies:

Big data technology is one of the most important skills that every data engineer should have, as a
large amount of data is generated every minute and companies have to deal with that data and store
it as well. Apache Spark and Apache Hadoop are the two best tools that are used to handle that data
through distributed processing. Both of these tools help in saving on the expenses that are spent on
storing such big datasets.

2: Data Warehousing:




Data warehousing is another top skill that every data engineer should possess. As the interest of
businesses in data increases, majority of them have started investing in developing data warehouses
that collect and store data from multiple sources regularly.The data-warehousing building process
needs a data engineer to perform the data analysis from various sources.

3.Cloud computing tools:

The main purpose of data engineers is to handle the raw data of companies and manage that data.
This type of company's data is further hosted on cloud servers. It is important to know about the
cloud computing tools needed to work with big data. Some of the most popular cloud platforms are
OpensShift, Azure, AWS, OpenStack, and GCP.

4.Database Management:

A database management system is defined as the foundation of any infrastructure that helps data
engineers develop, maintain, and design the overall data infrastructure that supports the needs of
companies. Therefore, data engineers mainly choose database management systems, and some of
the popular choices of data engineers are Oracle, Microsoft, SQL Server, MySQL, and so on.

5.Machine learning:

Data engineers need to be proficient in machine learning since it improves big data processing by
identifying patterns and trends more effectively. Data engineers can classify incoming data, convert
unprocessed information into useful insights, and identify significant patterns by utilizing machine
learning algorithms. Data engineers require a solid understanding of statistics and machine learning
principles in order to successfully incorporate machine learning into their workflows.

6.Data modeling and schema design:

Data modeling is defined as the process of developing a conceptual representation of the data that
an organization needs to store and analyze, while schema design involves the development of a
detailed blueprint of how the data will be organized and structured within the database.

7.Real-Time Processing

Data engineers should know of data processing frameworks, as these frameworks are mainly
responsible for streaming data. Processing large amounts of data is a complex and even more
complex task than processing it in real time. Real-time data processing frameworks are mainly used
to process data streams and handle the data as it is generated.

8. Data visualization skills

Data visualization is a key skill for data engineers, as it helps turn complex data into clear and
understandable visuals for end-users. This skill is essential for presenting insights and findings in a
way that is easy to interpret and act on. Commonly used tools for data visualization include Tableau,
Plotly, Qlik, Spotfire, Tibco, and others, which allow data engineers to create charts, dashboards,
and reports that make data-driven decisions simpler for businesses.




9.Data ingestion tools

Data ingestion tools are essential for managing big data, especially as the amount of data grows.
These tools help bring data from various sources into a system where it can be processed and
analyzed. As data grows more complex, data engineers need to use these tools and APIs to organize,
validate, and transfer data efficiently.

Business Responsibilities

1. Aligning Data Strategy with Business Goals

Collaborating with stakeholders to understand business needs and goals.

Designing and implementing data pipelines, storage, and analytics solutions that enable
business decision-making.

Ensuring data engineering practices support scalability, reliability, and efficiency in business
operations.

2. Data Governance and Compliance

Implementing data governance policies to ensure data quality, consistency, and usability.

Ensuring compliance with legal and regulatory standards (e.g., GDPR, HIPAA, CCPA) for
data handling and privacy.

Establishing access controls and data security measures to protect sensitive business
information.

3. Delivering Business Insights

Enabling data analytics by creating robust data infrastructure.

Providing stakeholders with access to clean, timely, and accurate data for business
intelligence and reporting.

Supporting advanced analytics like machine learning and predictive modeling to uncover
insights.

4. Cost Management

Optimizing storage and computation costs while meeting performance requirements.

Selecting and managing cloud and on-premises infrastructure based on business budget
constraints.

Monitoring resource usage to minimize unnecessary expenditures.




5. Stakeholder Communication

Communicating complex technical processes in a clear and concise manner for non-
technical stakeholders.

Gathering feedback from business teams to refine data engineering solutions.

Educating stakeholders on the capabilities and limitations of data engineering systems.

6. Innovation and Continuous Improvement

Staying updated on emerging tools and technologies that could provide a competitive
advantage.

Recommending improvements to existing data infrastructure to better serve business needs.

Exploring automation opportunities to enhance data processing efficiency.

7. Supporting Data-Driven Decision Making

Empowering teams across departments (e.g., marketing, sales, finance) with self-service
data platforms.

Partnering with data scientists and analysts to streamline workflows.

Ensuring the availability of reliable data for real-time decision-making.

8. Performance Monitoring and Reporting

Developing metrics and KPIs to measure the success of data engineering initiatives.

Providing reports and dashboards that demonstrate the value of data engineering to the
business.

Identifying and addressing bottlenecks or inefficiencies in data workflows.

Technical Responsibilities

1. Data Pipeline Development

Designing and Building: Developing robust, scalable data pipelines to efficiently process
data from various sources.

Automation: Automating data collection, transformation, and loading processes to ensure
data is consistently updated and available.

2. Data Storage Management




o Database Management: Setting up and managing databases, data warehouses, and data
lakes to store structured and unstructured data.

o Optimization: Optimizing storage solutions for performance and cost efficiency.
3. Data Integration

e ETL/ELT Processes: Implementing Extract, Transform, Load (ETL) or Extract, Load,
Transform (ELT) processes to integrate data from multiple sources.

o Data Cleansing: Ensuring data quality by cleansing and validating data before it's loaded
into storage systems.

4. Data Security and Compliance
e Security Measures: Implementing security protocols to protect sensitive data.

o Regulatory Compliance: Ensuring data practices comply with relevant regulations and
standards (e.g., GDPR, HIPAA).

5. Performance Monitoring and Troubleshooting
e Monitoring: Continuously monitoring data pipelines and systems for performance issues.

e Troubleshooting: Identifying and resolving issues to ensure data integrity and system
reliability.

6. Collaboration

e Working with Teams: Collaborating with data scientists, analysts, and other stakeholders
to understand data requirements and support data-driven initiatives.

o Documentation: Maintaining clear documentation of data processes, architectures, and
systems.

7. Tools and Technologies

o Utilizing Tools: Working with various tools and technologies, such as SQL, NoSQL
databases, Apache Hadoop, Apache Spark, Kafka, and cloud platforms (e.g., AWS, Azure,
Google Cloud).

Data Engineers and Other Technical Roles
1. Data Scientists

e Role: They analyze large datasets to extract meaningful insights, build predictive models,
and support decision-making.




« Interaction: Data engineers provide clean, structured data to data scientists, enabling them
to build accurate models and analyses.

2. Data Analysts

e Role: They analyze and interpret data to identify trends, create reports, and provide
actionable insights.

o Interaction: Data engineers ensure that analysts have access to reliable and up-to-date data,
making it easier for them to generate reports and perform analyses.

3. Database Administrators (DBAS)

e Role: They manage and maintain database systems, ensuring data is stored securely and
efficiently.

e Interaction: Data engineers work with DBAs to design and implement optimal storage
solutions and manage data access permissions.

4. Software Engineers
e Role: They design, develop, and maintain software applications.

e Interaction: Data engineers often collaborate with software engineers to integrate data
pipelines with applications and ensure seamless data flow.

5. DevOps Engineers

e Role: They focus on automating and streamlining software development and deployment
processes.

o Interaction: Data engineers work with DevOps engineers to deploy and manage data
pipelines and infrastructure using continuous integration/continuous deployment (CI/CD)
practices.

6. Machine Learning Engineers
e Role: They develop and deploy machine learning models into production.

e Interaction: Data engineers provide the necessary data and infrastructure for training and
deploying machine learning models.

7. Business Intelligence (BI) Developers

e Role: They create and manage BI tools and dashboards to visualize data and support
decision-making.

e Interaction: Data engineers supply Bl developers with the processed data needed for
creating visualizations and dashboards.




8. Data Architects

o Role: They design the overall data architecture, including data models, data integration, and
data management strategies.

e Interaction: Data engineers implement the data architecture designed by data architects,
ensuring it aligns with business requirements.

Data Engineers and Other Technical Roles.

Data Engineers are responsible for designing, building, and maintaining the infrastructure that
allows for the collection, storage, and analysis of data. They work closely with Data Scientists and
other stakeholders to ensure data is accessible and usable.

Key Responsibilities:

o Data Pipeline Development: Creating and managing pipelines that transport data from
various sources to storage systems.

« Data Warehousing: Designing and implementing data storage solutions, such as data
warehouses and data lakes.

e ETL Processes: Extracting, Transforming, and Loading data to ensure it's in the right format
for analysis.

« Data Integration: Integrating data from different sources to provide a unified view.

o Performance Optimization: Ensuring data systems are efficient and scalable.
Tools and Technologies:

e Programming Languages: Python, SQL, Java, Scala.

o Data Warehouses: Amazon Redshift, Google BigQuery, Snowflake.

e« ETL Tools: Apache Airflow, Talend, Informatica.

« Big Data Technologies: Hadoop, Spark, Kafka.

o Databases: MySQL, PostgreSQL, MongoDB.
Other Technical Roles

1. Data Scientist:

o Role: Analyzes and interprets complex data to help organizations make informed
decisions.




o Skills: Machine learning, statistical analysis, data visualization, Python, R.
Software Developer/Engineer:
o Role: Designs, codes, and maintains software applications.

o Skills: Programming languages (Java, Python, C++), software development
methodologies, debugging.

DevOps Engineer:

o Role: Bridges the gap between development and operations teams, automating and
optimizing processes.

o Skills: CI/CD tools, cloud platforms (AWS, Azure, Google Cloud), scripting.
Systems Administrator:

o Role: Manages and maintains an organization's IT infrastructure.

o Skills: Network management, server administration, cybersecurity.
Cybersecurity Specialist:

o Role: Protects an organization's systems and data from cyber threats.

o Skills: Information security, ethical hacking, risk assessment, incident response.
Database Administrator (DBA):

o Role: Manages and maintains databases to ensure their performance, security, and
availability.

o Skills: SQL, database management systems, backup and recovery.
Cloud Engineer:
o Role: Designs and manages cloud-based solutions and services.
o Skills: Cloud platforms (AWS, Azure, Google Cloud), virtualization, networking.
Quality Assurance (QA) Engineer:
o Role: Ensures that software meets quality standards through testing and validation.
o Skills: Testing methodologies, automation tools, bug tracking.
UI/UX Designer:

o Role: Designs user interfaces and experiences that are intuitive and engaging.




o Skills: Design software (Sketch, Figma, Adobe XD), user research, prototyping.
10. Product Manager:

o Role: Defines the vision and strategy for a product, ensuring it meets user needs and
business goals.

o Skills: Market research, project management, communication.

REFERENCES:

Joe Reis, Matt Housley, Fundamentals of Data Engineering, O'Reilly Media, Inc., June 2022,
ISBN: 9781098108304




UNIT-II
DATA ENGINEERING LIFE CYCLE

Data Engineering Life Cycle: Data Life Cycle Versus Data Engineering Life Cycle, Generation: Source System,
Storage, Ingestion, Transformation, Serving Data. Major undercurrents across the Data Engineering Life Cycle:
Security, DataManagement, DataOps, Data Architecture, Orchestration, Software Engineering.

Data Life Cycle Versus Data Engineering Life Cycle

Data Life Cycle

The Data Life Cycle encompasses the various stages through which data passes from its creation to
its eventual disposal. Here are the key phases:

1. Data Creation/Collection:

o Data is generated or collected from various sources such as sensors, transactions,
social media, etc.

2. Data Storage:

o Collected data is stored in databases, data warehouses, or data lakes.
3. Data Processing:

o Raw data is processed, cleaned, and transformed into a usable format.
4. Data Analysis:

o Processed data is analyzed to derive insights, trends, and patterns.
5. Data Visualization:

o Analysis results are visualized using charts, graphs, dashboards, etc., to support
decision-making.

6. Data Sharing:

o Insights and visualizations are shared with stakeholders through reports, dashboards,
or other means.

7. Data Archiving:

o Data that is no longer actively used but may be needed for historical purposes is
archived.




8. Data Disposal:

o Data that is no longer needed and has no retention requirements is securely disposed
of.

Data Engineering Life Cycle

The Data Engineering Life Cycle focuses on the processes and practices involved in building and
maintaining the infrastructure for handling data. Here are the key phases:

1. Requirement Analysis:
o ldentifying data needs and requirements from stakeholders.
2. Architecture Design:

o Designing the data architecture, including data pipelines, storage solutions, and data
integration frameworks.

3. Data Ingestion:
o Implementing methods to collect and ingest data from various sources.
4. Data Transformation:
o Cleaning, transforming, and enriching data to make it suitable for analysis.
5. Data Storage and Management:
o Setting up and managing databases, data warehouses, and data lakes.
6. Data Quality Assurance:

o Implementing measures to ensure data quality, including data validation and
cleansing.

7. Data Security and Compliance:

o Ensuring data is protected and compliant with regulations.
8. Performance Monitoring:

o Continuously monitoring data pipelines and systems for performance and reliability.
9. Maintenance and Optimization:

o Maintaining and optimizing data systems to ensure they run efficiently.

Key Differences




e Scope: The Data Life Cycle is broader, covering all stages from data creation to disposal,
while the Data Engineering Life Cycle is more focused on the technical aspects of managing
data infrastructure.

o Focus: The Data Life Cycle emphasizes the entire journey of data, including analysis and
disposal. The Data Engineering Life Cycle emphasizes building, maintaining, and
optimizing data systems.

o Stakeholders: The Data Life Cycle involves a wider range of stakeholders, including data
users (analysts, scientists, business users). The Data Engineering Life Cycle primarily
involves data engineers and related technical roles.

1. Data Life Cycle (Business Perspective)

Focus: Managing the journey of data from creation to eventual disposal.
Role of Source Systems in Data Life Cycle:

e Purpose: Source systems are where data originates. These can be operational systems,
sensors, applications, or external sources.

o Examples:
o Point-of-sale (POS) systems generate sales transaction data.
o loT devices produce sensor readings.
o Social media platforms generate user engagement metrics.
« Key Activities:
o Data is generated and captured at its source.
o Metadata about the data (e.g., timestamps, context) may also be created.

o This phase often involves basic storage in operational databases or systems.

2. Data Engineering Life Cycle (Technical Perspective)

Focus: Creating, maintaining, and optimizing the infrastructure and processes for managing data
throughout its flow.
Role of Source Systems in Data Engineering Life Cycle:

e Purpose: Source systems are the starting point for data ingestion processes. Data engineers
focus on accessing and extracting data from these systems.

o Examples:




o

o

o

Relational databases (e.g., MySQL, PostgreSQL) for transactional data.
Streaming systems (e.g., Kafka, Kinesis) for real-time data.

APIs and flat files for external integrations.

o Key Activities:

o

Identifying and connecting to source systems.

Implementing protocols for data extraction (e.g., SQL queries, API calls, streaming
consumers).

Ensuring data is captured securely and reliably.

Handling changes in source systems (e.g., schema changes, outages).

Comparison

Aspect Data Life Cycle Data Engineering Life Cyc|

Primary Goal Manage the data's existence| Create and  maintain
usage over time. infrastructure for 1

movement.

Focus at Source System | Generation and storage of | Extraction and integration
data. with downstream systems.

Stakeholders Business OwWners, Data engineers, IT teams,
governance teams. system administrators.

Generation Source System

A Generation Source System refers to the primary environment or infrastructure where the source
code of software applications is generated, managed, tested, and compiled. This system plays a
crucial role in the development lifecycle, ensuring that the software is developed efficiently,
collaboratively, and with high quality. Here are the key components and processes involved:

Key Components

1. Integrated Development Environments (IDESs):

o

Description: IDEs are software applications that provide comprehensive facilities to
programmers for software development. They typically include a source code editor,
debugger, and build automation tools.

Examples: Visual Studio Code, IntelliJ IDEA, Eclipse.




2. Version Control Systems (VCS):

o Description: VCS are tools that help manage changes to source code over time. They
allow multiple developers to work on the same project without conflicts.

o Examples: Git, Subversion (SVN), Mercurial.
3. Continuous Integration/Continuous Deployment (CI/CD) Pipelines:

o Description: CI/CD pipelines automate the process of integrating code changes,
running tests, and deploying software. They ensure that code changes are
continuously tested and deployed, reducing the risk of integration issues.

o Examples: Jenkins, GitLab CI, Travis ClI, CircleCl.
4. Build Automation Tools:

o Description: These tools automate the process of compiling source code into
executable binaries. They can also automate tasks like running tests and packaging
software.

o Examples: Maven, Gradle, Ant.
5. Code Repositories:

o Description: Code repositories are storage locations where source code is kept. They
can be hosted on local servers or cloud-based platforms.

o Examples: GitHub, GitLab, Bitbucket.

Storage

1. Relational Databases
o Examples: MySQL, PostgreSQL, SQL Server, Oracle

« Description: These databases store data in structured tables with predefined schemas.
They use SQL (Structured Query Language) for querying and managing data.

e Use Cases: Transactional systems, applications requiring complex queries and
relationships between data.

2. NoSQL Databases

« Examples: MongoDB, Cassandra, Couchbase, DynamoDB




Description: These databases store unstructured or semi-structured data and are designed
for horizontal scaling and high performance. They include document stores, key-value
stores, column-family stores, and graph databases.

Use Cases: Real-time applications, content management systems, social networks, 10T
data.

3. Data Warehouses

Examples: Amazon Redshift, Google BigQuery, Snowflake, Microsoft Azure Synapse

Description: Data warehouses are optimized for analytical queries and reporting. They
store large volumes of historical data and support complex queries and data aggregation.

Use Cases: Business intelligence, data analysis, reporting.

4. Data Lakes

Examples: Hadoop HDFS, Amazon S3, Azure Data Lake Storage, Google Cloud Storage

Description: Data lakes store vast amounts of raw data in its native format until needed.
They support both structured and unstructured data and are designed for big data analytics.

Use Cases: Big data analytics, machine learning, data exploration.

5. Cloud Storage

Examples: Amazon S3, Google Cloud Storage, Azure Blob Storage, IBM Cloud Object
Storage

Description: Cloud storage solutions provide scalable, durable, and cost-effective storage
for various types of data. They offer features like data redundancy, security, and easy
integration with cloud services.

Use Cases: Backup and recovery, data archiving, content distribution, large-scale data
storage.

6. In-Memory Databases

Examples: Redis, Memcached, Amazon ElastiCache

Description: In-memory databases store data in RAM for extremely fast read and write
access. They are used for caching and real-time analytics.

Use Cases: High-performance applications, caching, session management, real-time
analytics.

7. Distributed File Systems




o Examples: Apache Hadoop HDFS, GlusterFS

o Description: Distributed file systems store data across multiple nodes, providing
scalability and fault tolerance. They are commonly used in big data environments.

o Use Cases: Big data processing, distributed computing, high-availability storage.

Ingestion

Data ingestion is an essential part of the data engineering process. It involves collecting data from
various source systems and moving it to a centralized location for processing, storage, and
analysis. Here's a more detailed look at data ingestion:

Key Phases of Data Ingestion

1. Data Extraction:

o Connecting to Sources: Establishing connections to data sources, such as
databases, APIs, file systems, and 10T devices.

o Extracting Data: Pulling raw data from these sources in its native format.
2. Data Transformation:
o Cleaning: Removing duplicates, correcting errors, and standardizing data.
o Enriching: Adding additional information to the data to make it more useful.
o Formatting: Converting data into a suitable format for storage and analysis.

3. Data Loading:

o Loading Data: Moving the transformed data into storage solutions such as data
warehouses, data lakes, or databases.

o Validation: Ensuring the data has been loaded correctly and meets quality
standards.

Methods of Data Ingestion

1. Batch Ingestion:

o Datais collected and processed in batches at scheduled intervals (e.g., hourly,
daily).

o Suitable for historical data analysis and periodic reporting.
o Tools: Apache Nifi, Talend, AWS Glue.

2. Real-Time Ingestion:




o Datais ingested continuously in real-time as it is generated.
o ldeal for real-time analytics, monitoring, and alerting.
o Tools: Apache Kafka, AWS Kinesis, Google Cloud Pub/Sub.
3. Micro-Batching:
o A hybrid approach where data is ingested in small, frequent batches.

o Balances the need for near-real-time processing without the overhead of true real-
time ingestion.

o Tools: Spark Streaming, Azure Stream Analytics.
Popular Data Ingestion Tools

o Apache Kafka: A distributed event streaming platform for building real-time data
pipelines.

e Apache Nifi: A data integration tool that automates the movement and transformation of
data between systems.

e« AWS Glue: A fully managed ETL service that makes it easy to prepare and load data for
analytics.

e Google Cloud Dataflow: A fully managed service for stream and batch data processing.

Transformation

Data transformation is a critical step in the data lifecycle and data engineering process. It involves
converting raw data into a more usable format through various operations such as cleaning,
enriching, aggregating, and formatting. Here's a closer look at data transformation:

Transformation
Key Phases of Data Transformation
1. Data Cleaning

o Removing Duplicates: Identifying and removing duplicate records from the
dataset.

o Handling Missing Values: Imputing or removing missing values to ensure data
completeness.

o Correcting Errors: Fixing data entry errors and inconsistencies.




Data Enrichment

o Adding Additional Data: Enhancing the dataset with additional information from
external sources.

o Deriving New Metrics: Creating new variables or metrics based on existing data.
Data Normalization

o Standardizing Formats: Converting data into a consistent format (e.g., date
formats, units of measurement).

o Scaling and Normalizing: Adjusting data values to a common scale for analysis
(e.g., normalizing numerical data).

Data Aggregation

o Summarizing Data: Aggregating data to create summary statistics (e.g., sums,
averages, counts).

o Grouping Data: Grouping data by specific attributes for analysis (e.g., sales by
region).

Data Integration
o Merging Data: Combining data from multiple sources into a single dataset.

o Joining Data: Joining datasets based on common keys or attributes.

Transformation Tools and Technologies

ETL Tools: Tools that perform Extract, Transform, Load (ETL) operations to move and
transform data.

o Examples: Apache Nifi, Talend, Informatica, AWS Glue.

Data Processing Frameworks: Frameworks designed for large-scale data processing and
transformation.

o Examples: Apache Spark, Apache Flink, Google Cloud Dataflow.

SQL and Query Engines: Using SQL queries to perform data transformations within
databases or data warehouses.

o Examples: Apache Hive, Presto, Amazon Redshift.
Scripting Languages: Writing custom scripts to perform data transformations.

o Examples: Python (Pandas, PySpark), R.




Serving Data

Serving data involves delivering processed data to end-users or applications in a manner that
makes it easily accessible and usable for analysis, reporting, and decision-making. Here's an
overview of data serving and its key components:

Key Components of Data Serving
1. Data Warehousing

o Description: Data warehouses are centralized repositories that store large volumes
of structured data optimized for query performance.

o Tools: Amazon Redshift, Google BigQuery, Snowflake, Microsoft Azure Synapse.

2. Data Lakes

o Description: Data lakes store raw and processed data in its native format, allowing
for flexible analysis of both structured and unstructured data.

o Tools: Amazon S3, Azure Data Lake Storage, Google Cloud Storage, Apache
Hadoop.

3. Data Marts

o Description: Data marts are subsets of data warehouses tailored to specific
business lines or departments, providing focused data access for targeted analysis.

o Tools: Typically built using data warehouse tools with additional partitioning and
segmentation.

Data Serving Mechanisms
1. APIs (Application Programming Interfaces)

o Description: APIs provide programmatic access to data, allowing applications to
query and retrieve data dynamically.

o Tools: RESTful APIs, GraphQL, OData.
2. SQL Query Interfaces

o Description: SQL interfaces allow users to query data directly from databases or
data warehouses using SQL.

o Tools: SQL clients, SQL workbenches, database management systems.

3. Business Intelligence (BI) Tools




o Description: Bl tools enable users to create dashboards, reports, and visualizations
to interact with data and derive insights.

o Tools: Tableau, Power BI, Looker, Qlik.

4. Data Services

o Description: Data services provide preprocessed data ready for analysis or
application use, often through batch jobs or data feeds.

o Tools: Managed data services, ETL/ELT pipelines.

Security

Security is a fundamental aspect of the data engineering life cycle, ensuring that data is protected
at every stage from ingestion to storage, transformation, and serving. Here's how security is
integrated throughout each phase of the data engineering life cycle:

1. Requirement Analysis

Data Sensitivity Assessment: Identify the sensitivity and regulatory requirements of the
data to determine appropriate security measures.

Security Requirements: Define security requirements and policies based on data
sensitivity, regulatory needs, and organizational policies.

2. Architecture Design

Secure Architecture Design: Design a data architecture that includes security measures
such as encryption, access controls, and network segmentation.

Compliance Framework: Ensure the architecture complies with relevant regulations and
standards (e.g., GDPR, HIPAA).

3. Data Ingestion

Secure Data Transfer: Use secure protocols (e.g., HTTPS, TLS) to transfer data from
source systems to data pipelines.

Access Controls: Implement access controls to restrict who can ingest data and monitor
data ingress for any anomalies.

Data Validation: Validate data at the point of ingestion to ensure it meets quality and
security standards.

4. Data Transformation

Data Masking: Mask sensitive data during transformation processes to protect it from
unauthorized access.




e Secure Processing: Ensure data transformation processes are performed in secure
environments with proper access controls.

o Audit Logging: Keep logs of data transformations for auditing and compliance purposes.
5. Data Storage and Management

e Encryption at Rest: Encrypt data stored in databases, data warehouses, and data lakes to
protect it from unauthorized access.

e Access Management: Implement role-based access control (RBAC) to limit access to
stored data based on user roles and responsibilities.

o Backup and Recovery: Ensure regular backups of data and have disaster recovery plans in
place.

6. Data Quality Assurance

« Data Validation: Validate data for accuracy and completeness to ensure it meets quality
standards and is free from malicious tampering.

e Monitoring and Auditing: Continuously monitor data quality and keep audit logs to
detect and investigate any suspicious activities.

7. Data Security and Compliance

e Compliance Monitoring: Continuously monitor data practices to ensure compliance with
regulations and standards.

o Data Privacy: Implement data privacy measures to protect personally identifiable
information (PII) and other sensitive data.

e Incident Response: Develop and maintain an incident response plan to quickly address
and mitigate security incidents.

8. Performance Monitoring

e Security Monitoring: Monitor data pipelines and systems for security threats and
vulnerabilities.

o Alerting: Set up alerting mechanisms to notify the relevant teams of any security breaches
or unusual activities.

9. Maintenance and Optimization

e Regular Updates: Keep systems and software up-to-date with the latest security patches
and updates.




o Security Audits: Conduct regular security audits and vulnerability assessments to identify
and address potential security risks.

o Optimization: Ensure that optimizations do not compromise security protocols.
Data management

Data management is a comprehensive discipline that involves the administration of data as a
valuable resource throughout its lifecycle. Let's delve into each aspect in detail:

1. Data Governance

Definition: The framework that ensures data is managed properly and meets organizational
policies and compliance requirements.

o Data Stewardship: Assigning responsibility for data management to specific individuals.

o Policies and Standards: Developing and enforcing data management policies and
standards.

« Compliance: Ensuring adherence to regulations like GDPR, HIPAA, and CCPA.
« Data Quality Metrics: Defining and monitoring metrics for data quality.
2. Data Architecture

Definition: The design and structure of an organization's data assets and data management
resources.

« Data Modeling: Creating data models to define the structure and relationships of data.
o Database Design: Structuring databases for efficient storage and retrieval.

o Storage Solutions: Selecting appropriate storage solutions (e.g., relational databases,
NoSQL databases, data warehouses, data lakes).

3. Data Integration

Definition: The process of combining data from different sources to provide a unified view.
o ETL Processes: Extracting, transforming, and loading data into a central repository.
« Real-Time Integration: Integrating data in real-time for immediate use.

o Data Virtualization: Creating a virtual layer that allows users to access and query data
without moving it.

4. Data Quality

Definition: Ensuring data is accurate, consistent, complete, and reliable.




Data Profiling: Analyzing data to understand its structure and content.
Data Cleansing: Correcting errors, removing duplicates, and standardizing data.

Data Validation: Ensuring data meets predefined quality criteria.

5. Data Security

Definition: Protecting data from unauthorized access and breaches.

Encryption: Encrypting data at rest and in transit.

Access Controls: Implementing role-based access controls (RBAC) to limit who can
access data.

Data Masking: Obscuring sensitive data to protect it from unauthorized access.

Compliance: Adhering to data protection regulations.

6. Data Storage and Management

Definition: Efficiently and securely storing and managing data.

Database Management: Administering databases to ensure performance, availability, and
security.

Data Warehousing: Storing and managing large volumes of historical data for analysis.
Data Lakes: Storing raw and processed data in its native format for flexibility in analysis.

Backup and Recovery: Ensuring data is regularly backed up and can be restored in case
of data loss.

7. Data Access and Usage

Definition: Making data available and usable for decision-making and analysis.

Self-Service Bl Tools: Providing tools like Tableau, Power Bl, and Looker for users to
analyze data.

Data Cataloging: Creating an inventory of available data assets for easy discovery and
access.

APIs: Providing programmatic access to data through APIs.

8. Data Lifecycle Management

Definition: Managing data from creation to disposal to ensure it is properly handled throughout its
lifecycle.




« Data Retention Policies: Defining how long data should be kept based on legal and
business requirements.

e Archiving: Storing infrequently accessed data in a secure and cost-effective manner.
o Data Disposal: Securely disposing of data that is no longer needed.
9. Metadata Management
Definition: Managing metadata to provide context and meaning to data.
o Metadata Repositories: Storing metadata in a centralized repository.
o Data Lineage: Tracking the origin, movement, and transformation of data.
10. Data Quality

Definition: Ensuring data is accurate, consistent, complete, and reliable for analysis and decision-
making.

o Data Validation: Regularly validating data to ensure it meets quality standards.
« Data Cleansing: Correcting errors, removing duplicates, and standardizing data.

« Monitoring and Reporting: Continuously monitoring data quality and reporting any
issues.

11. Data Analytics and Visualization
Definition: Analyzing data to derive insights and presenting it in a visual format.
e Analytical Tools: Using tools like SQL, Python, R, and Excel for data analysis.

e Visualization Tools: Creating dashboards and reports using tools like Tableau, Power Bl,
and Looker.

DataOps

(Data Operations) is a comprehensive framework that focuses on improving the collaboration,
integration, and automation of data flows across an organization to deliver high-quality data and
analytics more efficiently. Here's a detailed overview of DataOps and its components:

Core Principles of DataOps

1. Agility: Using agile methodologies to manage data projects, allowing for rapid iterations
and continuous improvement.

2. Collaboration: Encouraging collaboration between data engineers, data scientists,
analysts, IT operations, and business stakeholders.




3. Automation: Automating repetitive tasks, data pipelines, and workflows to increase
efficiency and reduce errors.

4. Continuous Integration/Continuous Deployment (CI/CD): Applying CI/CD practices to
data management and analytics to ensure frequent updates and deployments.

5. Monitoring and Testing: Continuously monitoring data pipelines and systems for
performance and quality, and implementing automated testing.

6. Data Governance: Ensuring data governance, security, and compliance with relevant
regulations and standards.

7. Scalability: Designing systems that can scale to handle increasing data volumes and
complexity.

Key Components of DataOps
1. Data Pipelines:

o Design: Creating scalable and resilient data pipelines for data ingestion,
transformation, and loading (ETL/ELT).

o Automation: Implementing automation tools to streamline pipeline management
and reduce manual intervention.

2. Collaboration Tools:

o Version Control: Using version control systems (e.g., Git) to manage code and
data pipeline configurations.

o Collaboration Platforms: Utilizing collaboration platforms (e.g., Jira, Confluence)
for project management and documentation.

3. CIl/CD for Data:

o Continuous Integration: Automatically integrating changes to data pipelines,
models, and configurations, and running automated tests.

o Continuous Deployment: Deploying changes to production environments
frequently and reliably.

4. Data Quality and Testing:

o Data Validation: Implementing automated data validation checks to ensure data
quality.

o Automated Testing: Using test frameworks to automate testing of data pipelines,
transformations, and analytics.




5. Monitoring and Alerting:

o

Real-Time Monitoring: Continuously monitoring data pipelines, systems, and
analytics for performance and anomalies.

Alerting: Setting up alerting mechanisms to notify relevant teams of any issues or
failures.

6. Data Governance and Security:

o

Compliance: Ensuring data practices comply with regulations (e.g., GDPR,
HIPAA).

Access Control: Implementing role-based access control (RBAC) to secure data
and ensure proper access.

7. Analytics and Visualization:

o

Self-Service Analytics: Empowering users with self-service analytics tools to
access and analyze data.

Visualization Tools: Creating dashboards and reports using tools like Tableau,
Power Bl, and Looker.

Implementing DataOps

1. Define Objectives: Clearly define the objectives and goals of implementing DataOps in
your organization.

2. Build Cross-Functional Teams: Form cross-functional teams that include data engineers,
data scientists, analysts, and business stakeholders.

3. Automate Data Pipelines: Use automation tools and frameworks to streamline data
ingestion, transformation, and loading processes.

4. Adopt CI/CD Practices: Implement CI/CD practices for data management and analytics
to ensure frequent and reliable deployments.

5. Implement Monitoring and Testing: Set up monitoring and automated testing to ensure
data quality, performance, and reliability.

6. Foster Collaboration: Use collaboration tools and platforms to facilitate communication
and teamwork across different functions.

7. Ensure Data Governance: Establish data governance frameworks to ensure data security,
compliance, and proper management.

e Collaboration and Project Management: Jira, Confluence, Slack




o Data Governance: Collibra, Alation

Data Architecture

Data architecture is the foundation that enables the efficient collection, storage, management,
and utilization of data within an organization. It involves the design and structure of data
systems to support data flow and processing. Let's outline a typical data architecture with its
components and an accompanying diagram.
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Components in Data Architecture Diagrams

Data architecture typically consists of several key components, each playing a crucial role in
the effective management and utilization of data. These components include:

1. Data Sources:




Internal Sources: Databases, data warehouses, and data lakes within the
organization.

External Sources: Data from external databases, APIs, social media, third-party
providers, and other outside systems.

2. Data Ingestion:

ETL (Extract, Transform, Load): Processes for extracting data from various
sources, transforming it to fit operational needs, and loading it into a destination
system.

ELT (Extract, Load, Transform): Similar to ETL but with transformation occurring
after the data is loaded into the data warehouse.

3. Data Processing:

Batch Processing: Handling large volumes of data at scheduled intervals.

Stream Processing: Real-time processing of data as it is generated.

4, Data Storage:

Databases: Relational (SQL) and non-relational (NoSQL) databases for structured
and unstructured data.

Data Warehouses: Central repositories for integrated data from multiple sources,
optimized for querying and analysis.

Data Lakes: Large storage repositories that hold vast amounts of raw data in its
native format until needed.

5. Data Integration:

Data Consolidation: Combining data from different sources into a unified format.

Data Federation: Providing a unified view of data from disparate sources without
physically consolidating it.

Data Virtualization: Abstracting the technical details of data management to provide
a user-friendly view.

6. Data Management:

Data Governance: Policies, procedures, and standards for managing data quality,
privacy, security, and compliance.

Data Quality: Ensuring accuracy, consistency, and reliability of data.

Master Data Management (MDM): Processes and tools to manage an organization's
critical data, providing a single point of reference.

7. Data Consumption:




Business Intelligence (Bl) Tools: Tools for analyzing data and generating reports,
dashboards, and visualizations.

Data Analytics: Techniques for extracting insights from data, including statistical
analysis, machine learning, and predictive modeling.

Data APIs: Interfaces that allow applications to access data programmatically.

8. Data Security:

Access Control: Mechanisms to ensure that only authorized users can access certain
data.

Encryption: Protecting data at rest and in transit using cryptographic methods.

Data Masking: Obscuring sensitive data to protect it from unauthorized access.

Types of Data Architecture Diagrams

There are several types of data architecture diagrams, each focusing on a specific aspect of
the data ecosystem. Here are some common ones:

High-Level Data Architecture Diagram: This provides a broad overview of the
entire data landscape, including data sources, data warehouses, data lakes, data
processing tools, and analytics platforms.

Data Flow Diagram: This focuses on the movement of data between different
systems and applications. It shows the origin, transformation, and destination of data
throughout the data pipeline.

Conceptual Data Model (CDM): This diagram illustrates the entities, attributes, and
relationships within a specific data domain. It helps define the logical structure of the
data without specifying a specific database technology.

Logical Data Model (LDM): This refines the CDM by specifying the data types,
constraints, and relationships within a chosen database management system.

Physical Data Model (PDM): This is the most detailed level, outlining the actual
table structures, columns, and data types used in the physical database
implementation.




Orchestration

Orchestration in data engineering involves coordinating and automating the execution of data
pipelines, workflows, and processes to ensure they run smoothly and efficiently. It ensures that
data processing tasks are executed in the correct sequence, dependencies are managed, and failures
are handled appropriately. Here are the key aspects of orchestration:

Key Aspects of Orchestration
1. Workflow Scheduling

o Scheduling the execution of data workflows and pipelines at specific times or
intervals.

o Ensuring that tasks run in the correct order based on dependencies.
2. Dependency Management

o Managing dependencies between tasks to ensure that they are executed in the
correct sequence.

o Handling complex dependencies where tasks are dependent on the completion of
multiple other tasks.

3. Error Handling and Recovery

o Implementing mechanisms to detect and handle errors or failures in the data
pipelines.

o Automatically retrying failed tasks and implementing recovery procedures.
4. Monitoring and Alerts

o Continuously monitoring the execution of workflows and pipelines to ensure they
are running as expected.

o Setting up alerts to notify relevant teams of any issues or failures.
5. Scalability

o Ensuring that the orchestration system can scale to handle increasing volumes of
data and complex workflows.

o Optimizing resource allocation to improve performance and efficiency.

6. Version Control




o Managing versions of workflows and pipelines to track changes and ensure
reproducibility.

o Rolling back to previous versions if needed.
Popular Orchestration Tools
1. Apache Airflow

o An open-source platform to programmatically author, schedule, and monitor
workflows.

o Provides a user-friendly interface to visualize workflows and track their progress.
2. Prefect
o A workflow orchestration tool that emphasizes ease of use and scalability.
o Provides a hybrid execution model to run tasks locally or in the cloud.
3. Luigi
o A Python module that helps build complex pipelines of batch jobs.
o Focuses on dependency resolution and handling long-running processes.
4. Dagster
o An orchestration platform for building and managing data pipelines.
o Emphasizes data-driven testing and monitoring.
5. Google Cloud Composer
o A fully managed workflow orchestration service built on Apache Airflow.
o Provides seamless integration with Google Cloud services.
6. Azure Data Factory

o A cloud-based data integration service that allows you to create, schedule, and
orchestrate data workflows.

o Provides a visual interface to design data workflows and integrate with various data
sources.




Software Engineering

Software engineering is a systematic and disciplined approach to the development, operation, and
maintenance of software. It combines engineering principles with computer science to design,
develop, test, and maintain software applications efficiently and effectively.

Key Areas of Software Engineering
1. Requirements Engineering:

o Requirement Gathering: Collecting information about what the software should
do from stakeholders.

o Requirement Analysis: Analyzing and refining the collected requirements.

o Requirement Specification: Documenting the requirements in a clear and precise
manner.

2. Software Design:

o Architectural Design: Defining the overall structure of the software, including
components and their interactions.

o Detailed Design: Describing the internal structure and behavior of each
component.

3. Development:

o Programming Languages: Writing code using languages like Python, Java, C++,
etc.

o Coding Standards: Following best practices and guidelines to write clean,
maintainable code.

4. Testing:
o Unit Testing: Testing individual components to ensure they work as expected.
o Integration Testing: Testing the interaction between different components.
o System Testing: Testing the complete system to ensure it meets the requirements.

o Acceptance Testing: Verifying that the software is ready for deployment and use
by the end-users.




5. Deployment:

o Deployment Planning: Preparing for the release of the software, including
infrastructure setup.

o Release Management: Managing the process of deploying new versions of the
software.

6. Maintenance:

o Corrective Maintenance: Fixing bugs and issues discovered after deployment.

o Adaptive Maintenance: Modifying the software to adapt to changes in the
environment or requirements.

o Perfective Maintenance: Enhancing the software to improve performance or
maintainability.

o Preventive Maintenance: Making changes to prevent future issues.

Software Development Life Cycle (SDLC)

The SDLC is a framework that defines the process followed to develop software. Common SDLC
models include:

Waterfall Model: A linear and sequential approach where each phase must be completed
before moving to the next.

Agile Model: An iterative and incremental approach that emphasizes flexibility and
collaboration.

Scrum: A specific Agile framework that uses short development cycles called sprints.

DevOps: A combination of development and operations practices to shorten the
development life cycle and deliver continuous updates.

Methodologies and Practices

Agile Development: Focuses on iterative development, collaboration, and adaptability.
DevOps: Integrates development and operations to improve collaboration and efficiency.

Continuous Integration/Continuous Deployment (CI1/CD): Automates the process of
integrating code changes and deploying them to production.

Test-Driven Development (TDD): Writing tests before writing the code to ensure
functionality.

Tools and Technologies




e Version Control Systems: Tools like Git and GitHub for managing code changes.

e Integrated Development Environments (IDEs): Software like Visual Studio Code and
IntelliJ IDEA for writing and debugging code.

e Build Automation Tools: Tools like Jenkins and Maven for automating the build process.
e Testing Frameworks: Tools like JUnit and Selenium for automating testing.
Careers in Software Engineering
« Front-End Developer: Focuses on the user interface and user experience.
o Back-End Developer: Works on server-side logic, databases, and APIs.
o Full-Stack Developer: Combines front-end and back-end development skills.

« DevOps Engineer: Manages the infrastructure and ensures smooth deployment of
software.

e Quality Assurance (QA) Engineer: Tests the software to ensure it meets quality
standards.

« Software Architect: Designs the overall structure and architecture of software systems.
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UNIT-1
DESIGNING GOOD DATA ARCHITECTURE

Designing Good Data Architecture: Enterprise Architecture, Data Architecture, Principles of Good
Data Architecture, Major Architecture Concepts.

Data Generation in Source Systems: Sources of Data, Files and Unstructured Data, APIs, Applicatiq
Databases (OLTP), OLAP, Change Data Capture, Logs, Database Logs, CRUD, Source System Practi
Details.

Enterprise Architecture (EA)

Enterprise Architecture (EA) is a strategic framework that aligns an organization’s business
strategy, processes, data, applications, and technology to improve efficiency and achieve
business goals. It provides a structured approach to managing complexity, optimizing IT
investments, and driving digital transformation.

Components of Enterprise Architecture

EA is typically divided into four primary domains:

® Business

Data

Application

Technology

A. Business Architecture
o Defines the organization’s structure, strategy, processes, and capabilities.
e Ensures alignment between business objectives and IT.
o Examples: Business capability modeling, value stream mapping.

B. Data Architecture

o Governs data storage, security, and accessibility across the organization.




o Ensures data integrity, consistency, and interoperability.
o Examples: Data lakes, master data management (MDM).
C. Application Architecture
o Defines software applications, their interactions, and how they support business functions.
e Helps in rationalizing application portfolios and eliminating redundancies.
o Examples: ERP, CRM, microservices architecture.
D. Technology Architecture
o Covers IT infrastructure, networks, cloud solutions, and security frameworks.
« Ensures reliability, scalability, and compliance with standards.

o Examples: Cloud computing, DevOps, cybersecurity models.
Enterprise Architecture Frameworks

Organizations use EA frameworks to structure and guide their architecture initiatives. Some
widely used frameworks include:

A. TOGAF (The Open Group Architecture Framework)
e One of the most widely used EA frameworks.
e Provides a structured methodology (Architecture Development Method — ADM).
« Focuses on iterative improvements and best practices.
B. Zachman Framework
« A classification framework that provides a structured approach to EA.

o Uses a matrix-based approach to define various perspectives (Who, What, When, Where,
Why, How).

C. Federal Enterprise Architecture Framework (FEAF)
« Developed for U.S. government agencies but applicable to large enterprises.
« Focuses on standardization, efficiency, and governance.

D. Gartner EA Framework
e A business-driven EA approach.

e Focuses on continuous adaptability and digital transformation.




Data architecture

Data architecture is the structural design framework that governs how data is collected, stored,
processed, and utilized in an organization. It plays a vital role in enabling efficient data
management and supporting decision-making processes. Here's a comprehensive look at the
various elements and their significance in a data architecture:

Components of Data Architecture
1. Data Sources:

o The origin of data, such as databases, APIs, web applications, 10T devices, or
manually collected data.

o Includes structured (e.g., relational databases) and unstructured data (e.g., images,
videos).

2. Data Storage:
o Platforms used to store data securely and efficiently.
o Common systems include:
= Data Warehouses: Designed for structured and analytical data.
= Data Lakes: Store raw, unstructured, and semi-structured data.
= Cloud Storage: Allows scalability and remote access to data repositories.
3. Data Integration:
o Ensures data from multiple sources is harmonized for consistency.

o Methods like ETL (Extract, Transform, Load) and ELT (Extract, Load,
Transform) are used.

o Integration tools connect systems such as CRM, ERP, and external data sources.
4. Data Modeling:
o Defines the structure of data through conceptual, logical, and physical models.
= Conceptual Models: High-level design, focusing on the business's needs.
= Logical Models: Focused on data relationships and attributes.
= Physical Models: The actual implementation of how data is stored.

5. Data Governance:




o Policies and frameworks to maintain:
= Data quality.
= Compliance with legal and privacy standards (e.g., GDPR, HIPAA).
= Security protocols for data access and usage.
Data Processing and Analytics:
o Utilizes computational frameworks to process and analyze raw data.

o Technologies like Hadoop, Apache Spark, and machine learning tools play key
roles.

o Supports real-time or batch processing.
Data Visualization and Reporting:

o Tools like Power BI, Tableau, or Looker display data in dashboards and reports for
decision-making.

Data Security and Privacy:

o Protects data integrity and prevents unauthorized access.

o Includes encryption, authentication protocols, and secure storage practices.
Scalability and Performance:

o Ensures the architecture can handle increasing data volume and processing
demands.

o Implements distributed systems and cloud-based solutions.

Importance of Data Architecture

Efficiency: Optimized data flow and access improve operational efficiency.
Decision-Making: High-quality and well-structured data provide actionable insights.
Compliance: Ensures adherence to legal requirements for data privacy and protection.

Integration: Bridges silos in data systems, ensuring all stakeholders have access to unified
information.

Principles of Good Data Architecture

Good data architecture is founded on principles that ensure data is managed efficiently, securely,
and effectively supports the organization’s goals. Here are the key principles:




1. Scalability

The architecture should be designed to accommodate increasing data volumes and user
demands without performance issues.

It should support both horizontal (adding more systems) and vertical (upgrading existing
systems) scalability.

2. Flexibility and Adaptability

The design should be adaptable to changing business needs, technologies, and data
formats.

It should support structured, semi-structured, and unstructured data.

3. Data Integrity and Quality

Ensure data accuracy, consistency, and reliability across systems.

Implement validation rules, deduplication processes, and regular quality checks.

4. Interoperability

The architecture should enable seamless integration and communication between various
tools, platforms, and technologies.

e Support for standard protocols and APIs is essential.
5. Data Security and Privacy

Protect data from unauthorized access, breaches, and corruption.

Comply with legal and regulatory requirements (e.g., GDPR, HIPAA).
o Use encryption, role-based access, and regular audits.

6. Data Governance

Clear policies and frameworks should be established for data ownership, stewardship, and
usage.

Ensure accountability and transparency in how data is managed.

7. Performance Optimization

Ensure data processing, querying, and storage operations are optimized for speed and
efficiency.

Monitor and tune performance regularly to meet SLAs (Service Level Agreements).

8. Accessibility




« Data should be accessible to authorized users while maintaining security.
o Use user-friendly tools and interfaces to enable business users to derive insights.
9. Reusability

« Design reusable components, such as data models, pipelines, and APIs, to save time and
resources.

e Promote a modular approach to architecture design.
10. Documentation and Standardization
« Maintain comprehensive documentation of data flows, models, and integration processes.
o Establish and follow standard naming conventions, formats, and processes.
11. Cost Efficiency
o Optimize resources to minimize costs while maintaining performance and reliability.

o Leverage cost-effective storage and processing solutions, such as cloud platforms.

Major Architecture Concepts.

1. Layered Architecture

o Data is organized into distinct layers (e.g., ingestion, storage, processing, presentation) to
improve modularity and efficiency.

o This separation of concerns allows for better scalability, performance, and maintenance.
2. Centralized and Decentralized Systems

o Centralized Architecture: A single location or system for managing all data. Simplifies
governance but may have scalability limitations.

o Decentralized Architecture: Data is distributed across systems or domains (e.g., data
mesh). Enhances flexibility and scalability.

3. API-Driven Architecture

e Systems communicate through well-defined APIs, enabling integration between various
components and external applications.

o Ensures interoperability and facilitates microservices architecture.

4. Event-Driven Architecture




o Systems react to real-time events as they occur, rather than relying on batch processing.
 ldeal for dynamic systems like online notifications or 10T data streams.

5. Microservices Architecture

« Breaks down applications into smaller, independent services, each responsible for a
specific function.

« Promotes scalability, faster development cycles, and easier maintenance.
6. Data Modeling
o Logical design of how data is stored, structured, and related.
o Conceptual Models: Focus on business concepts.
o Logical Models: Define relationships and structure.
o Physical Models: Actual implementation details.
7. Cloud-Based Architecture
o Leverages cloud platforms for data storage, processing, and analytics.
« Provides scalability, elasticity, and cost efficiency.
8. Real-Time vs. Batch Processing
o Batch Processing: Processes data at scheduled intervals for large datasets.

Real-Time Processing: Processes data immediately as it's generated, enabling instant

insights.
9. Data Governance Framework

Ensures that data is accurate, secure, and complies with legal and privacy standards (e.g.,
GDPR).

« Includes policies for data ownership, access, and usage.

Data Generation in Source Systems

Data generation in source systems refers to the process by which data is created, collected,
and stored before being ingested into data pipelines for processing and analysis. The primary
sources of data include structured databases, semi-structured data sources (like APIs and
logs), and unstructured data (such as files, images, and videos).




Sources of Data
Data can originate from multiple sources, broadly categorized into:

1. Operational Databases:

o These are transactional databases such as PostgreSQL, MySQL, MongoDB,
and Oracle, used by applications to store business transactions.

o Example: A retail store's point-of-sale (POS) system records sales transactions
in a PostgreSQL database.

2. Enterprise Applications (ERP, CRM, HRMS, etc.):

o Enterprise Resource Planning (ERP) systems like SAP, Oracle ERP, and
Microsoft Dynamics generate data about business operations.

o Customer Relationship Management (CRM) tools like Salesforce and
HubSpot store customer interactions, sales, and marketing data.

3. 10T Devices and Sensors:

o Smart devices and 10T sensors generate continuous streams of data related to
temperature, location, pressure, humidity, etc.

o Example: A fleet of delivery trucks equipped with GPS sensors sends location
updates every few seconds.

4. Web & Mobile Applications:

o Websites, mobile apps, and digital services generate clickstream data, user
behavior logs, and event data.

o Example: A mobile banking app records user transactions, login times, and
device details.

5. Social Media & Digital Platforms:

o Platforms like Twitter, Facebook, and LinkedIn generate massive volumes
of data, including user posts, likes, comments, and interactions.

o Example: A brand monitors social media mentions to analyze customer
sentiment.

Files and Unstructured Data

Unstructured data does not follow a predefined format and is more challenging to process
than structured data. Examples include text documents, images, videos, and logs.

Types of Files and Unstructured Data Sources:

1. Flat Files (CSV, JSON, XML, Excel, Parquet, Avro)

o These are structured or semi-structured files used to store and exchange data.




o Example: A retail company stores sales data in CSV files before loading it into
a database.

2. Logs & Event Data

o Applications and systems generate logs for debugging, monitoring, and
security analysis.

o Example: Apache web server logs contain IP addresses, request URLS, and
timestamps.

3. Multimedia Files (Images, Videos, Audio, PDFs, etc.)

o Media companies generate large amounts of images and videos for content
streaming.

o Example: A security system captures CCTV footage and stores it for future
reference.

4. Emails and Chat Messages

o Customer service systems store customer inquiries and support tickets from
emails and chats.

o Example: An e-commerce business extracts insights from customer complaints
in emails.

5. Machine-Generated Data (Scientific Data, Satellite Data, etc.)

o Scientific research organizations store climate data, medical images, and
astronomical observations.

o Example: NASA’s satellites collect climate data and store it in large datasets.

APIs as Data Sources

Application Programming Interfaces (APIs) allow different systems to communicate and
exchange data in real time.

Types of APIs:

1. REST APIs (Representational State Transfer)

o The most common type of API, which exchanges data using HTTP methods
like GET, POST, PUT, DELETE.

o Example: A stock market application retrieves real-time stock prices via a
REST API.

2. SOAP APIs (Simple Object Access Protocol)

o A more structured but heavier API format, often used in financial and
enterprise systems.

o Example: A banking system uses SOAP APIs for secure money transfers.




3. GraphQL APIs

o Aflexible API type where users specify the exact data they need.

o Example: A mobile app fetches user profiles using a GraphQL API.
4. Streaming APIs (WebSockets, Kafka, MQTT, etc.)

o Used for real-time data exchange.

o Example: A cryptocurrency exchange provides live price updates using
WebSockets.

Application Databases (OLTP)

Application Databases (OLTP) refer to systems designed for managing real-time,
transactional data that supports day-to-day business operations. These databases focus on
speed, accuracy, and reliability for online transaction processing (OLTP).

OLTP (Online Transaction Processing)
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OLAP (Online Analytical Processing)

Characteristics
1. Real-Time Data Processing:

o OLTP systems are optimized for handling a high volume of short, atomic
transactions (e.g., orders, payments).

2. High Availability:

o Designed to minimize downtime, ensuring 24/7 operation to meet critical business
needs.

3. Concurrency:




o Supports multiple users performing read and write operations simultaneously
without conflicts.

4. Data Consistency:

o Adheres to the ACID properties:

= Atomicity: Transactions are either fully completed or not executed at all.

= Consistency: Ensures database integrity before and after transactions.
= Isolation: Transactions don’t interfere with each other.

= Durability: Data is preserved even in case of system failures.

5. Small, Simple Queries:

o Handles quick, individual operations (e.g., retrieving, updating, or deleting single

records).
Examples of OLTP Systems

1. Retail and E-Commerce Platforms:
o Transactional systems for managing orders, inventory, and payments.
o Example Databases: MySQL, PostgreSQL.

2. Banking and Financial Systems:
o Processing account transactions, fund transfers, and ATM operations.
o Example Databases: Oracle Database, Microsoft SQL Server.

3. Customer Relationship Management (CRM):
o Managing customer records, inquiries, and support interactions.

4. Enterprise Resource Planning (ERP):

o Business operations, such as supply chain and production data, rely on OLTP
systems.

Components of an OLTP System
1. Application Layer:

o Interfaces like web applications or mobile apps for interacting with users.

2. Database Layer:




o The backend storage system where transactional data is processed and stored.
3. Transaction Management:
o Ensures ACID compliance for smooth operation and data integrity.
Advantages
e Speed: Designed for fast query responses.
« Reliability: Strong data consistency ensures critical business operations are accurate.

o Scalability: Can support growing user bases and transaction volumes.

OLAP (Online Analytical Processing)

OLAP (Online Analytical Processing) is a technology used for analyzing and querying large
volumes of multidimensional data. It is primarily designed to support complex analytical queries,
enabling businesses to make data-driven decisions efficiently.
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Characteristics of OLAP
1. Multidimensional Analysis:

o OLAP organizes data into multidimensional structures called cubes, which allow
users to analyze data from different perspectives (e.g., time, region, product).

2. Aggregated Data:

o Datais pre-aggregated and summarized to enhance query performance for
analytical purposes.

3. Complex Queries:




o

Supports advanced operations like slicing, dicing, drilling down, rolling up, and
pivoting, which are crucial for data exploration.

4. Read-Optimized:

o

OLAP systems prioritize fast retrieval of data over frequent updates, making them
ideal for analytics and reporting.

5. Hierarchical Dimensions:

o

Data dimensions often have hierarchies (e.g., Year — Quarter — Month — Day)
that allow analysis at various levels of detail.

Types of OLAP

1. MOLAP (Multidimensional OLAP):

o

o

Uses specialized multidimensional databases for storing pre-aggregated data.

Very fast for read operations but requires significant storage.

2. ROLAP (Relational OLAP):

o

o

Operates on relational databases and performs computations during queries.

Scales well for large datasets but may be slower than MOLAP.

3. HOLAP (Hybrid OLAP):

o

Combines MOLAP and ROLAP, storing summarized data in multidimensional
databases while keeping detailed data in relational databases.

Applications of OLAP

e Business Intelligence:

o

Used to generate dashboards and reports for monitoring business performance.

e Financial Analysis:

@)

Enables budgeting, forecasting, and profitability analysis.

« Sales and Marketing:

o

Helps in understanding customer behavior and market trends.

e Supply Chain Management:

o

Supports inventory optimization and demand forecasting.

What is Change Data Capture (CDC)?




CDC is a process for identifying and capturing changes (like adding, updating, or deleting records)
in one database and applying those changes to another system. It's a crucial part of building real-
time or near real-time data pipelines and is especially useful when you need fresh data for
analytics or reporting.

How CDC Works :
1. Detect Changes:

o The CDC system continuously monitors the source database to detect any changes.
These could be:

= Insertions: New records added.
= Updates: Existing records modified.
= Deletions: Records removed.

2. Capture Changes:

o Once changes are detected, they are captured as "events" and formatted for easier
use.

o For example, if a customer updates their phone number, the CDC system will
record it as: Event: Update, Table: Customers, Column: Phone, Old: 1234, New:
5678.

3. Store Changes:

o The captured changes are saved in a change log or stream, so they can be processed
and sent to other systems.

4. Transfer Changes:

o These change events are then sent to downstream systems (e.g., data warehouses,
data lakes, or analytics tools) for further processing or analysis.

5. Apply Changes:

o The downstream system applies the changes, ensuring it stays synchronized with
the source database.

Why CDC is Important

o Efficiency: Instead of transferring the entire dataset repeatedly, CDC tracks just the
changes, saving time and system resources.

e Real-Time Data: It enables businesses to work with the most up-to-date information,
critical for real-time analytics and decision-making.




« Data Consistency: It helps maintain consistency between the source and target systems,
which is essential for data integrity.

Logs

Logs in the context of data engineering are records or files that capture information about events,
operations, or changes occurring in a system or database. They serve as a vital tool for tracking,
analyzing, and troubleshooting activities in various systems.

Types of Logs
1. Transaction Logs:

o These logs store a history of all the changes made to a database, including inserts,
updates, and deletes.

o Often used for Change Data Capture (CDC), replication, and recovery.
2. Application Logs:

o Record the operations or activities happening within an application, like user
actions or system interactions.

o Useful for debugging and monitoring performance.
3. System Logs:

o Contain information about system-level operations, such as hardware errors,
network activities, and operating system events.

o Helpful for troubleshooting hardware and software issues.

4. Access Logs:
o Keep track of who accessed the system and what operations were performed.
o Vital for security audits and identifying unauthorized access.

5. Error Logs:
o Record errors and exceptions that occur in a system or application.
o Essential for debugging and improving reliability.

How Logs Are Used in Data Engineering
1. Monitoring and Troubleshooting:

o Logs provide detailed insights into how systems are behaving, allowing engineers
to detect and resolve issues quickly.




2. Real-Time Data Processing:

o Logs can be streamed to systems like Apache Kafka or Elasticsearch for real-time
analytics.

3. Data Recovery:
o Transaction logs help restore databases to their previous state after failures.
4. Auditing and Compliance:

o Access and activity logs are crucial for meeting regulatory requirements and
ensuring security.

Database Logs

Database Logs are specialized records maintained by a database system to track changes, events,
and activities within the database. They serve as a critical tool for ensuring data integrity,
supporting recovery processes, and analyzing system performance.

Types of Database Logs
1. Transaction Logs:
o Record all database transactions, such as inserts, updates, and deletes.
o Ensure data consistency and enable rollback or recovery in case of failures.
2. Redo Logs:

o Contain information to redo or reapply changes made by a transaction, useful
during crash recovery.

o Common in databases like Oracle and MySQL.
3. Undo Logs:
o Store the old state of data before changes are made.
o Used to roll back incomplete or failed transactions.
4. Audit Logs:
o Track user activities, such as login attempts, data access, or modifications.
o Help maintain security and compliance.

5. Error Logs:




o Capture error messages, warnings, and unusual system behavior.
o Useful for troubleshooting database issues.
6. General Query Logs:
o Maintain a history of all executed queries, both successful and failed.
o Help in optimizing database queries and performance.
Functions of Database Logs
1. Data Recovery:

o In case of a crash or unexpected failure, logs enable the database to recover to its
last stable state by redoing or undoing transactions.

2. Performance Analysis:
o Logs provide insights into query performance, database usage, and bottlenecks.
3. Auditing and Monitoring:

o Maintain a record of who did what and when, which is essential for security and
compliance.

4. Synchronization:

o Logs are used for database replication, Change Data Capture (CDC), and keeping
multiple systems in sync.

How Database Logs are Used
1. Crash Recovery:

o Inthe event of a system failure, the database uses transaction logs to redo
committed transactions and undo incomplete ones.

2. Debugging:

o Error logs help identify and resolve issues with database operations.
3. Optimization:

o Query logs enable engineers to pinpoint slow queries and optimize them.
4. Data Pipelines:

o Logs are critical for CDC to capture and stream changes to other systems in real-
time.




Examples of Database Logs
e MySQL:
o Binary logs (binlog) for replication and recovery.
o Error logs for debugging issues.
e PostgreSQL.:
o Write-Ahead Logs (WAL) for transaction consistency and recovery.
e Oracle:
o Redo logs and undo tablespaces for crash recovery.
e SQL Server:

o Transaction logs for auditing and crash recovery.
CRUD

CRUD stands for Create, Read, Update, and Delete, which are the four basic operations that can
be performed on data in a database or a system. It's a fundamental concept in database
management and software development. Let me break it down:

1. Create: Adding new data or records to the system.
o Example: Adding a new user account to a database.
2. Read: Retrieving or viewing existing data.
o Example: Displaying a list of products from the database.
3. Update: Modifying or editing existing data.
o Example: Changing a user's email address in their profile.
4. Delete: Removing data or records from the system.
o Example: Deleting a user's account from the database.
CRUD Operations in Databases
These operations are mapped to SQL commands:
e Create — INSERT
e« Read — SELECT

« Update — UPDATE




e Delete - DELETE

CRUD is a foundational concept for designing and managing software systems, APIs, and
applications. Whether you're working on a web app or data pipelines, CRUD ensures efficient data
manipulation

Source System Practical Details

source system refers to the primary or original system where data originates. These are systems
that generate or store raw data, and this data is later extracted for use in data pipelines, reporting,
or analytics. Let’s cover some practical details about source systems:

Types of Source Systems
1. Transactional Databases:

o Systems like MySQL, PostgreSQL, or Oracle that store day-to-day business
transactions.

o Example: An e-commerce database that stores customer orders and payments.
2. Operational Systems:

o Applications like ERP (Enterprise Resource Planning) or CRM (Customer
Relationship Management) systems.

o Example: Salesforce for customer management or SAP for business operations.
3. Flat Files:

o Data stored in CSV, Excel, or text files on servers or cloud storage.

o Example: Daily sales data in a CSV file uploaded to an SFTP server.
4. APIs (Application Programming Interfaces):

o Systems that provide data access through REST or SOAP APIs.

o Example: A weather data API that provides real-time temperature readings.
5. Streaming Data:

o Real-time data from systems like IoT devices, logs, or message queues.

o Example: Sensor data collected from 10T devices in a factory.

Practical Details in Handling Source Systems

1. Connection:




o You need the right credentials, such as usernames, passwords, and endpoints, to
connect securely to source systems.

o Secure protocols like SSL(secure sockets layer)/TLS(transport layer security) are
often used for data transmission.

2. Data Extraction:
o Data is usually extracted using tools or techniques such as:
= SQL queries for databases.
= ETL tools like Talend, Informatica, or Apache Nifi.
= Direct API calls for systems exposing APIs.
3. Data Format:

o Understand the data formats (e.g., JSON, XML, CSV) that the source system
provides to ensure compatibility with downstream systems.

4. Data Quality:

o The quality of data in the source system is critical. Issues like missing values,
duplicates, or inconsistencies should be identified and resolved during data
extraction or transformation.

5. Data Volume:

o Source systems may produce large volumes of data. It’s important to account for
this when designing pipelines to handle scalability and performance.

6. Latency:

o Consider whether data is being pulled in real-time, near real-time, or in batches.
This depends on the system and the use case (e.g., real-time dashboards vs. daily
reports).
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UNIT-IV

STORAGE AND INGESTION

Storage: Raw Ingredients of Data Storage, Data Storage Systems, Data Engineering Storage
Abstractions, Data warehouse, Data Lake, Data Lakehouse.

Ingestion: Data Ingestion, Key Engineering considerations for the Ingestion Phase, Batch Ingestion
Considerations, Message and Stream Ingestion Considerations, Ways to Ingest Data

Raw Ingredients of Data Storage

data storage, the raw ingredients refer to the foundational elements and systems that make
up storage infrastructure and handle the storage, retrieval, and management of data. Here’s an
exploration of the key components that make up the raw ingredients of data storage:

1. Storage Media

The physical or digital medium where data is stored:

Hard Disk Drives (HDDs): Traditional storage medium; cost-efficient for large data
volumes but slower than SSDs.

Solid-State Drives (SSDs): Faster and more reliable, with no moving parts.
Magnetic Tape: Used for archival storage due to its durability and cost-effectiveness.
Optical Storage: DVDs, Blu-rays used for long-term storage but less common today.
Flash Memory: Found in USB drives and memory cards; compact and portable.

Cloud Storage: Virtual storage offered by cloud providers (e.g., AWS, Azure).

2. File Systems

The structure used to organize and manage data on storage devices:

Examples include NTFS (Windows), APFS (MacOS), and ext4 (Linux).

File systems define how data is accessed, retrieved, and stored in a hierarchical
format.

3. Data Formats

The way data is structured for storage:

Structured Data: Stored in databases or spreadsheets, such as tables.

Semi-Structured Data: Formats like JSON, XML, which have some organizational
structure.




e Unstructured Data: Multimedia files, logs, or freeform text without predefined
structures.

4. Storage Architectures
Architectures for organizing and accessing data efficiently:

o Direct-Attached Storage (DAS): Locally connected devices, such as external hard
drives.

o Network-Attached Storage (NAS): Network-connected devices for file sharing.

o Storage Area Networks (SANs): High-performance storage networks used in
enterprise setups.

5. Data Accessibility Layers
How data is made accessible across systems and users:

e Primary Storage: High-speed storage directly connected to a computer (e.g., RAM,
SSDs).

« Secondary Storage: External storage or systems for long-term usage (e.g., HDDs,
tapes).

o Cloud Storage: Internet-based storage accessible globally.

6. Data Backup and Redundancy
Mechanisms for ensuring data is not lost:

o Backups: Periodic data copies stored for recovery.

o Redundancy Techniques: RAID (Redundant Array of Independent Disks) provides
fault tolerance.

7. Scalability
The ability of a storage system to grow with increasing data demands:

o Horizontal Scalability: Adding more servers or devices.
« Vertical Scalability: Upgrading existing hardware capacity.

8. Security
Data security ensures confidentiality, integrity, and availability:

e Encryption: Encrypting data both at rest and in transit.
e Access Control: User authentication for data access.

o Backups: Disaster recovery solutions to mitigate data loss.




Data storage systems

Data storage systems are essential frameworks for storing, managing, and retrieving data
effectively. They can be categorized based on how and where data is stored, as well as the
types of data they handle.

Types of Data Storage Systems

1. Primary Storage:

o Temporary and high-speed storage for active processes.

o Includes RAM (Random Access Memory) and Cache Memory.
2. Secondary Storage:

o Persistent storage for long-term data retention.

o Examples: Hard Disk Drives (HDDs), Solid-State Drives (SSDs), and
external storage devices.

3. Cloud Storage:
o Virtual storage accessed over the internet, offering flexibility and scalability.
o Examples: AWS S3, Google Cloud Storage, Azure Blob Storage.

4. Network-Attached Storage (NAS):
o Centralized storage connected to a local network for file sharing.
o ldeal for small businesses or personal use.

5. Storage Area Networks (SANSs):
o High-performance, block-level storage systems for enterprise applications.
o Used in large-scale environments like databases and virtualization.

6. Distributed Storage:

o Systems that store data across multiple servers for redundancy and scalability.

o Examples: Hadoop Distributed File System (HDFS), Amazon DynamoDB.

Data engineering storage abstractions

Data engineering storage abstractions refer to the layers and frameworks designed to simplify the
way data is stored, accessed, and managed in a system. These abstractions allow developers and
engineers to focus on higher-level operations without worrying about low-level implementation

details.

Here are some common storage abstractions used in data engineering:




1. File-Based Storage Abstractions

o HDFS (Hadoop Distributed File System): A distributed file system that enables storage
of large datasets across clusters.

o Cloud Storage: Services like Amazon S3, Azure Blob Storage, and Google Cloud Storage
abstract the complexities of managing physical storage.

2. Relational Storage Abstractions

e SQL Databases: MySQL, PostgreSQL, and Microsoft SQL Server provide structured data
storage and querying using SQL.

o Data Warehouses: Platforms like Snowflake, Google BigQuery, and Amazon Redshift
focus on analytical querying and historical data storage.

3. NoSQL Storage Abstractions

o Key-Value Stores: Examples include Redis and DynamoDB, designed for high-speed
lookups.

o Document Stores: Databases like MongoDB and CouchDB excel in storing semi-
structured or unstructured data.

e Columnar Stores: Apache Cassandra and HBase are optimized for large-scale column-
based storage.

e Graph Databases: Neo4j is used for storing graph-like structures such as social networks.
4. Streaming and Real-Time Data Abstractions

o Event Streaming Platforms: Apache Kafka and Azure Event Hubs abstract streaming
data pipelines.

« Real-Time Analytics: Platforms like Apache Druid and kdb+ are optimized for time-
series and real-time data processing.

5. Abstractions for Querying and Processing

o Data Lakes: Abstract raw data storage in its native format, often managed with tools like
Databricks or Amazon S3.

o Virtualized Data Layers: Tools like Denodo enable abstraction by creating a unified
querying layer over disparate data sources.

6. Object Storage Abstractions

o Designed for handling unstructured data (e.g., images, videos, documents). Common
systems include Azure Blob Storage, Google Cloud Storage, and Amazon S3.




Data warehouse

A data warehouse is a centralized repository designed to store, process, and analyze large
volumes of structured data. It is optimized for handling historical data and supporting decision-
making through business intelligence (BI) tools. Here’s a deep dive into its key aspects:

Core Characteristics
1. Structured Data Only:
o Stores data in organized tables with predefined schemas.
o Ensures high data quality and consistency.
2. ETL Process:

o Data is extracted from various sources, transformed to fit the warehouse schema,
and then loaded into the warehouse.

o This cleaning and transformation make the data ready for analysis.
3. Optimized for Analytics:
o Designed for complex querying and reporting.

o High-speed performance for summarizing, aggregating, and drilling down into
data.

4. Historical Data:

o Focuses on storing historical records for trend analysis and predictions.
5. Separation of Workloads:

o Primarily used for read-heavy workloads (analytics and querying).

o Not ideal for transactional systems like banking (OLTP).

Data Lake

A Data Lake is a storage repository designed to hold large volumes of data in its raw, native
format, whether structured, semi-structured, or unstructured. It is highly scalable and typically
built for big data and advanced analytics.




Core Features of a Data Lake
1. Raw Data Storage:

o Unlike traditional systems, data lakes store data as-is, without predefined schemas
or transformations.

o Data can come from diverse sources: logs, 10T devices, social media, relational
databases, and more.

2. Schema-on-Read:

o Data lakes allow schema definitions to be applied only at the time of analysis,
giving flexibility in how the data is used.

o This differs from schema-on-write systems like data warehouses.
3. Scalability:
o Designed to handle petabytes of data.

o Typically cloud-based, enabling on-demand scalability (e.g., Amazon S3, Azure
Data Lake, Google Cloud Storage).

4. Cost-Effectiveness:

o Data lakes leverage inexpensive storage for massive datasets.

o Costs are lower compared to structured systems like data warehouses.
5. Support for Advanced Analytics:

o Provides a foundation for data science, machine learning (ML), and artificial
intelligence (Al) workflows.

o Common tools for accessing data include Hadoop, Apache Spark, and Presto.
Data Lakehouse

A Data Lakehouse is a modern architecture that combines the strengths of both Data Lakes and
Data Warehouses into a unified, flexible system. It addresses the limitations of each and provides
a scalable, cost-effective solution for handling diverse data needs.

Key Features of a Data Lakehouse
1. Unified Architecture:

o Combines structured, semi-structured, and unstructured data in a single
platform.




o Allows both data science and business intelligence use cases.
Schema Flexibility:
o Supports schema-on-read like a data lake (useful for exploratory analytics).
o Also enforces schema-on-write when needed, ensuring data consistency.
Performance Optimization:
o Adds indexing, caching, and transactional capabilities to raw data storage.
o Enables fast querying, rivaling traditional data warehouses.

Cost-Effectiveness:

o Uses affordable storage like data lakes while providing warehouse-like querying

performance.

o Reduces the need for separate systems, saving costs on infrastructure and
maintenance.

Governance and Security:
o Incorporates metadata layers for data lineage, access control, and auditing.

o Bridges the governance gap that often turns data lakes into "data swamps."

Examples of Data Lakehouse Platforms

Databricks Lakehouse Platform: Built on Delta Lake, it provides robust transactional

and analytical capabilities.

Google BigLake: Integrates BigQuery's data warehousing features with raw data storage

on Google Cloud.

Apache Iceberg: An open-source table format that supports lakehouse principles.

Snowflake (increasing lakehouse capabilities): Offers native support for unstructured data

along with structured querying.

Data Ingestion

Data ingestion is the process of collecting, importing, and transferring data from various sources
into a storage or processing system, such as a data warehouse, data lake, or data lakehouse. It's the

foundational step in any data engineering pipeline.

Types of Data Ingestion

1. Batch Ingestion:




o Data is collected and loaded in chunks at scheduled intervals.
o Suitable for historical data or scenarios where real-time processing isn't needed.
o Example: Loading daily sales records into a warehouse.
2. Real-Time (Streaming) Ingestion:
o Datais ingested continuously and processed as it arrives.
o Essential for applications requiring instant insights.
o Example: Monitoring I0T sensor data or user activity streams.
3. Hybrid Ingestion:
o Combines batch and real-time ingestion to handle diverse data needs.

o Example: Batch ingest historical transaction data while streaming customer
interactions.

Steps in the Data Ingestion Process
1. Source ldentification:

o Determine where the data comes from—databases, APIs, files, 10T devices, logs,
etc.

2. Data Connectivity:

o Use connectors to link the data source with the destination system (e.g., JDBC,
REST API, FTP).

3. Data Transfer:

o Data is moved to the target system using tools or platforms.
4. Data Validation and Transformation:

o Ensure data integrity, clean missing values, and format the data for further use.
5. Storage:

o Data is stored in the target repository—data warehouse, data lake, or lakehouse.

Key Engineering considerations for the Ingestion Phase




The ingestion phase in data engineering is a critical step where raw data is collected and brought
into a system for processing and analysis. Here are some key engineering considerations to keep in
mind:

1. Data Sources and Formats
« Identify the variety of data sources (databases, APIs, files, streams, etc.).

o Handle diverse data formats like JSON, CSV, XML, Parquet, etc., ensuring compatibility
with the ingestion pipeline.

2. Scalability

« Design the ingestion system to handle increasing volumes of data without performance
bottlenecks.

o Use scalable architectures like distributed systems to accommodate growth.
3. Latency and Real-Time Requirements
« Determine whether the ingestion needs to be batch-oriented, real-time, or near real-time.

o Implement technologies like Apache Kafka or AWS Kinesis for low-latency ingestion
where necessary.

4. Error Handling and Fault Tolerance
o Ensure that the system can gracefully recover from data errors or system failures.
« Include mechanisms for retries, dead-letter queues, and alerting for failed ingestions.
5. Data Quality
o Validate and clean incoming data to ensure accuracy, completeness, and reliability.
o Implement monitoring to detect anomalies or patterns in data ingestion.
6. Security and Compliance
o Protect sensitive data in transit and at rest using encryption.
o Adhere to data privacy regulations like GDPR or HIPAA for compliant ingestion practices.
7. Data Transformation

o Apply lightweight transformations during ingestion if necessary (e.g., normalization or
filtering).

o Consider using tools like ETL pipelines when more complex transformations are required.

8. Performance Optimization




« Monitor throughput and optimize network bandwidth usage for high-speed ingestion.
o Use techniques like data partitioning or indexing to improve performance.
9. Tools and Technologies

o Select appropriate tools (e.g., Apache Nifi, Talend, Airbyte, or cloud-native services like
Azure Data Factory, AWS Glue).

« Evaluate the trade-offs between open-source and proprietary solutions for the specific use
case.

10. Monitoring and Logging

e Set up comprehensive monitoring and logging to track ingestion progress and troubleshoot
issues.

o Implement dashboards for real-time visibility into the system's performance.

Batch Ingestion Considerations

Batch ingestion is a method of collecting and processing data in chunks at scheduled intervals,
rather than in real-time. This approach is widely used in scenarios where data does not need to be
processed immediately but must be handled efficiently and accurately. Here are some key
considerations when designing and implementing batch ingestion:

1. Scheduling and Frequency

o Timing: Determine the appropriate intervals for data ingestion (e.g., hourly, daily, or
weekly) based on application requirements.

e Automation: Use tools like cron jobs or workflow schedulers (e.g., Apache Airflow) to
automate ingestion tasks.

2. Data VVolume

o Batch Size: Optimize the size of each batch to balance performance and resource usage.
Too large batches may overload the system, while too small batches might increase
overhead.

o Scalability: Plan for systems that can scale to handle increasing data volumes over time.
3. Data Quality

o Validation: Ensure the integrity and accuracy of data during ingestion by detecting errors,
duplicates, or corrupted records.

e Preprocessing: Clean and format data within the batch ingestion pipeline to make it ready
for analysis or storage.




4. Storage Compatibility

e Formats: Choose storage formats like Parquet, CSV, JSON, or Avro based on the system
requirements and data structure.

« Partitioning: Organize ingested data into partitions (e.g., by date or category) to facilitate
faster queries and analysis.

5. Transformations During Ingestion

« Apply transformations like filtering, aggregating, or enriching the data during ingestion to
reduce downstream processing effort. For example:

o Calculate summary statistics.
o Convert data types or formats.
6. Reliability and Error Handling

e Retry Mechanisms: Build fault-tolerant pipelines that can retry failed ingestion jobs
without losing data.

e Monitoring and Alerts: Implement systems to monitor ingestion pipelines and notify
teams of issues.

7. Tools and Frameworks
o Popular tools for batch ingestion include:
o ETL Platforms: Tools like Talend and Informatica.
o Big Data Systems: Hadoop MapReduce for large-scale batch processing.
o Cloud Services: AWS Glue, Google Cloud Dataflow, or Azure Data Factory.
8. Cost Efficiency
Optimize ingestion pipelines to avoid unnecessary resource usage:
« Utilize on-demand cloud resources to process large batches efficiently.

o Compress data during storage and transfer to reduce costs

Message and Stream Ingestion Considerations




When dealing with real-time data ingestion, particularly for messages and streams, several
engineering and design factors come into play. These considerations ensure efficient processing
and analysis of streaming data from sources like 10T devices, applications, or social media
platforms.

1. Message Brokers and Stream Frameworks
To handle message ingestion and streaming data, specialized tools and frameworks are essential:

o Message Brokers: Tools like Apache Kafka, RabbitMQ, or ActiveMQ manage real-time
messages and ensure reliable delivery.

e Streaming Frameworks: Platforms like Apache Flink, Apache Spark Streaming, or
Google Cloud Dataflow support advanced processing of data streams.

These systems provide scalability, reliability, and fault tolerance.
2. Throughput and Latency

e Throughput: Define how much data the system can ingest per unit of time (e.g.,
events/second). Ensure systems can scale to handle high volumes.

e Latency: Focus on minimizing delays in processing. Low latency is critical for real-time
applications like financial transactions or sensor-based monitoring.

3. Reliability and Fault Tolerance

o Ensure messages are delivered at least once, exactly once, or at most once, depending on
use case requirements.

o Implement fault-tolerant systems to handle failures without losing data. For example:
o Kafka uses replication to ensure data durability.
o Streaming frameworks often provide checkpointing to recover from failures.
4. Data Ordering and Consistency
Stream data often arrives out of order, so:
o Use timestamping to ensure correct data ordering.
e Implement deduplication to avoid processing duplicate messages.
e Manage consistency across distributed systems for reliable results.
5. Windowing for Stream Aggregation

Define time windows to process and analyze data over intervals, such as:




e Tumbling windows (fixed-size windows).

« Sliding windows (overlapping windows).

o Session windows (event-triggered windows).
This helps in calculating metrics like averages or counts for streams.
6. Security
Protect data during ingestion:

e Use encryption for data in transit (e.g., TLS).

o Implement authentication and authorization mechanisms to ensure only legitimate
sources can push data to the system.

Ways to Ingest Data

Here are various ways to ingest data into storage systems or data pipelines. These methods
depend on the nature of the data (batch or real-time), the system requirements, and the desired
end-use of the data:

1. Batch Ingestion
o How It Works: Data is collected and ingested in chunks (batches) at scheduled intervals.
o Best For: Non-urgent use cases like reporting, historical analysis, or backups.
o Examples:
o Uploading CSV files from an external database at the end of each day.
o Consolidating application logs from servers on an hourly basis.
2. Real-Time or Streaming Ingestion
e How It Works: Continuous data flows from sources into a system with minimal latency.

o Best For: Applications requiring near-instant processing, like fraud detection, stock
trading, or 10T monitoring.

o Examples:
o Processing clickstream data from a website.
o Handling live sensor data in smart homes or industrial systems.

3. Extract, Transform, Load (ETL) Processes




e How It Works: Data is:
1. Extracted from source systems (e.g., databases, files, APIs).
2. Transformed to meet specific requirements (e.g., cleaning, filtering).
3. Loaded into a target system like a data warehouse.

o Best For: Integrating data from multiple sources into a unified format.

o Examples:

1. Using tools like Apache Nifi, Talend, or AWS Glue for ETL pipelines.
4. Change Data Capture (CDC)

o How It Works: Captures incremental changes (inserts, updates, deletions) in source data
systems and synchronizes them with target systems.

o Best For: Maintaining real-time synchronization between transactional databases and
analytics platforms.

o Examples:

o Tools like Debezium or AWS DMS for real-time updates to a data lake.

5. API Integration

o How It Works: Data is ingested by making requests to external APIs provided by
applications or services.

o Best For: Ingesting structured data from external systems like SaaS tools.

o Examples:

o Collecting weather data using APIs from meteorological services.
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UNIT-V
Queries, modeling and transformation: Queries, Life of a Query, Query Optimizer, Queries on
Streaming Data, Data Modelling, Modeling Streaming Data, Transformations, Streaming Transformati
and Processing.
Serving Data for Analytics, Machine Learning and Reverse ETL: General Considerations for servi
Data, Business Analytics, Operational Analytics, Embedded Analytics, Ways to serve data for analytic
and ML, Reverse ETL.

Definition of Queries

A query is a request sent to a database to perform specific operations, such as extracting data,
inserting new data, updating existing records, or deleting data. Queries are typically written in
query languages like SQL (Structured Query Language).

2. Core Types of Queries

e Select Queries: Used to retrieve data from a database. Example: SELECT * FROM
Products WHERE Category = 'Electronics’;

e Insert Queries: Add new records to a database. Example: INSERT INTO Customers
(Name, Email) VALUES (‘John Doe', 'johndoe@example.com’);

o Update Queries: Modify existing data in a table. Example: UPDATE Orders SET Status =
‘Shipped’ WHERE OrderID = 101;

o Delete Queries: Remove records from a table. Example: DELETE FROM Employees
WHERE EmployeelD = 123;

3. Structure of a Query
Most queries follow a structure containing clauses that define their purpose and scope:
e SELECT: Specifies the columns to retrieve.
o FROM: Indicates the table or dataset to query.
« WHERE: Applies conditions to filter results.
« GROUP BY': Groups data for aggregation.

o« ORDER BY: Sorts the output by specific criteria.

life of a query

The life of a query is a fascinating process that outlines how a query evolves from user input
to delivering results. Here's a detailed exploration:




1. Query Input

The process begins when the user writes a query in a query language such as SQL. This
query specifies what data is required, such as:

e Retrieving data: SELECT * FROM Sales WHERE Region = 'Asia’;

e Modifying data: UPDATE Products SET Price = 199 WHERE ProductID = 100;
2. Parsing
Once the query is submitted, it undergoes parsing to check for:

e Syntax Errors: Does the query conform to the rules of SQL?

« Semantic Errors: Are table names, columns, and operations valid within the
database?

During parsing, the query is converted into an intermediate structure called the query tree or
logical plan.

3. Optimization

The Query Optimizer steps in to create the most efficient plan for executing the query. This
involves:

o Generating multiple execution plans (e.g., using indexes or performing a table scan).
o Estimating costs (e.g., CPU usage, memory, and disk 1/O) for each plan.
o Selecting the plan with the lowest cost.

For example:

o If a query searches for Region = 'Asia’ and there's an index on Region, the optimizer
may use the index to reduce execution time.

4. Execution

The Execution Engine carries out the chosen physical plan. This involves:
o Accessing the required data from storage (e.g., using indexes, scanning tables).
« Performing operations like filtering, aggregations, or joins based on the query.
e Producing intermediate results and combining them to generate the final output.

5. Result Presentation

Once execution is complete, the results are formatted and sent back to the user. For example:




e Alist of product names and prices based on the user’s query.

« Insights like total sales for a given region.

Queries on Streaming Data

Queries on Streaming Data are designed to process and analyze data as it flows into a system
in real time, rather than working with static, stored data. Here's a deeper understanding:

Streaming Data
Streaming data refers to information generated continuously by sources like:

Sensors (e.g., temperature, motion, or humidity sensors).

Web logs (tracking user activity, clicks, and interactions in real time).

Financial transactions (like stock trades and bank payments).

Social media platforms (posts, likes, comments, and shares).

Purpose of Queries on Streaming Data
Streaming data queries allow users to:

« Extract relevant information in real-time.

e Aggregate and summarize data over specific time periods.

« Monitor data trends, detect anomalies, and make instant decisions.
Features of Streaming Data Queries

1. Real-Time Processing: Streaming queries process data dynamically as it arrives,
ensuring instant results. This is critical for applications like fraud detection, live
dashboards, and 10T monitoring.

2. Windowing: Analyze data over specific timeframes or event-based triggers:
o Tumbling Windows: Fixed, non-overlapping time windows.
o Sliding Windows: Overlapping timeframes to capture continuous data.
o Session Windows: Triggered based on user activity or specific events.

3. Dynamic Filtering and Transformation: Streaming queries can filter out irrelevant
information or enrich data by merging it with other sources in real-time.

4. Low Latency: Results are available almost instantly, suitable for time-sensitive
decisions.




Use Cases

IoT Monitoring: Real-time analysis of sensor data from smart devices or industrial
machinery.

Traffic and Navigation Systems: Using GPS data to optimize routes and predict
traffic congestion.

Fraud Detection: Analyzing financial transactions for anomalies.
Social Media Analytics: Monitoring trends, hashtags, and sentiments as they happen.

Real-Time Recommendations: E-commerce platforms suggesting products based on
current user behavior.

Query Optimization

Query optimization is the process of finding the most efficient way to execute a SQL query in
a database system. Since the same query can often be executed in multiple ways, the
optimizer ensures that it runs using minimal resources while delivering correct results.

How Query Optimization Works

1.

2.

Query Parsing: The optimizer first checks the syntax and structure of the query.

Logical Plan Creation: It converts the query into a logical representation of how the
data should be retrieved.

Possible Execution Plans: Multiple execution strategies are considered—such as
different join methods or indexing approaches.

Cost Estimation: Each plan is evaluated based on estimated CPU, memory, and disk
usage.

Best Plan Selection: The optimizer selects the most efficient plan based on cost
metrics.

Types of Query Optimization

Rule-Based Optimization (RBO): Uses predefined rules to determine the best
execution plan.

Cost-Based Optimization (CBO): Uses statistical analysis on the database to
estimate the cost of each plan and selects the cheapest one.




e Dynamic Optimization: Adjusts execution plans at runtime depending on system
conditions.

Techniques to Improve Query Performance
e Indexing: Using indexes on columns that are frequently queried speeds up searches.
« Partitioning: Dividing large tables into smaller parts helps query execution.
e Avoiding SELECT \*: Selecting only necessary columns reduces processing time.

e Optimizing Joins: Choosing efficient join types (Nested Loop, Hash Join, Merge
Join) improves performance.

e Query Caching: Storing query results temporarily reduces repeated execution.

Data Modeling

Data Modeling is the process of creating a conceptual structure for how data is stored,
organized, and managed in a database. It lays the foundation for understanding and designing
databases by defining the relationships, rules, and structure of the data.

Types of Data Models
1. Conceptual Data Models:

o These are high-level visualizations of the data (e.g., entity-relationship
diagrams).

o Focus on defining what the data represents and the relationships between
entities.

o Example: Representing "Customers,” "Orders," and the connection between
them.

2. Logical Data Models:

o Translate the conceptual design into a more detailed structure that defines the
schema of the database.

o Include attributes, data types, and relationships but are still independent of
physical implementation.

o Example: Specifying that "CustomerID" is a primary key for the "Customers”
table.




3. Physical Data Models:
o Specify the technical implementation details of the database.
o Include storage formats, indexing methods, and performance considerations.
o Example: Defining how tables will be partitioned or indexed.
Steps in Data Modeling
1. Identify Entities:

o Define the main objects or subjects of the data (e.g., Customers, Products,
Transactions).

2. Define Attributes:
o Specify details about each entity (e.g., CustomerName, ProductPrice).
3. Establish Relationships:

o Determine how entities are linked (e.g., one customer can place multiple
orders).

4. Apply Normalization:
o Organize data to minimize redundancy and ensure consistency.
5. Validate the Model:
o Verify that the model meets requirements and aligns with real-world needs.
Benefits of Data Modeling
« Improved Data Understanding: Provides a clear structure for stakeholders.
o Data Consistency: Reduces duplication and ensures accuracy.
o Better Database Performance: Helps optimize database design.
e Support for Scalability: Models future data needs and system growth.
Applications
Data modeling is widely used in:
« Business Applications: Organizing customer, sales, and product data.
o Big Data Projects: Structuring unstructured or semi-structured data.

o Data Warehousing: Creating schemas for analytics and reporting.




Modeling Streaming Data

Modeling streaming data is a fascinating challenge because it involves working with
continuous flows of information rather than static datasets. Depending on the application, it
can require real-time analysis, predictive modeling, anomaly detection, or even event-driven
architectures.

Here are some key approaches to modeling streaming data:

o Time-Series Models: Methods like ARIMA, Exponential Smoothing, or Recurrent
Neural Networks (RNNs) can be used to analyze trends and patterns in streaming
data.

e Online Learning: Unlike traditional machine learning, online learning algorithms
update their models incrementally as new data arrives, making them well-suited for
streaming data.

e Windowing Techniques: Instead of processing the entire stream at once, windowing
methods (e.g., tumbling, sliding, and session windows) allow you to work with
manageable chunks.

« Event-Driven Architectures: Technologies like Apache Kafka, Apache Flink, or
Spark Streaming process and react to streaming data in real time.

o Anomaly Detection: Algorithms such as Isolation Forests or Autoencoders can
identify unusual patterns or outliers in data streams.

Transformations

Transformations involve modifying, restructuring, or enriching data to make it more useful
for analysis, storage, or real-time processing. They play a vital role in data engineering,
streaming pipelines, databases, machine learning, and text processing.

1. Data Transformations

Data transformations are essential in databases and data analytics. They help refine raw data,
improve usability, and optimize storage.

e Filtering — Removing unnecessary data based on conditions.
e Aggregation — Summarizing data (e.g., computing averages, totals).

« Normalization — Scaling values to fit within a standard range.




Encoding — Converting categorical values into numerical representations.

Joining & Merging — Combining multiple datasets for richer insights.

2. Streaming Transformations

In real-time systems, transformations modify data on the fly, enabling instant insights and
decision-making.

Windowing Functions — Grouping streaming data into time-based segments.
Stateful Processing — Maintaining historical data for trend analysis.
Filtering & Mapping — Selecting relevant data and modifying attributes dynamically.

Event Time Processing — Handling out-of-order or delayed data events effectively.

3. Machine Learning Transformations

In Al and ML, transformations prepare data for training models.

Feature Scaling — Adjusting numerical values to prevent bias.

Dimensionality Reduction — Removing redundant features for better model
performance.

One-Hot Encoding — Representing categorical variables in a structured format.

Imputation — Filling missing data intelligently using statistical methods.

4. Query-Based Transformations

Database queries often modify data through SQL operations.

Query Optimization — Improving query execution speed.
Indexing — Creating efficient search paths for fast data retrieval.
Partitioning — Dividing large datasets for better performance.

Caching — Storing frequently accessed data for efficiency.

Streaming transformations and processing

Streaming transformations and processing refer to modifying and analyzing data as it moves
through a system in real-time. This is used in applications like financial transactions, live
analytics, and fraud detection, where quick decision-making is crucial.

1. Streaming Transformations




These transformations modify data on the fly, ensuring it's structured and enriched before
reaching its destination. Common methods include:

o Filtering — Removing unwanted data.
e Aggregation — Summarizing data in real-time (e.g., total sales per minute).
e Windowing — Grouping data based on time intervals.
o Stateful Processing — Keeping track of past data to detect patterns.
2. Streaming Processing

Streaming processing frameworks handle continuous data flow efficiently. Popular tools
include:

e Apache Kafka — Distributed event streaming.
e Apache Flink — Stateful computations and real-time analytics.

e Spark Streaming — Micro-batch processing of streams.

General Considerations for serving Data

1. Accuracy & Integrity

Data should be correct, complete, and consistent to prevent errors. If data is incorrect, it can
lead to misleading results and bad decisions. Businesses often use validation checks and
backups to maintain data integrity.

2. Security & Privacy

Sensitive data must be protected from unauthorized access. This includes using strong
passwords, encryption, and limiting access to only trusted users. For example, financial and
healthcare data must follow strict security standards.

3. Scalability

A good data system should be able to handle more users, more data, and higher traffic
without slowing down or crashing. Techniques like load balancing and cloud storage help
scale systems efficiently.

4. Compatibility

Data should be shared in standard formats like CSV, JSON, or XML, making it easier for
different systems or apps to process it. For instance, a weather API should send data in a
format that both websites and mobile apps can use.




5. Speed & Performance

Retrieving and delivering data quickly is crucial. Methods like caching, indexing, and
optimizing queries improve efficiency. For example, search engines use indexing to provide
fast results instead of scanning billions of web pages every time.

6. Compliance & Legal Considerations

There are laws that regulate how data is stored and shared, like GDPR (Europe) and CCPA
(California). Following these laws helps businesses avoid penalties and ensures ethical data
handling.

7. Error Handling & Logging

When errors happen, systems should detect, log, and fix issues quickly. Logs help track
issues, while error messages guide users to correct mistakes. For example, if a website
crashes, developers use logs to find and solve the problem.

Business Analytics

Business Analytics is the process of leveraging data to analyze and optimize business
performance. It blends statistical methods, data visualization, and advanced technology to
deliver insights that guide strategic decisions.

Key Components

1. Descriptive Analytics:
o Answers the question: What happened?
o Uses historical data to summarize trends, patterns, and performance.
o Tools: Dashboards, static reports.

2. Predictive Analytics:
o Answers the question: What might happen?
o Leverages machine learning and statistical models to forecast outcomes.
o Example: Predicting future sales based on past trends.

3. Prescriptive Analytics:

o Answers the question: What should we do?




o Provides actionable recommendations using optimization and simulation
techniques.

o Example: Recommending inventory levels to meet projected demand.
Applications
1. Marketing:
o Segment customers for targeted campaigns.
o Measure campaign effectiveness to adjust budgets.
2. Operations:
o Monitor supply chain efficiency.
o Optimize resource allocation for cost savings.
3. Finance:
o Detect fraudulent activities.
o Forecast financial performance metrics like revenue and expenses.
4. Human Resources:
o Predict employee attrition.
o Analyze performance trends across teams.
Benefits
« Improved Decision-Making: Data-backed insights reduce guesswork.

o Efficiency Gains: Optimizing processes saves time and resources.

o Competitive Edge: Understanding market and customer trends positions businesses

ahead of competitors.

Operational Analytics

Operational analytics is the backbone of modern businesses that need real-time decision-
making. It transforms raw data into actionable insights by continuously analyzing live
streams of information from various sources.

Components of Operational Analytics




Data Collection & Integration

o Continuous data ingestion from 10T devices, business applications, and real-
time streams ensures up-to-date insights.

o ETL pipelines and data lakes help standardize, clean, and merge diverse
datasets for accurate decision-making.

Real-Time Processing

o Technologies like Apache Kafka and Flink process data instantly, enabling
fast responses to critical events.

o Event-driven architectures trigger automated actions based on incoming data,
improving operational efficiency.

Visualization & Reporting

o Dashboards powered by tools like Tableau and Power Bl transform complex
data into easy-to-understand insights.

o Real-time monitoring of KPIs allows businesses to adapt quickly to changing
conditions.

Automated Decision-Making

o Al-powered predictive models forecast trends and enable proactive decision-
making.

o Automation streamlines repetitive tasks, freeing up resources for higher-value
activities.

Benefits from Operational Analytics

Retail — Dynamic pricing, inventory tracking, and personalized recommendations.

Healthcare — Patient monitoring, predictive diagnoses, and hospital resource
management.

Manufacturing — Predictive maintenance, supply chain efficiency, and production
optimization.

Finance — Real-time fraud detection, risk analysis, and personalized banking
experiences.

Embedded Analytics




Embedded analytics integrates data insights directly into applications, allowing users to
access and analyze information within their workflows without switching to separate tools.
This enhances efficiency and enables real-time decision-making.

Components of Embedded Analytics

1. In-Context Data Insights — Analytics are built into business applications (CRM,
ERP, SaaS platforms), ensuring users can analyze data without leaving their systems.

2. Interactive Visualizations & Reports — Dashboards and reports are accessible inside
applications, making analytics more intuitive and actionable.

Benefits of Embedded Analytics

1. Seamless User Experience — Users engage with insights without extra steps,
improving productivity.

2. Better Business Decisions — Organizations leverage real-time analytics to enhance
operational and strategic choices.

Common Applications

1. Customer Relationship Management (CRM) — Salesforce and HubSpot integrate
embedded analytics to track customer behavior.

2. E-Commerce & Retail — Online platforms use embedded analytics for dynamic
pricing, product recommendations, and inventory optimization.

Technologies Enabling Embedded Analytics

1. BI Tool Integration — Power BI, Tableau, and Looker enable businesses to embed
analytics seamlessly.

2. Custom APIs & SDKs — Companies develop tailored analytics experiences by
integrating APIs into applications.

Ways to serve data for analytics and ML

Serving data for analytics and machine learning (ML) involves organizing, processing, and
delivering data efficiently. Here are some common methods:

1. Batch Processing
o Large datasets are processed periodically (e.g., daily, hourly).

e Used in data warehouses for structured reporting and ML training.




2. Streaming Data Processing
o Data is processed in real-time as it is generated.
o Ideal for live dashboards, fraud detection, and predictive analytics.
3. Data Lakes & Warehouses
« Data lakes store raw, unstructured data for flexible analysis.
« Data warehouses store structured, optimized data for business intelligence (BI).
4. Feature Stores (for ML)
o Centralized storage of reusable ML features for consistency across models.
e Helps maintain versioned, clean data for real-time and batch ML predictions.
5. Reverse ETL

e Processed analytical data is pushed back into operational tools (e.g., CRMs,
marketing platforms).

o Helps businesses use insights in daily operations.
6. APIs & Query Services
« Data is served via APIs for on-demand analytics.

e Supports dynamic, scalable querying for ML and Bl applications.

Reverse ETL

Reverse ETL is the process of syncing processed analytical data back into operational
systems like CRMs, marketing automation tools, and customer support platforms. Instead of
pulling data into a data warehouse for analysis (traditional ETL), reverse ETL takes
insights from the warehouse and applies them in business workflows.

Key Aspects of Reverse ETL

1. Data Activation — Ensures valuable analytical insights are usable in real-time
decision-making across business applications.

2. Integration with SaaS Tools — Moves processed data into systems like Salesforce,
HubSpot, and Zendesk for direct use.

Benefits of Reverse ETL




Personalized Customer Experiences — Enables data-driven personalization in
marketing, sales, and customer service.

Improved Operational Efficiency — Helps teams act on insights without manually
pulling reports from analytics platforms.

Common Use Cases

1.

Marketing Optimization — Syncs customer segments into email automation tools for
targeted campaigns.

Sales Enablement — Pushes predictive scoring into CRMs to help sales teams
prioritize leads.

Technologies for Reverse ETL

1.

Reverse ETL Platforms — Tools like Census, Hightouch, and Segment automate data
syncing.

Custom API Integrations — Businesses use APIs to move data into their internal
tools dynamically.
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