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• This unit introduces trainees to big data tools with a specific emphasis
on Spark.
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• Explain data analytics tools.
• Apply PySpark and Collab to perform basic data processing

techniques.
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• Big Data Tools
• Storage Processing
• Batch Processing
• Streaming processing
• Graph processing
• Spark using python
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• Storage Processing- Spanner and MemSQL
• Batch Processing - Apache Hadoop and Spark
• Streaming processing- Apache Flink, Storm, Kafka and Samza
• Graph processing- Apache Giraph, GraphX, GraphLab and Neo4j
• PySpark
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• Both Spanner and MemSQL are ACID-compliant relational database systems,
meaning that any changes to the data are reliably committed and not lost in
the event of unexpected or unwelcome scenarios. Both solutions offer large
scalability of data storage - Spanner offering up to petabytes of data while
MemSQL offering up to terabytes.

• The main difference between Spanner and MemSQL is in their respective
capabilities for horizontal scalability - Spanner is able to dynamically scale
across clouds or data centers, with no limit, while MemSQL's scaling is limited to
a single cluster.

• Even though MemSQL performs better than Spanner in terms of performance,
Spanner still offers a higher degree of data consistency across its distributed
clusters.
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• The best option for a particular application depends on the
specific requirements for data consistency, performance,
scalability, and data model.

• If the application requires large scalability, a high degree of
consistency, and generalized query performance, then
Spanner is the better option.

• On the other hand, if the application requires fast, ad-hoc
query performance with limited scalability, then MemSQL is the
better choice.
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• In the context of big data, batch processing refers to the process of
running long-running jobs such as data mapping, aggregation, and
analytics against large data sets. Common tools used for batch
processing include:
• Apache Hadoop: Apache Hadoop is an open source distributed computing

platform that enables the processing of large data sets across clusters of
computers using simple programming models. Hadoop is well-suited for batch
processing as it can scale up to hundreds or thousands of machines, providing a
robust platform for data processing.

• Apache Spark: Apache Spark is a fast and general-purpose engine for large-
scale data processing. It can be used to implement batch processing functions
in a distributed and fault tolerant manner. Spark also provides powerful APIs for
working with structured and semi-structured data, making data integration and
analysis easier.
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• Apache Flink is a distributed streaming processing framework for handling
large-scale data processing and streaming analytics. It allows for real-time
processing of data from multiple sources such as IoT devices, sensors, and
websites.

• Apache Storm is a distributed real-time computation system for streaming
data. It allows for rapid processing of data from web services, sensors, and
social media networks.

• Apache Kafka is an open source stream processing platform. It can be used for
both batch and streaming processing of data from distributed and
heterogeneous sources.

• Apache Samza is a distributed stream processing framework. It is suitable for
real-time processing of data streams from applications such as web services,
sensors, and databases.
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• Storm provides higher availability for data-processing
operations compared to Flink. It also has better latency
than Flink, which makes it suitable for short response-time
applications like real-time analytics. On the other hand,
Flink is a better choice for applications that require high
throughput.

• Kafka is usually used in combination with Apache Spark or
Apache Storm for stream processing jobs.

• Samza is built on top of Apache Kafka and is used to
process and analyze streamed data in real-time.
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• Apache Giraph: It is an Apache Hadoop-based system for processing
extremely large-scale graph data in the form of billions of nodes and
edges. It uses a master-worker architecture.

• GraphLab: This is a large-scale parallel processing system for performing
computations on large graph-structured data. It provides an extensive set
of APIs for graph analysis and machine learning and supports Python, Java
and Scala languages.

• Apache Spark GraphX: It is a distributed in-memory graph processing
engine built on top of Apache Spark. It provides a set of APIs for developers
to perform graph analytics on large-scale graph datasets.

• Neo4j: It is an open-source NoSQL database with support for Java, Python,
and other programming languages. It is designed to manage and query
connected data with ease.
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• Apache Giraph is written in Java and works on Apache
Hadoop.

• Apache GraphX is a graph computing framework built on top
of Apache Spark.

• Neo4j is a native graph database platform, which utilizes
nodes, edges, and labels to design, store, and manage its
data. Apache GraphX is an open source graph processing
framework designed to build and execute distributed
algorithms on graphs.
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• PySpark is easy to use due to its Python API, which makes it more attractive to
developers.

• PySpark is faster than traditional large-scale data processing frameworks like Hadoop
MapReduce.

• PySpark allows developers to perform complex computations on large datasets by
using its in-memory cluster computing capabilities.

• With the use of DataFrames, PySpark allows for structured query analysis which helps
improve performance.

• PySpark also provides a multitude of libraries for analytics, machine learning, graph
processing, and streaming.

• PySpark also integrates with a number of other big data tools and cloud services
including Apache Hive, Apache Cassandra, and Amazon S3.

• PySpark is open source and free to use.
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• UsePandasWhen:
• Your dataset fits into the memory of a single machine.
• You are working on exploratory data analysis (EDA), data cleaning,

or small to medium-sized data manipulation tasks.
• UsePySparkWhen:

• You are dealing with very large datasets that need to be
distributed across a cluster.

• You need horizontal scalability to handle big data workloads.
• You want to leverage the full capabilities of the Apache Spark

ecosystem for distributed computing, including machine learning
and graph processing.
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• Google Colab is a cloud-based notebook environment that
excels in collaborative work, data analysis, and machine
learning tasks.

• You can write and execute python code, save and share your
analyses, and access powerful computing resources, all for
free from your browser.

• To start working with Colab you first need to log in to your
google/gmail account, then go to this
link https://colab.research.google.com.
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• EXAMPLES: Contain a number of
Jupyter notebooks of various
examples.

• RECENT: Jupyter notebook you
have recently worked with.

• GOOGLE DRIVE: Jupyter notebook
in your google drive.

• GITHUB: You can add Jupyter
notebook from your GitHub but
you first need to connect Colab
with GitHub.

• UPLOAD: Upload from your local
directory.
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• If you want to open
something specific, drop
the “File” menu down to
“Open Notebook…”
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• A basic approach to share data is the comma separated value (CSV)
format
• it is a text format, accessible to all apps
• each line (even if blank) is a row
• in each row, each value is separated from the others by a comma

(even if it is blank)
• cannot capture complex things like formula
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• Distributed Computing: PySpark is designed for distributed computing. Google Colab
provides free access to a limited amount of cloud-based resources, which allows you to
leverage distributed computing capabilities for processing large datasets.

• Scalability: PySpark scales horizontally, meaning it can distribute tasks across multiple
nodes in a cluster. This is particularly useful when dealing with big data or computationally
intensive tasks, where the processing load can be distributed for faster execution.

• Access to Cloud Resources: Google Colab allows you to access Google Cloud resources,
making it easier to integrate with other Google Cloud services and perform distributed
computations using Google's infrastructure.

• Free GPU Acceleration: Google Colab provides free access to Graphics Processing Units
(GPUs). While PySpark is not primarily GPU-accelerated, you can still leverage GPU
acceleration for specific tasks by using libraries that support GPU computations (e.g.,
TensorFlow, PyTorch).



Project 101186291—SMARCO

Funded by the European Union. Views and opinions expressed are however those of the

author(s) only and do not necessarily reflect those of the European Union or the European

Education and Culture Executive Agency (EACEA). Neither the European Union nor EACEA

can be held responsible for them.

• The following example shows how to use PySpark to process data
sources to feed decision-making

Press Shift+Enter to 
execute the cell in 

colab cell

• Adult dataset is commonly used for binary classification tasks, where 
the goal is to predict whether a person earns more than $50,000 per 
year based on various demographic and socio-economic attributes.
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• Distributed collections of data organized into named columns, similar to
a table in a relational database or a data frame in Pandas.

• Leverage the distributed computing capabilities of Apache Spark. They
are split into partitions, and the operations are performed in parallel
across a cluster of machines.

• Have a schema, which defines the structure of the data, including the
names and types of columns. The schema allows for optimization and
efficient execution of queries.

• Support a wide range of operations, including filtering, grouping,
aggregation, joins, and more. These operations are similar to those in
SQL or Pandas, making it easier for users to transition between different
tools.
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In the context of data analysis and
manipulation, joining DataFrames refers to
combining two or more DataFrames based
on a common column or index. Joining is a
fundamental operation in relational
databases and data analysis tools
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Converting categorical data to numerical form is a
common and essential preprocessing step in
machine learning.
Many machine learning algorithms are designed to
work with numerical data. Converting categorical
variables to numerical form allows you to use a
wider range of algorithms without running into
compatibility issues.
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You can use evaluation
metrics to assess the
performance of your
logistic regression model.

You need to prepare your
data by assembling features
into a single vector column.
If your data is not in this
format, you can use
VectorAssembler to create
a new DataFrame with a
vector column.
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https://colab.research.google.com/drive/1RucEzI8NogTieUVCcVp_PPW
KjopBOarE?usp=sharing

https://colab.research.google.com/drive/1RucEzI8NogTieUVCcVp_PPWKjopBOarE?usp=sharing
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challenges, solutions, and research directions. Cluster Computing, 25(5),
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• To consolidate your learning and reflect on the key
concepts covered, please take a moment to complete this
quiz.

• Your feedback and results will help you track your progress
and support continuous improvement of the training
experience.

• By completing this quiz, you will also become eligible to
receive a certificate of successful training completion.

• Click this link to begin the quiz!

https://ec.europa.eu/eusurvey/runner/UrbanDataAnalytics2?startQuiz=true&surveylanguage=EN
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