
Lecture 18 
 
Go over Exam #2 
Data Management Lifecycle 
Data Warehousing 
Big Data 
 
Data storage happens in a number of different ways. Spreadsheets are commonly used to store and 
analyze small amounts of data, but as the amount of data grows, and the number of people that need 
access to the data grows, spreadsheets become less than ideal data storage mechanisms. Then we move 
into the realm of databases, data warehouses and data lakes. 
 

 
 



Databases, data warehouses, and data lakes are all storage systems designed to handle and manage 
data, but they differ in their architectures, purposes, and types of data they handle. Here are the key 
differences between databases, data warehouses, and data lakes: 
 
1. Database: 
Purpose: Databases are designed for efficient data storage, retrieval, and management. They are used to 
store structured data and support transactional operations. 
 
Data Model: Databases typically use a relational data model and are suitable for storing structured data 
with predefined schemas. 
 
Schema: Databases have a rigid schema, meaning the structure of the data (tables, columns, and 
relationships) is defined in advance. 
 
Query Language: They use SQL (Structured Query Language) for querying and managing data. 
Performance: Databases are optimized for quick data retrieval and transactional processing. 
 
Examples: MySQL, PostgreSQL, Oracle Database, Microsoft SQL Server. 
 

 
 
2. Data Warehouse: 
Purpose: Data warehouses are designed for collecting, managing, and analyzing large volumes of 
structured data from different sources to support business intelligence and reporting. 
 
Data Model: They typically use a relational data model but may involve denormalization for performance 
reasons. 
 
Schema: Data warehouses have a dimensional or star schema to optimize query performance for 
analytics and reporting. 
 



Data Integration: Data warehouses integrate data from various sources to provide a consolidated view 
for decision-making. 
 
Query Language: SQL is used for querying, but data warehouses often support extended SQL for 
analytics (OLAP operations). 
 
Performance: Data warehouses are optimized for complex queries and analytical processing rather than 
transactional processing. 
Examples: Amazon Redshift, Google BigQuery, Snowflake, Teradata. 
 
3. Data Lake: 
Purpose: Data lakes are designed to store vast amounts of raw, unstructured, or semi-structured data at 
scale. They support diverse data types and enable advanced analytics, machine learning, and data 
exploration. 
 
Data Model: Data lakes can store structured, semi-structured, and unstructured data in their raw format 
without the need for a predefined schema. 
 
Schema: Data lakes allow for schema-on-read, meaning the structure of the data is determined at the 
time of analysis, not at the time of storage. 
 
Data Variety: Data lakes can handle diverse data types, including text, images, videos, log files, and more. 
 
Query Language: While SQL can be used, data lakes support various querying languages and tools 
suitable for big data analytics and exploration. 
 
Performance: Data lakes provide scalable storage and are optimized for parallel processing and analytics 
on large datasets. 
 
Examples: Amazon S3 (with additional tools like AWS Glue), Azure Data Lake Storage, Hadoop Distributed 
File System (HDFS). 
 



 
 
Key Considerations: 
Flexibility: Databases have a fixed schema, data warehouses have a predefined schema optimized for 
analytics, and data lakes provide flexibility with schema-on-read. 
 
Scalability: Data lakes are designed for horizontal scalability and can handle massive amounts of data, 
while databases and data warehouses have more structured scaling limits. 
 
Data Processing Paradigm: Databases focus on transactional processing, data warehouses on analytical 
processing, and data lakes on flexible analytics and exploration. 
 
Use Cases: Databases are suitable for transactional applications, data warehouses for business 
intelligence, reporting, and analytics, and data lakes for storing and analyzing diverse, large-scale data. 
In many modern data architectures, these storage systems are often used in conjunction to address 
different aspects of data management and analytics. 
 
Databases and other data management systems come if a variety of architectures that are optimized for 
particular types of data. 
 
Relational Databases (RDBMS): 
Description: Organize data into tables with rows and columns. Relationships between tables are defined 
using keys. 
Example: MySQL, PostgreSQL, Oracle Database, Microsoft SQL Server. 
 



 
NoSQL Databases: 
Description: Designed to handle unstructured or semi-structured data. Provide flexible schemas and are 
often used for large-scale distributed systems. 
Types: 

• Document Stores: Store data in document format (e.g., JSON, BSON). Examples: MongoDB, 
CouchDB. 

• Key-Value Stores: Store data as key-value pairs. Examples: Redis, DynamoDB. 

• Column-Family Stores: Organize data into columns instead of rows. Examples: Apache Cassandra, 
HBase. 

• Graph Databases: Store and query graph-structured data. Examples: Neo4j, Amazon Neptune. 
 
In-Memory Databases: 
Description: Store and manage data in the computer's main memory (RAM) for faster data retrieval. 
Example: Redis, Memcached. 
 
Wide-Column Stores: 
Description: Designed to handle large volumes of data with high write and read throughput. Data is 
stored in columns instead of rows. 
Example: Apache Cassandra. 
 
Object-Oriented Databases: 
Description: Store data in the form of objects, including attributes and methods. 
Example: db4o, many spatial databases are also object-oriented. 
 
Time-Series Databases: 
Description: Optimize storage and retrieval of time-stamped data, often used for IoT and monitoring 
applications. 
Example: InfluxDB, OpenTSDB. 
 



Spatial Databases: 
Description: Designed for storing and querying spatial data, such as geographical information system 
(GIS) data. 
Example: PostGIS. 
 
NewSQL Databases: 
Description: A category of databases that aim to provide the scalability of NoSQL while maintaining ACID 
(Atomicity, Consistency, Isolation, Durability) properties. 
Example: Google Spanner, CockroachDB. 
 
Multimodal Databases: 
Description: Support multiple data models within a single database system, allowing the storage of 
diverse types of data. 
Example: ArangoDB, OrientDB. 
 
Graph Databases: 
Description: Designed for storing and querying graph-structured data, emphasizing relationships 
between entities. 
Example: Neo4j, Amazon Neptune. 
 
Causal Consistency Databases: 
Description: Aim to provide a balance between strong consistency and availability in distributed systems. 
Example: Riak. 
 
Blockchain Databases: 
Description: Store data in a decentralized, immutable, and tamper-resistant manner using blockchain 
technology. 
Example: BigchainDB. 
 
These categories are not mutually exclusive, and some databases may exhibit characteristics of multiple 
types. The choice of a database type depends on the specific requirements of the application, including 
the nature of the data, scalability needs, performance considerations, and the desired data model. 
 
Let’s look at an overview of the data management lifecycle.  All database types undergo this lifecycle. 
 
The data management lifecycle encompasses the processes and activities involved in the planning, 
acquisition, storage, processing, governance, and eventual disposal of data within an organization. It is a 
systematic approach to handling data throughout its lifecycle to ensure its quality, availability, security, 
and compliance with relevant regulations. The data management lifecycle typically consists of several 
stages: 

1. Planning and Strategy: 
Objectives: Define the business objectives and goals related to data management. Establish a strategic 
plan for how data will be used to support organizational goals. 
Requirements: Identify data requirements, including the types of data needed, sources, formats, and the 
frequency of data updates. 
 

2. Data Acquisition: 



Collection: Acquire data from various sources, including internal databases, external systems, sensors, 
and other data providers. 
Ingestion: Ingest data into the organization's data storage systems, ensuring that it aligns with the 
established data requirements. 
 

3. Data Storage: 
Database Design: Design and implement databases or data storage systems that align with the 
organization's data model and requirements. 
Data Warehousing or Data Lake: Depending on the data's nature, store it in traditional databases, data 
warehouses for structured analytics, or data lakes for diverse, raw data types. 
 

4. Data Processing and Transformation: 
ETL (Extract, Transform, Load): Process and transform data to make it suitable for analysis, reporting, and 
business intelligence. 
Data Quality: Implement processes to ensure data quality, including data cleansing, validation, and 
enrichment. 
 

5. Data Governance: 
Data Policies and Standards: Establish data governance policies and standards to ensure data integrity, 
security, and compliance. 
Metadata Management: Manage metadata to provide context and documentation for the data, 
including its source, lineage, and definitions. 
 

6. Data Analysis and Reporting: 
Analytics: Perform analytics and extract insights from the data to support decision-making. 
Reporting: Generate reports and visualizations to communicate findings to stakeholders. 
 

7. Data Security and Privacy: 
Access Control: Implement access controls to ensure that only authorized individuals can access and 
modify sensitive data. 
Encryption: Apply encryption methods to protect data in transit and at rest. 
Privacy Compliance: Ensure compliance with data protection and privacy regulations. 
 

8. Data Lifecycle Management: 
Archiving: Archive historical data that is no longer actively used but may be needed for compliance or 
historical analysis. 
Data Retention Policies: Establish policies for how long data should be retained based on legal, 
regulatory, or business requirements. 
Data Disposal: Properly dispose of data that is no longer needed, following secure and compliant 
methods. 
 

9. Data Monitoring and Maintenance: 
Monitoring: Continuously monitor data usage, performance, and quality to identify issues and optimize 
data-related processes. 
Maintenance: Perform routine maintenance tasks, such as system updates, backups, and performance 
tuning. 
 

10. Data Retirement: 



Data Decommissioning: When data is no longer needed, decommission databases, systems, or 
applications associated with that data. 
 

11. Documentation and Communication: 
Documentation: Document data management processes, data dictionaries, and metadata to facilitate 
understanding and collaboration. 
Communication: Communicate changes, updates, and best practices related to data management across 
the organization. 
 
The data management lifecycle is an iterative process, and organizations may revisit and refine each 
stage as business needs evolve, technologies advance, and data requirements change. Effectively 
managing the data lifecycle contributes to better decision-making, improved operational efficiency, and 
enhanced compliance with regulatory requirements. You will sometimes see these steps combined into 
as few as six steps. 
 
Data mining and data warehousing are closely related concepts in the field of data management and 
analytics, and they often work together to enable efficient data analysis and knowledge discovery. Here's 
how data mining involves aspects of data warehousing: 
 
Data Storage and Organization: 
Data Warehousing: Data warehousing involves the collection, storage, and organization of large volumes 
of data from various sources into a central repository called a data warehouse. This data is structured, 
cleansed, and integrated for analysis. 
 
Data Mining: Data mining relies on having access to a well-structured and organized dataset. Data 
warehousing provides this organized data, making it easier for data mining techniques to work 
effectively. Data miners can query the data warehouse for the necessary information. 
 
Data Integration: 
Data Warehousing: Data warehousing often integrates data from diverse sources, such as databases, 
external systems, and data streams. It involves the transformation and standardization of data to ensure 
consistency and reliability. 
Data Mining: Data mining benefits from the integrated data within a data warehouse because it allows 
data miners to analyze information from multiple sources in a unified manner. This integration is crucial 
for finding patterns and insights that might be hidden when analyzing data in isolation. 
 
Data Cleansing and Quality Control: 
Data Warehousing: Data warehousing typically includes data cleansing processes to ensure that data is 
accurate, complete, and free from errors or inconsistencies. 
Data Mining: Data quality is critical in data mining because errors or inconsistencies can lead to incorrect 
or misleading patterns. By using data from a data warehouse, which has already undergone cleansing 
and quality control, data miners can trust the integrity of the data they work with. 
Data Retrieval and Querying: 
Data Warehousing: Data warehouses are designed for efficient data retrieval and querying. They often 
use data indexing and optimization techniques to provide quick access to the stored data. 
Data Mining: Data mining algorithms require efficient access to data, as they often need to scan and 
analyze large datasets. Data warehousing systems are optimized for this purpose, enabling data miners 
to access data quickly and perform complex queries. 



 
Historical Data: 
Data Warehousing: Data warehouses often store historical data over extended periods, allowing data 
miners to perform trend analysis and discover insights from past records. 
Data Mining: Access to historical data is valuable for many data mining tasks, such as forecasting, 
anomaly detection, and identifying long-term trends. Data warehouses provide a historical repository 
that data miners can leverage. 
 
Scalability and Performance: 
Data Warehousing: Data warehouses are designed to handle large-scale data storage and retrieval 
efficiently. They are optimized for performance, which is essential for supporting data mining operations. 
Data Mining: Data mining processes, particularly when applied to big data, require systems that can 
scale and handle large datasets. Data warehousing technologies help ensure that data mining operations 
can be performed efficiently and in a timely manner. 
 
In summary, data mining and data warehousing are closely intertwined, with data warehousing providing 
the infrastructure and data management capabilities necessary for effective data mining. The 
integration, cleansing, organization, and efficient retrieval of data within a data warehouse contribute 
significantly to the success of data mining endeavors. 
 
Big Data: Big data refers to large and complex datasets that are beyond the capacity of traditional data 
processing tools to capture, manage, and process within a tolerable timeframe. Big data is characterized 
by the three Vs: 
 
Volume: The sheer amount of data generated, often in petabytes or exabytes. 
Velocity: The speed at which data is generated, collected, and processed in real-time or near-real-time. 
Variety: The diversity of data types, including structured, semi-structured, and unstructured data from 
various sources. 
 
In addition to the three Vs, two more Vs are often added to describe big data: 
Veracity: The reliability and accuracy of the data, considering its quality and trustworthiness. 
Value: The ability to turn the data into valuable insights and actionable information. 
 
Issues Associated with Big Data: 
Data Storage and Management: 
Challenge: Storing and managing massive volumes of data efficiently. 
Solution: Distributed storage systems, cloud storage, and scalable databases like NoSQL databases. 
 
Data Processing and Analysis: 
Challenge: Traditional data processing tools may struggle with the speed and complexity of big data 
processing. 
Solution: Distributed computing frameworks like Apache Hadoop, Apache Spark, and specialized 
analytics platforms. 
 
Data Integration: 
Challenge: Integrating diverse data sources with different formats and structures. 
Solution: ETL (Extract, Transform, Load) processes, data integration platforms, and data lakes. 
 



Data Quality: 
Challenge: Ensuring the accuracy, completeness, and reliability of big data. 
Solution: Implementing data quality processes, data cleansing, and validation. 
 
Security and Privacy: 
Challenge: Protecting sensitive information in large datasets from unauthorized access and ensuring 
compliance with privacy regulations. 
Solution: Robust cybersecurity measures, encryption, access controls, and compliance frameworks. 
 
Scalability: 
Challenge: Scaling infrastructure and systems to handle growing volumes of data. 
Solution: Cloud computing, scalable storage solutions, and distributed computing architectures. 
 
Real-time Processing: 
Challenge: Analyzing and responding to data in real-time or near-real-time. 
Solution: Real-time processing frameworks, streaming analytics, and in-memory databases. 
 
Data Governance: 
Challenge: Establishing and maintaining data governance policies and practices for big data. 
Solution: Implementing data governance frameworks, metadata management, and compliance 
monitoring. 
 
Skills Gap: 
Challenge: Shortage of skilled professionals with expertise in big data technologies. 
Solution: Training programs, certifications, and educational initiatives to develop a workforce with big 
data skills. 
 
Costs: 
Challenge: Managing the costs associated with acquiring, storing, and processing large volumes of data. 
Solution: Cost-effective cloud solutions, optimization of infrastructure, and budget planning. 
 
Ethical Concerns: 
Challenge: Addressing ethical considerations related to data collection, usage, and potential biases. 
Solution: Implementing ethical data practices, transparency, and responsible AI frameworks. 
 
Regulatory Compliance: 
Challenge: Navigating and complying with data protection and privacy regulations. 
Solution: Developing and implementing robust compliance programs, staying informed about regulatory 
changes. 
 
Effectively addressing these challenges requires a combination of technology, processes, and skilled 
personnel to unlock the potential value of big data for organizations. As technology continues to evolve, 
new challenges and solutions will emerge in the field of big data. 
 
 
 
 
Resources: 



1. https://www.ibm.com/topics/data-lifecycle-management 
2. https://online.hbs.edu/blog/post/data-life-cycle 
3. https://www.splunk.com/en_us/blog/learn/dlm-data-lifecycle-management.html 
4. https://blog.netwrix.com/2023/03/03/data-lifecyle-management/ 
5. https://segment.com/blog/data-life-cycle/ 
6. https://aws.amazon.com/what-is/data-warehouse/ 
7. https://aws.amazon.com/what-is/data-warehouse/ 
8. https://www.oracle.com/database/what-is-a-data-warehouse/ 
9. https://www.ibm.com/topics/data-warehouse 
10. https://www.simplilearn.com/data-warehouse-article 
11. https://www.tutorialspoint.com/dwh/dwh_data_warehousing.htm 
12. https://www.oracle.com/big-data/what-is-big-data/ 
13. https://cloud.google.com/learn/what-is-big-data 
14. https://www.investopedia.com/terms/b/big-data.asp 
15. https://www.ibm.com/analytics/big-data-analytics 
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