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INDIAN INSTITUTE OF DATA SCIENCE

THE GLOBAL OEPN UNIVERSITY NAGALAND
Sodzulhou Village, 7® Mile, Opp. JCB Showroom, Chumoukedima - 797115, Nagaland

The details of the paperwise distribution of the one year Post
Graduate Diploma in Data Science conducted by the Indian
Institute of Data Science (IIDS), a Constituent Unit of The
Global Open University Nagaland, curriculum and fee etc. are
mentioned below :

POST GRADUATE DIPLOMA IN DATA SCIENCE
SEMESTER I:

PAPER 1:
INTRODUCTION TO DATA SCIENCE

Course Duration: 15 weeks

Course Description: This course provides students with a foundational
understanding of data science concepts, techniques, and applications. Students will
learn how to acquire, clean, explore, and analyze data, as well as communicate
insights effectively through data visualization and storytelling. The course also
introduces basic statistical methods and prepares students for more advanced topics
in later courses.

Week 1-2: Introduction to Data Science

Overview of data science and its role in various industries
Historical context and evolution of data science
Data science lifecycle and key stages

Week 3-4: Data Acquisition and Cleaning
Data sources and types (structured, unstructured, semi-structured)

Data collection methods and considerations
Data cleaning techniques (handling missing values, outliers, etc.)




Data preprocessing and transformation
Week 5-6: Data Exploration and Visualization

Exploratory data analysis (descriptive statistics, data distributions)
Data visualization principles and best practices
Introduction to data visualization libraries (e.g., Matplotlib, Seaborn)

Week 7-8: Introduction to Statistical Analysis

Basic concepts of probability and statistics for data science
Descriptive and inferential statistics

Sampling techniques and sampling distributions

Central limit theorem and confidence intervals

Week 9-10: Statistical Inference and Hypothesis Testing

Hypothesis formulation and testing
One-sample and two-sample t-tests
Chi-squared tests for categorical data
Interpreting p-values and making conclusions

Week 11-12: Regression Analysis

Simple linear regression

Multiple linear regression

Model evaluation and interpretation
Residual analysis and model diagnostics

Week 13-14: Exploratory Data Analysis with Python

Using Python for data manipulation (Pandas) and visualization (Matplotlib,
Seaborn)

Grouping and aggregating data

Creating meaningful visualizations to extract insights

Week 15: Capstone Project: Data Exploration and Visualization

Students work on a guided capstone project

Applying concepts learned throughout the course to analyze and visualize a real-
world dataset

Presentation of findings and insights

Assessment Methods:

Quizzes and assignments to assess understanding of concepts and techniques
Practical exercises using Python for data manipulation and visualization

Group discussions and case studies to apply concepts to real-world scenarios
Capstone project to demonstrate proficiency in data exploration and visualization
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Recommended Resources:

"Python for Data Analysis" by Wes McKinney

"Data Science for Business" by Foster Provost and Tom Fawcett

Online tutorials and documentation for Python libraries (Pandas, Matplotlib,
Seaborn)

OVERVIEW OF DATA SCIENCE CONCEPTS AND APPLICATIONS
Course Duration: 12 weeks

Course Description: This course provides students with a comprehensive
introduction to the fundamental concepts, methodologies, and applications of data
science. Students will gain an understanding of the data science ecosystem, its
interdisciplinary nature, and its role in solving real-world problems across various
domains. The course covers key data science processes, techniques, and tools,
setting the stage for deeper exploration in subsequent courses.

Week 1-2: Introduction to Data Science

Defining data science and its significance in modern society
Historical context and evolution of data science

Data science vs. related fields (statistics, machine learning, AI)
Ethical considerations and responsible data science

Week 3-4: Data Science Lifecycle

Overview of the data science lifecycle stages
Problem formulation and project scoping

Data collection, cleaning, and preprocessing
Exploratory data analysis and feature engineering

Week 5-6: Data Storage and Retrieval

Data storage technologies (databases, data warehouses, NoSQL)
Structured vs. unstructured data

Introduction to SQL and data querying

Data retrieval and manipulation techniques

Week 7-8: Data Exploration and Visualization

Exploratory data analysis techniques

Data visualization principles and best practices

Effective communication of insights through visualization
Introduction to data visualization tools (Matplotlib, Seaborn, Tableau)

Week 9-10: Machine Learning Fundamentals

Introduction to machine learning concepts
Supervised, unsupervised, and reinforcement learning




Model training, evaluation, and selection
Applications of machine learning in data science projects

Week 11-12: Real-world Applications of Data Science

Case studies showcasing data science applications in various domains (healthcare,
finance, marketing, etc.)

Industry trends and examples of successful data-driven projects

Guest lectures by data science professionals sharing their experiences

Implications of data science on business strategies and decision-making

Assessment Methods:

Written assessments and quizzes to gauge understanding of key concepts

Practical assignments involving data exploration, visualization, and basic machine
learning

Group discussions and case study analysis to encourage critical thinking

Final project where students apply data science principles to solve a real-world
problem and present their findings

Recommended Resources:

"Data Science for Business" by Foster Provost and Tom Fawcett

"Python for Data Analysis" by Wes McKinney

Online tutorials and documentation for data visualization tools (Matplotlib,
Seaborn, Tableau)

Academic and industry articles showcasing data science applications

DATA ACQUISITION, CLEANING, AND EXPLORATION
Course Duration: 12 weeks

Course Description: This course focuses on the crucial initial stages of the data
science process: acquiring, preparing, and exploring data. Students will learn how
to effectively collect data from various sources, clean and preprocess it to ensure
quality and reliability, and use exploratory techniques to gain insights. Practical
skills will be developed through hands-on exercises and real-world datasets.

Week 1-2: Introduction to Data Acquisition and Sources

Importance of data acquisition in data science

Types of data sources (structured, unstructured, web scraping, APIs)
Ethical considerations in data collection and usage

Data acquisition tools and techniques

Week 3-4: Data Collection and Preprocessing
Data collection methods (surveys, sensors, web scraping, etc.)

Data formats (CSV, JSON, XML, etc.) and data storage
Data quality issues and common challenges




Data preprocessing techniques (cleaning, transformation, integration)
Week 5-6: Exploratory Data Analysis (EDA)

Purpose and benefits of exploratory data analysis
Data summarization and descriptive statistics
Visualizing data distributions and relationships
Identifying outliers and anomalies

Week 7-8: Data Cleaning and Transformation

Techniques for handling missing data (imputation, removal)
Dealing with duplicates and inconsistencies

Data transformation (normalization, scaling, encoding)
Feature engineering and creation of new variables

Week 9-10: Data Visualization for Exploration

Principles of effective data visualization
Visualizing distributions, trends, and patterns
Creating meaningful plots and charts using libraries (Matplotlib, Seaborn)

Week 11-12: Exploring High-Dimensional Data

Challenges of working with high-dimensional data
Dimensionality reduction techniques (PCA, t-SNE)

Clustering and grouping similar data points

Visualizing high-dimensional data using dimensionality reduction

Assessment Methods:

Assignments and quizzes to assess understanding of data acquisition and
preprocessing concepts

Practical exercises involving data cleaning, transformation, and visualization
Exploratory data analysis projects using real-world datasets

Group discussions and case studies to apply techniques to diverse data sources

Recommended Resources:

"Python for Data Analysis" by Wes McKinney

Online tutorials and documentation for data cleaning and visualization libraries
(Pandas, Matplotlib, Seaborn)

Research papers and articles on best practices in data preprocessing and
exploratory analysis

DATA ACQUISITION, CLEANING, AND EXPLORATION

Course Duration: 12 weeks




Course Description: This course provides students with a comprehensive
understanding of the data preprocessing phase in the data science lifecycle.
Students will learn how to acquire data from various sources, clean and preprocess
it to ensure quality, and explore data using statistical and visualization techniques.
Practical exercises and real-world case studies will reinforce these concepts.

Week 1-2: Introduction to Data Acquisition and Sources

Importance of data acquisition in the data science process

Types of data sources: structured, unstructured, semi-structured
Ethical considerations in data collection and usage

Data acquisition methods: web scraping, APIs, databases

Week 3-4: Data Collection Techniques

Surveys, questionnaires, and interviews

Sensor data and Internet of Things (IoT)

Social media data and sentiment analysis

Hands-on exercise: Collecting data using web scraping and APIs

Week 5-6: Data Cleaning and Preprocessing

Data quality assessment and common issues (missing values, outliers)
Handling missing data: imputation, removal, interpolation

Dealing with duplicates and inconsistencies

Data transformation and normalization techniques

Week 7-8: Exploratory Data Analysis (EDA)

Purpose and benefits of EDA in understanding data

Descriptive statistics: measures of central tendency, dispersion, skewness
Data visualization: histograms, scatter plots, box plots

Hands-on exercise: Creating EDA visualizations using Python libraries

Week 9-10: Advanced Data Visualization Techniques

Multivariate data visualization

Visualizing relationships between multiple variables

Interactive visualizations using tools like Plotly

Hands-on exercise: Creating interactive visualizations for complex datasets

Week 11-12: Dimensionality Reduction and Feature Engineering

Techniques for reducing dimensionality: PCA, t-SNE

Importance of feature engineering in improving model performance

Creating new features from existing data

Hands-on exercise: Applying dimensionality reduction and feature engineering to a
dataset




Assessment Methods:

Quizzes and assignments to assess understanding of data acquisition, cleaning, and
exploration concepts

Practical exercises involving data cleaning, preprocessing, and visualization
Exploratory data analysis projects on real-world datasets

Group discussions and case studies to analyze and interpret complex data scenarios

Recommended Resources:

"Python for Data Analysis" by Wes McKinney

Online tutorials and documentation for data preprocessing and visualization
libraries (Pandas, Matplotlib, Seaborn)

Research papers and articles on best practices in data preprocessing and
exploratory analysis

BASICS OF DATA VISUALIZATION
Course Duration: 10 weeks

Course Description: This course focuses on the fundamental principles of data
visualization, covering techniques to effectively communicate insights from data
through graphical representation. Students will learn how to create clear,
informative, and engaging visualizations, enabling them to convey complex
information to diverse audiences. Hands-on exercises and real-world examples will
reinforce the concepts.

Week 1-2: Introduction to Data Visualization

Importance of data visualization in data analysis and communication
Role of data visualization in exploratory and explanatory analysis
Historical context and evolution of data visualization techniques
Ethical considerations and responsible visualization

Week 3-4: Data Visualization Principles and Design

Key principles of effective data visualization (accuracy, clarity, efficiency,
aesthetics)

Visual perception and cognitive aspects of visualization

Understanding the audience and tailoring visualizations accordingly

Color theory and best practices for color usage

Week 5-6: Exploratory Data Visualization

Purpose of exploratory data visualization in data analysis

Types of exploratory visualizations: scatter plots, histograms, box plots

Visualizing distributions, relationships, and patterns

Hands-on exercise: Creating exploratory visualizations using Python libraries
(Matplotlib, Seaborn)
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Week 7-8: Explanatory Data Visualization

Creating explanatory visualizations for storytelling and presentation

Designing effective narratives with visualizations

Visualizing trends over time, comparisons, and hierarchies

Hands-on exercise: Crafting explanatory visualizations using advanced techniques

Week 9-10: Interactive and Dynamic Visualizations

Importance of interactivity in engaging visualizations

Tools and libraries for creating interactive visualizations (D3.js, Plotly)
Adding interactivity to static visualizations: tooltips, filters, animations
Final project: Designing and presenting an interactive data visualization

Assessment Methods:

Quizzes and assignments to assess understanding of data visualization principles
and techniques

Practical exercises involving creating and customizing visualizations using data
Project-based assignments on exploratory and explanatory data visualization

Final interactive visualization project and presentation

Recommended Resources:

"Storytelling with Data" by Cole Nussbaumer Knaflic

"Data Visualization: A Practical Introduction" by Kieran Healy

Online tutorials and documentation for data visualization libraries (Matplotlib,
Seaborn, D3.js, Plotly)

Research papers and articles on data visualization best practices and case studies

INTRODUCTION TO STATISTICAL ANALYSIS FOR DATA SCIENCE
Course Duration: 10 weeks

Course Description: This course introduces students to the foundational concepts
of statistical analysis in the context of data science. Students will learn essential
statistical techniques and methods for making data-driven decisions. The course
emphasizes the application of statistical tools using real-world datasets and
practical exercises.

Week 1-2: Introduction to Statistical Thinking

Importance of statistical analysis in data-driven decision-making
Role of statistics in data science and research

Types of data and levels of measurement

Ethical considerations in statistical analysis

Week 3-4: Descriptive Statistics

Measures of central tendency: mean, median, mode




Measures of dispersion: range, variance, standard deviation
Percentiles, quartiles, and box plots
Visualizing data distributions using histograms and density plots

Week 5-6: Probability and Probability Distributions

Fundamentals of probability theory

Probability distributions: normal, binomial, Poisson

Probability density functions and cumulative distribution functions
Applying probability distributions to real-world scenarios

Week 7-8: Sampling and Estimation

Simple random sampling and sampling techniques
Point estimation and interval estimation
Confidence intervals and margin of error
Sample size determination for estimation

Week 9-10: Hypothesis Testing and Statistical Inference

Formulating null and alternative hypotheses

Type I and Type II errors

Common hypothesis tests: t-tests, chi-squared tests
Interpreting p-values and making conclusions

Assessment Methods:

Quizzes and assignments to assess understanding of statistical concepts

Practical exercises involving calculation of descriptive statistics, probability, and
hypothesis tests

Real-world case studies applying statistical analysis to data science scenarios

Final project where students design and conduct a statistical analysis on a provided
dataset

Recommended Resources:

"Statistics" by Robert S. Witte and John S. Witte

"Introduction to the Practice of Statistics" by David S. Moore, George P. McCabe,
and Bruce A. Craig

Online tutorials and resources for statistical analysis tools (R, Python)

Research papers and articles on statistical methods in data science applications




PAPER 2:
PROGRAMMING FOR DATA SCIENCE

Course Duration: 12 weeks

Course Description: This course provides students with a comprehensive
introduction to programming for data science using Python. Students will learn the
fundamentals of programming, data manipulation, and analysis, enabling them to
effectively work with datasets, perform computations, and prepare data for
analysis. The course emphasizes hands-on coding exercises and practical
applications.

Week 1-2: Introduction to Programming

Basics of programming: variables, data types, operators
Control structures: loops and conditional statements
Functions and modular programming

Writing clean and readable code

Week 3-4: Data Manipulation with Python

Introduction to Python libraries for data manipulation (Pandas)
Loading and exploring datasets

Filtering, sorting, and transforming data

Handling missing values and duplicates

Week 5-6: Data Analysis and Computation

Performing calculations and operations on data
Aggregating and summarizing data

Basic descriptive statistics using Pandas

Practical exercise: Analyzing a dataset using Python

Week 7-8: Data Visualization with Python

Introduction to data visualization libraries (Matplotlib, Seaborn)
Creating basic plots: line plots, scatter plots, bar plots
Customizing visualizations for effective communication
Visualizing data distributions and relationships

Week 9-10: Working with External Data

Reading and writing data in different formats (CSV, Excel, JSON)
Interacting with databases using Python (SQLAlchemy)

Integrating data from different sources

Practical exercise: Importing and merging data from multiple sources




Week 11-12: Project: Data Analysis and Visualization

Students work on a guided project involving data analysis and visualization
Applying programming skills to manipulate and analyze a real-world dataset
Creating meaningful visualizations to communicate insights

Presentation and documentation of the project

Assessment Methods:

Coding assignments and quizzes to assess programming knowledge
Practical exercises involving data manipulation, analysis, and visualization
Project-based assessments for applying programming skills to data analysis
Final project presentation and documentation

Recommended Resources:

"Python for Data Analysis" by Wes McKinney

"Python Crash Course" by Eric Matthes

Online tutorials and documentation for Python and data manipulation libraries
(Pandas, Matplotlib, Seaborn)

Coding platforms and interactive online coding environments

FUNDAMENTALS OF PROGRAMMING USING PYTHON/R
Course Duration: 12 weeks

Course Description: This course provides students with a solid foundation in
programming using Python and R, two popular languages for data science and
analysis. Students will learn the core concepts of programming, syntax, data
structures, and control flow, enabling them to write code, manipulate data, and
solve problems. The course emphasizes practical exercises and real-world
applications.

Week 1-2: Introduction to Programming Concepts

Importance of programming in data science and analysis

Basic programming terminology: variables, data types, expressions
Writing and executing simple programs

Overview of Python and R as programming languages

Week 3-4: Control Flow and Decision Making

Conditional statements: if, else, elif

Loops: for, while, loop control statements

Using control structures to solve problems

Practical exercise: Writing conditional programs in Python/R

Week 5-6: Data Structures and Collections

Lists, tuples, and dictionaries in Python
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Vectors, lists, and data frames in R
Indexing and slicing data structures
Storing and manipulating data efficiently

Week 7-8: Functions and Modular Programming

Defining and using functions in Python/R
Function arguments, return values, and scope
Modular programming and code organization
Hands-on exercise: Creating and using functions

Week 9-10: File Handling and Data I/0

Reading and writing data from/to files (CSV, Excel, text)

Data serialization and deserialization

Handling exceptions and errors in file operations

Practical exercise: Reading and processing data files in Python/R

Week 11-12: Project: Programming for Data Analysis

Students work on a guided project involving programming and data analysis
Applying programming skills to manipulate and analyze a real-world dataset
Creating meaningful visualizations and presenting insights

Project documentation and presentation

Assessment Methods:

Coding assignments and quizzes to assess programming knowledge
Practical exercises involving programming concepts and data manipulation
Project-based assessments for applying programming skills to data analysis
Final project presentation and documentation

Recommended Resources:

"Python Crash Course" by Eric Matthes (for Python)

"R for Data Science" by Hadley Wickham (for R)

Online tutorials and documentation for Python and R programming languages
Interactive coding platforms and IDEs (Integrated Development Environments)

DATA STRUCTURES AND ALGORITHMS
Course Duration: 12 weeks

Course Description: This course focuses on the fundamental concepts of data
structures and algorithms and their relevance in data science and programming.
Students will learn various data structures, their properties, and practical
applications. They will also study algorithm design and analysis techniques to solve
computational problems efficiently. The course emphasizes hands-on
implementation and problem-solving exercises.
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Week 1-2: Introduction to Data Structures and Algorithms

Importance of data structures and algorithms in programming
Overview of common data structures and algorithms
Algorithm complexity: time and space complexity

Notation: Big O, Big Theta, and Big Omega

Week 3-4: Arrays and Linked Lists

Introduction to arrays and linked lists

Operations and properties of arrays and linked lists
Implementing arrays and linked lists in Python/R
Comparing performance and use cases

Week 5-6: Stacks and Queues

Basics of stacks and queues

Implementing stacks and queues using arrays and linked lists
Applications of stacks and queues in data science

Solving problems using stacks and queues

Week 7-8: Trees and Binary Trees

Introduction to trees and binary trees

Tree traversal algorithms: in-order, pre-order, post-order
Binary search trees: properties and operations
Applications of trees in hierarchical data representation

Week 9-10: Graphs and Graph Algorithms

Basics of graph theory and terminology

Representing graphs: adjacency matrix, adjacency list

Graph traversal algorithms: breadth-first search, depth-first search
Shortest path algorithms: Dijkstra's algorithm

Week 11-12: Sorting and Searching Algorithms

Comparison-based sorting algorithms: bubble sort, merge sort, quick sort
Searching algorithms: linear search, binary search

Analysis of sorting and searching algorithms

Practical exercise: Implementing sorting and searching algorithms

Assessment Methods:

Quizzes and assignments to assess understanding of data structures and algorithm
concepts

Coding exercises involving implementation of wvarious data structures and
algorithms

Problem-solving assignments to apply algorithmic techniques to real-world
scenarios
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Final project involving the design and analysis of an algorithm for a specific
problem

Recommended Resources:

"Introduction to Algorithms" by Thomas H. Cormen, Charles E. Leiserson, Ronald
L. Rivest, Clifford Stein

Online tutorials and resources on data structures and algorithms in Python/R
Coding platforms and practice websites for algorithmic exercises

Research papers and articles on applications of data structures and algorithms in
data science

DATA MANIPULATION AND ANALYSIS USING LIBRARIES LIKE
PANDAS AND NumPY

Course Duration: 10 weeks

Course Description: This course focuses on practical data manipulation and
analysis techniques using the popular Python libraries Pandas and NumPy.
Students will learn how to effectively handle, preprocess, and analyze data using
these powerful tools. The course emphasizes hands-on exercises and real-world
applications to develop proficiency in data manipulation and analysis.

Week 1-2: Introduction to Data Manipulation and Analysis

Overview of data manipulation and analysis in data science
Role of libraries like Pandas and NumPy

Installing and setting up Pandas and NumPy

Reading and loading data into Pandas DataFrames

Week 3-4: Data Manipulation with Pandas

Selecting and filtering data using Pandas

Data cleaning and preprocessing techniques
Handling missing values and duplicates
Aggregating and summarizing data with Pandas

Week 5-6: Exploratory Data Analysis with Pandas

Descriptive statistics and data profiling

Grouping and pivoting data with Pandas

Visualizing data using Pandas and Matplotlib/Seaborn
Practical exercise: Exploratory data analysis on a dataset

Week 7-8: Introduction to NumPy and Array Operations
Introduction to NumPy arrays and their advantages

Basic array operations: indexing, slicing, reshaping
Mathematical operations and broadcasting
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Applying NumPy to data manipulation tasks
Week 9-10: Advanced Data Manipulation and Analysis

Combining and merging data using Pandas

Time series data manipulation with Pandas

Multi-indexing and hierarchical data representation

Final project: Applying Pandas and NumPy to a real-world dataset

Assessment Methods:

Quizzes and assignments to assess understanding of data manipulation and
analysis concepts

Practical exercises involving data manipulation and analysis using Pandas and
NumPy

Exploratory data analysis projects on real-world datasets

Final project involving advanced data manipulation and analysis tasks

Recommended Resources:

"Python for Data Analysis" by Wes McKinney

Online tutorials and documentation for Pandas and NumPy libraries

Interactive coding platforms and practice websites for data manipulation and
analysis exercises

Research papers and articles on best practices for data manipulation and analysis
in Python

HANDS-ON CODING EXERCISES AND PROJECTS
Course Duration: 10 weeks

Course Description: This course is designed to provide students with practical
hands-on experience in coding and programming through a series of exercises and
projects. Students will apply programming concepts learned in previous courses to
real-world scenarios, reinforcing their skills and enhancing their problem-solving
abilities. The course emphasizes practical coding, debugging, and project
development.

Week 1-2: Review of Programming Fundamentals

Recap of key programming concepts (variables, data types, loops, functions)
Troubleshooting and debugging techniques

Practicing efficient code writing and readability

Setting up coding environments and version control tools

Week 3-4: Hands-on Coding Exercises: Python/R Basics

Writing Python/R programs to solve basic problems
Implementing control flow and decision-making constructs
Utilizing data structures: lists, dictionaries, arrays
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Coding exercises and quizzes to reinforce programming skills
Week 5-6: Interactive Web Applications using Flask (Python) or Shiny (R)

Introduction to web application frameworks (Flask for Python, Shiny for R)
Building simple interactive web applications

Integrating data analysis and visualization into web apps

Practical exercise: Creating an interactive data-driven web app

Week 7-8: Data Manipulation and Analysis Projects

Applying data manipulation and analysis techniques to real-world datasets
Developing scripts to clean, preprocess, and analyze data

Creating meaningful visualizations to communicate insights

Collaborative group project: Data analysis and presentation

Week 9-10: Capstone Project: Real-world Data Science Application

Students work on a comprehensive data science project

Applying programming, data manipulation, and analysis skills

Developing a complete data-driven solution from problem formulation to
presentation

Final project presentation and documentation

Assessment Methods:

Practical coding exercises and quizzes to assess programming proficiency
Project-based assessments involving web application development, data
manipulation, and analysis

Collaborative group project to promote teamwork and communication skills
Capstone project assessment: Project presentation, documentation, and
demonstration of skills

Recommended Resources:

Online tutorials and documentation for Flask (Python) or Shiny (R) web
frameworks

Practice coding platforms and resources for interactive web application development
Real-world datasets for data manipulation and analysis projects

Case studies and examples of data-driven web applications and projects




PAPER 3:
MACHINE LEARNING FUNDAMENTALS

Course Duration: 12 weeks

Course Description: This course provides students with a comprehensive
introduction to the fundamental concepts of machine learning. Students will learn
the theoretical foundations and practical applications of various machine learning
techniques, enabling them to understand, implement, and evaluate models for data-
driven tasks. The course emphasizes hands-on exercises and real-world case
studies.

Week 1-2: Introduction to Machine Learning

Understanding machine learning and its applications

Types of machine learning: supervised, unsupervised, reinforcement learning
Machine learning workflow: data preprocessing, model training, evaluation
Ethical considerations and biases in machine learning

Week 3-4: Exploratory Data Analysis for Machine Learning

Preprocessing data for machine learning tasks
Feature selection and feature engineering
Handling categorical and numerical data
Detecting and addressing data imbalances

Week 5-6: Linear Regression and Regularization

Understanding linear regression for predictive modeling
Loss functions and optimization techniques
Regularization: L1 (Lasso) and L2 (Ridge)

Applying linear regression to real-world datasets

Week 7-8: Classification Algorithms

Overview of classification algorithms: logistic regression, decision trees, k-nearest
neighbors

Model training, prediction, and evaluation

Handling class imbalance and evaluating classification models

Case study: Classification in medical diagnosis

Week 9-10: Clustering and Unsupervised Learning

Introduction to unsupervised learning and clustering
K-means clustering and hierarchical clustering
Dimensionality reduction techniques: PCA, t-SNE
Applying clustering to customer segmentation
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Week 11-12: Ensemble Methods and Model Evaluation

Ensemble methods: random forests, gradient boosting
Cross-validation and hyperparameter tuning

Model evaluation metrics: accuracy, precision, recall, F1-score
Final project: Building and evaluating a machine learning model

Assessment Methods:

Quizzes and assignments to assess understanding of machine learning concepts
Practical exercises involving data preprocessing, model implementation, and
evaluation

Case studies and real-world applications of machine learning techniques

Final project assessment: Model implementation, evaluation, and presentation

Recommended Resources:

"Hands-On Machine Learning with Scikit-Learn and TensorFlow" by Aurélien
Géron

"Introduction to Machine Learning with Python" by Andreas C. Miiller and Sarah
Guido

Online tutorials and documentation for machine learning libraries (Scikit-Learn,
TensorFlow)

Research papers and articles on machine learning algorithms and applications

This curriculum provides students with a solid foundation in machine learning
concepts and techniques. By focusing on theory, practical implementation, and real-
world case studies, students will gain the skills needed to apply machine learning
models to various data-driven tasks, analyze results, and make informed decisions
based on model outcomes.

INTRODUCTION TO MACHINE LEARNING CONCEPTS
Course Duration: 10 weeks

Course Description: This course provides students with a comprehensive
introduction to the fundamental concepts of machine learning. Students will learn
the foundational principles, techniques, and applications of machine learning,
enabling them to understand the scope and potential of this field. The course
emphasizes conceptual understanding and real-world examples.

Week 1-2: Introduction to Machine Learning

Defining machine learning and its role in data science
Historical context and evolution of machine learning
Machine learning vs. traditional programming paradigms
Ethical considerations and responsible Al




Week 3-4: Types of Machine Learning

Overview of supervised, unsupervised, and reinforcement learning
Understanding labeled and unlabeled data

Classification, regression, clustering, and reinforcement learning examples
Practical exercise: Identifying machine learning tasks

Week 5-6: Data Preparation for Machine Learning

Importance of data preprocessing and cleaning
Feature selection and feature engineering
Handling missing values and outliers

Data scaling and normalization

Week 7-8: Model Training and Evaluation

Splitting data into training, validation, and test sets
Choosing an appropriate evaluation metric
Overfitting and underfitting: Bias-variance trade-off
Model selection and hyperparameter tuning

Week 9-10: Machine Learning Algorithms and Applications

Overview of popular machine learning algorithms

Linear regression, decision trees, k-nearest neighbors, clustering algorithms
Real-world applications in various domains (healthcare, finance, marketing, etc.)
Case studies and hands-on exercises showcasing machine learning in action

Assessment Methods:

Quizzes and assignments to assess understanding of machine learning concepts
Critical thinking exercises involving identifying machine learning tasks from real-
world scenarios

Model implementation and evaluation projects using real or simulated datasets
Final project or presentation showcasing the application of machine learning
concepts

Recommended Resources:

"Hands-On Machine Learning with Scikit-Learn and TensorFlow" by Aurélien
Géron

"Introduction to Machine Learning" by Alpaydin, Ethem

Online tutorials and documentation for machine learning libraries (Scikit-Learn,
TensorFlow)

Research papers and articles on machine learning concepts and applications

SUPERVISED, UNSUPERVISED, AND REINFORCEMENT LEARNING

Course Duration: 12 weeks




Course Description: This course provides students with a comprehensive
understanding of the three primary paradigms of machine learning: supervised,
unsupervised, and reinforcement learning. Students will learn the concepts,
algorithms, and applications of each paradigm, enabling them to select and apply
appropriate techniques for various data-driven tasks. The course emphasizes both
theoretical knowledge and practical implementations.

Week 1-2: Introduction to Machine Learning Paradigms

Overview of supervised, unsupervised, and reinforcement learning
Distinct characteristics and applications of each paradigm
Understanding labeled and unlabeled data

Ethical considerations and biases in different learning paradigms

Week 3-4: Supervised Learning

Basics of supervised learning: input, output, training data
Regression vs. classification problems

Linear regression and logistic regression algorithms

Evaluating supervised learning models: accuracy, precision, recall

Week 5-6: Classification Algorithms

Introduction to classification algorithms

Decision trees, random forests, and support vector machines (SVM)
Handling class imbalance and multi-class classification

Practical exercise: Building a supervised classification model

Week 7-8: Unsupervised Learning

Overview of unsupervised learning and its applications
Clustering algorithms: K-means, hierarchical clustering
Dimensionality reduction techniques: PCA, t-SNE
Real-world examples of unsupervised learning

Week 9-10: Reinforcement Learning

Understanding reinforcement learning and agents

Markov decision processes (MDPs) and reward functions
Q-learning and policy gradient methods

Reinforcement learning applications in robotics and gaming

Week 11-12: Advanced Applications and Case Studies

Combining multiple paradigms: semi-supervised and transfer learning

Real-world case studies in each learning paradigm

Ethical considerations in using machine learning in decision-making

Final project: Applying supervised, unsupervised, or reinforcement learning to a
specific problem
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Assessment Methods:

Quizzes and assignments to assess understanding of each learning paradigm
Practical exercises involving building and evaluating machine learning models
Case study analysis and discussion on real-world applications

Final project assessment: Model implementation, evaluation, and presentation

Recommended Resources:

"Hands-On Machine Learning with Scikit-Learn and TensorFlow" by Aurélien
Géron

"Reinforcement Learning: An Introduction" by Richard S. Sutton and Andrew G.
Barto

Online tutorials and documentation for machine learning libraries (Scikit-Learn,
TensorFlow, OpenAl Gym)

Research papers and articles on supervised, unsupervised, and reinforcement
learning techniques and applications

MODEL EVALUATION AND VALIDATION TECHNIQUES
Course Duration: 10 weeks

Course Description: This course focuses on the critical aspect of evaluating and
validating machine learning models to ensure their accuracy, reliability, and
generalization to new data. Students will learn various techniques and
methodologies to assess model performance, select appropriate metrics, and prevent
common pitfalls. The course emphasizes practical exercises and real-world case
studies.

Week 1-2: Introduction to Model Evaluation and Validation

Importance of model evaluation and validation in machine learning
Role of evaluation metrics in model assessment

Types of errors: false positives, false negatives, bias, variance
Understanding overfitting and underfitting

Week 3-4: Cross-Validation Techniques

K-fold cross-validation and stratified sampling

Leave-one-out and holdout validation

Practical implementation of cross-validation

Choosing appropriate validation techniques based on data characteristics

Week 5-6: Performance Metrics for Classification Models

Confusion matrix and its components
Accuracy, precision, recall, F1-score, ROC curve, AUC-ROC




Sensitivity-specificity trade-off and threshold selection
Case study: Selecting and interpreting metrics for a classification problem
Week 7-8: Performance Metrics for Regression Models

Mean Absolute Error (MAE), Mean Squared Error (MSE), Root Mean Squared
Error (RMSE)

R-squared and coefficient of determination

Interpretation of regression performance metrics

Evaluating regression models using different metrics

Week 9-10: Model Selection and Hyperparameter Tuning

Grid search and random search for hyperparameter optimization

Impact of hyperparameters on model performance

Bias-variance trade-off and the curse of dimensionality

Practical exercise: Tuning hyperparameters for improved model performance

Assessment Methods:

Quizzes and assignments to assess understanding of model evaluation and
validation concepts

Practical exercises involving cross-validation, performance metric calculations, and
hyperparameter tuning

Case study analysis and discussion on real-world model evaluation scenarios

Final project assessment: Model evaluation, validation, and presentation of findings

Recommended Resources:

"Introduction to Machine Learning with Python" by Andreas C. Miiller and Sarah
Guido

"Hands-On Machine Learning with Scikit-Learn and TensorFlow" by Aurélien
Géron

Online tutorials and documentation for machine learning libraries (Scikit-Learn,
TensorFlow)

Research papers and articles on model evaluation, validation techniques, and case
studies

IMPLEMENTING MACHINE LEARNING ALGORITHMS
Course Duration: 12 weeks

Course Description: This course focuses on the practical implementation of
various machine learning algorithms from scratch, enabling students to gain a
deeper understanding of their underlying principles and mechanics. Students will
learn how to code and implement key machine learning algorithms, fostering hands-
on experience and critical thinking. The course emphasizes coding exercises,
algorithmic design, and optimization.
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Week 1-2: Introduction to Algorithm Implementation

Importance of understanding algorithms for effective machine learning
Overview of algorithmic design and implementation process

Choosing appropriate algorithms for specific tasks

Setting up coding environments and version control tools

Week 3-4: Linear Regression from Scratch

Implementing linear regression algorithm step by step
Gradient descent optimization for parameter estimation
Handling single-variable and multi-variable regression
Coding exercise: Building a linear regression model

Week 5-6: K-Nearest Neighbors and Naive Bayes

Implementing K-Nearest Neighbors classification algorithm

Calculating distances and finding nearest neighbors

Implementing Naive Bayes algorithm for text classification

Practical exercise: Implementing K-Nearest Neighbors and Naive Bayes classifiers

Week 7-8: Decision Trees and Random Forests

Implementing decision tree algorithm for classification
Building decision tree structure and making predictions
Combining decision trees into random forests

Coding exercise: Constructing decision trees and random forests

Week 9-10: Support Vector Machines and K-Means Clustering

Implementing support vector machine algorithm for binary classification
Maximizing the margin and handling non-linear separations
Implementing K-Means clustering algorithm from scratch

Practical exercise: Coding SVM and K-Means algorithms

Week 11-12: Neural Networks and Model Evaluation

Building a simple neural network architecture

Implementing forward and backward propagation

Assessing model performance using metrics and validation techniques

Final project: Implementing a machine learning algorithm of choice and evaluating
its performance

Assessment Methods:

Coding exercises and assignments to assess algorithm implementation skills
Practical projects involving step-by-step implementation of machine learning
algorithms

Problem-solving exercises to reinforce algorithmic thinking and optimization
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Final project assessment: Algorithm implementation, performance evaluation, and
presentation

Recommended Resources:

Online tutorials and resources on algorithm implementation

Research papers and articles on the underlying mechanics of machine learning
algorithms

Interactive coding platforms and practice websites for algorithmic exercises
Reference books on machine learning and algorithm implementation techniques




PAPER 4:
STATISTICAL METHODS FOR DATA SCIENCE

Course Duration: 10 weeks

Course Description: This course provides students with a comprehensive
understanding of key statistical methods used in data science. Students will learn
how to apply statistical techniques to analyze and interpret data, make informed
decisions, and draw meaningful insights. The course emphasizes both theoretical
knowledge and practical applications.

Week 1-2: Introduction to Statistical Thinking

Role of statistics in data science and decision-making
Types of data and levels of measurement

Descriptive vs. inferential statistics

Ethical considerations in statistical analysis

Week 3-4: Descriptive Statistics and Data Visualization

Measures of central tendency: mean, median, mode

Measures of dispersion: range, variance, standard deviation

Data visualization techniques: histograms, box plots, scatter plots
Exploratory data analysis using visualizations

Week 5-6: Probability and Probability Distributions

Fundamentals of probability theory

Probability distributions: normal, binomial, Poisson

Probability density functions and cumulative distribution functions
Applications of probability in data science

Week 7-8: Statistical Inference and Hypothesis Testing

Formulating null and alternative hypotheses

Sampling distributions and the Central Limit Theorem
Common hypothesis tests: t-tests, chi-squared tests
Interpreting p-values and making conclusions

Week 9-10: Regression and Analysis of Variance (ANOVA)

Simple linear regression: model, interpretation, assumptions
Multiple linear regression: multiple predictors and interactions
Analysis of Variance (ANOVA) and its applications

Practical exercise: Applying regression and ANOVA to real-world datasets




Assessment Methods:

Quizzes and assignments to assess understanding of statistical concepts

Practical exercises involving calculation, interpretation, and application of
statistical methods

Data analysis projects involving real-world datasets and hypothesis testing

Final project or presentation showcasing the application of statistical methods

Recommended Resources:

"Statistics" by Robert S. Witte and John S. Witte

"Introduction to the Practice of Statistics" by David S. Moore, George P. McCabe,
and Bruce A. Craig

Online tutorials and resources for statistical analysis tools (R, Python)

Research papers and articles on statistical methods in data science applications

PROBABILITY DISTRIBUTIONS AND STATISTICAL INFERENCE
Course Duration: 10 weeks

Course Description: This course provides students with a comprehensive
understanding of probability distributions and statistical inference, which are
essential concepts for making data-driven decisions in data science. Students will
learn about various probability distributions, hypothesis testing, confidence
intervals, and methods for drawing conclusions from data. The course emphasizes
both theoretical concepts and practical applications.

Week 1-2: Introduction to Probability and Distributions

Fundamentals of probability: events, sample space, outcomes
Probability axioms and rules: addition, multiplication, complement
Types of probability distributions: discrete vs. continuous
Probability mass function and probability density function

Week 3-4: Common Probability Distributions

Binomial distribution: properties and applications
Poisson distribution: modeling rare events

Normal distribution: characteristics and standardization
Exponential distribution: modeling time-to-event data

Week 5-6: Sampling and Sampling Distributions

Simple random sampling and its properties

Sampling distribution of sample mean and Central Limit Theorem
Sampling distribution of sample proportions

Bootstrap resampling technique for estimating sampling distributions




Week 7-8: Statistical Inference and Hypothesis Testing

Formulating null and alternative hypotheses
One-sample and two-sample hypothesis tests
p-values and their interpretation

Type I and Type II errors, power of a test

Week 9-10: Confidence Intervals and ANOVA

Constructing confidence intervals for population parameters

Interpreting confidence intervals

Analysis of Variance (ANOVA) for comparing multiple groups

Practical exercise: Applying hypothesis testing and confidence intervals to real-
world datasets

Assessment Methods:

Quizzes and assignments to assess understanding of probability distributions and
inference concepts

Practical exercises involving calculation, interpretation, and application of
probability distributions and hypothesis tests

Data analysis projects involving real-world datasets and statistical inference

Final project or presentation showcasing the application of statistical inference
techniques

Recommended Resources:

"Introduction to Probability and Mathematical Statistics" by Lee J. Bain and Max
Engelhardt

"Statistics" by Robert S. Witte and John S. Witte

Online tutorials and resources for probability and statistical analysis tools (R,
Python)

Research papers and articles on probability distributions and statistical inference in
data science applications

HYPOTHESIS TESTING AND CONFIDENCE INTERVALS
Course Duration: 10 weeks

Course Description: This course provides students with a comprehensive
understanding of hypothesis testing and confidence intervals, fundamental concepts
in statistical inference. Students will learn how to formulate hypotheses, perform
hypothesis tests, construct confidence intervals, and make data-driven decisions.
The course emphasizes both theoretical concepts and practical applications.

Week 1-2: Introduction to Hypothesis Testing and Confidence Intervals

Importance of hypothesis testing and confidence intervals in data analysis
Steps involved in hypothesis testing: formulation, test statistic, p-value




Confidence intervals: interpretation and significance
Ethical considerations and biases in hypothesis testing

Week 3-4: One-Sample Hypothesis Tests

Formulating null and alternative hypotheses
One-sample t-tests for mean comparison
Z-tests for population proportions
Interpreting p-values and making conclusions

Week 5-6: Two-Sample Hypothesis Tests

Hypothesis tests for comparing two independent samples
Independent samples t-test and Welch's t-test

Paired samples t-test for dependent samples

Practical exercise: Performing two-sample hypothesis tests

Week 7-8: Analysis of Variance (ANOVA) and Multiple Comparison Tests

Introduction to ANOVA and its applications

One-way ANOVA for comparing multiple groups

Post hoc tests for multiple comparison adjustments
Interpreting ANOVA results and making group comparisons

Week 9-10: Confidence Intervals and Hypothesis Testing in Practice

Constructing confidence intervals for population parameters

Confidence intervals for means, proportions, and differences

Applying hypothesis testing and confidence intervals to real-world datasets
Final project: Performing hypothesis tests and constructing confidence intervals

Assessment Methods:

Quizzes and assignments to assess understanding of hypothesis testing and
confidence interval concepts

Practical exercises involving calculation, interpretation, and application of
hypothesis tests and confidence intervals

Data analysis projects involving real-world datasets and hypothesis testing

Final project assessment: Hypothesis testing, confidence interval construction, and
presentation

Recommended Resources:

"Introduction to the Practice of Statistics" by David S. Moore, George P. McCabe,
and Bruce A. Craig

"Statistics" by Robert S. Witte and John S. Witte

Online tutorials and resources for hypothesis testing and statistical analysis tools
(R, Python)

Research papers and articles on hypothesis testing and confidence intervals in data
science applications
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REGRESSION ANALYSIS
Course Duration: 10 weeks

Course Description: This course provides students with a comprehensive
understanding of regression analysis, a fundamental technique in statistical
modeling for understanding relationships between variables. Students will learn
how to build, interpret, and evaluate regression models, enabling them to make
predictions and derive insights from data. The course emphasizes both theoretical
concepts and practical applications.

Week 1-2: Introduction to Regression Analysis

Importance of regression analysis in data science and decision-making
Types of regression: linear, multiple, polynomial, logistic

Formulation of the regression model and assumptions

Ethical considerations and biases in regression analysis

Week 3-4: Simple Linear Regression

Basics of simple linear regression: model, interpretation, assumptions

Least squares method for parameter estimation

Coefficient of determination (R-squared) and interpretation

Practical exercise: Building and interpreting a simple linear regression model

Week 5-6: Multiple Linear Regression

Extending to multiple predictors: multiple linear regression

Feature selection and model building techniques

Assessing multicollinearity and model fit

Practical exercise: Developing and evaluating a multiple linear regression model

Week 7-8: Polynomial Regression and Regularization

Polynomial regression for nonlinear relationships

Overfitting and underfitting in regression models

Introduction to regularization techniques: Ridge and Lasso
Case study: Applying polynomial regression and regularization

Week 9-10: Logistic Regression and Model Diagnostics

Introduction to logistic regression for binary classification

Log-odds, odds ratio, and interpreting logistic regression coefficients
Model diagnostics: residual analysis, influential points, outliers

Final project: Building, diagnosing, and interpreting a regression model




Assessment Methods:

Quizzes and assignments to assess understanding of regression analysis concepts
Practical exercises involving model building, interpretation, and evaluation

Data analysis projects involving real-world datasets and regression modeling

Final project assessment: Regression model development, diagnostics, and
presentation

Recommended Resources:

"Applied Linear Regression Models" by Kutner, Nachtsheim, Neter, and Li
"Introduction to the Practice of Statistics" by David S. Moore, George P. McCabe,
and Bruce A. Craig

Online tutorials and resources for regression analysis and statistical modeling tools
(R, Python)

Research papers and articles on regression analysis techniques and applications

EXPERIMENTAL DESIGN AND A/B TESTING
Course Duration: 10 weeks

Course Description: This course provides students with a comprehensive
understanding of experimental design and A/B testing, essential techniques for
making informed decisions and drawing causal relationships in data science.
Students will learn how to plan, conduct, and analyze experiments, as well as apply
A/B testing for optimizing outcomes. The course emphasizes both theoretical
concepts and practical applications.

Week 1-2: Introduction to Experimental Design and A/B Testing

Importance of experimental design and A/B testing in data-driven decision-making
Types of experiments: controlled vs. observational, randomized vs. non-randomized
Ethical considerations and biases in experimental design

Formulation of research questions and hypotheses

Week 3-4: Principles of Experimental Design

Factors, levels, and treatments in experimental design
Randomization and control groups for minimizing bias
Blocking, factorial designs, and interactions

Practical exercise: Designing a controlled experiment

Week 5-6: A/B Testing: Basics and Case Studies

Understanding A/B testing: concept, applications, benefits

Steps in A/B testing: hypothesis formulation, sample size determination, data
collection

Real-world case studies of successful A/B testing

Practical exercise: Planning and conducting an A/B test




Week 7-8: A/B Testing Techniques and Interpretation

One-sample and two-sample A/B testing

Calculating effect size and statistical significance
Interpreting A/B test results: confidence intervals, p-values
Addressing multiple comparisons and false positives

Week 9-10: Multivariate Testing and Experiment Analysis

Introduction to multivariate testing and its applications

Analyzing and interpreting multivariate experiment results

Practical considerations in experimental design: practicality, ethics, resources
Final project: Designing and conducting an experiment with A/B testing

Assessment Methods:

Quizzes and assignments to assess understanding of experimental design and A/B
testing concepts

Practical exercises involving experiment design, A/B testing planning, and result
interpretation

Data analysis projects involving real-world datasets and experimental design

Final project assessment: Experimental design, A/B testing execution, and
presentation

Recommended Resources:

"Design and Analysis of Experiments" by Douglas C. Montgomery

"A/B Testing: The Most Powerful Way to Turn Clicks Into Customers" by Dan
Siroker and Pete Koomen

Online tutorials and resources for experimental design and A/B testing tools
Research papers and articles on experimental design techniques and A/B testing
applications




PAPER 5:
DATA VISUALIZATION AND COMMUNICATION

Course Duration: 10 weeks

Course Description: This course provides students with a comprehensive
understanding of data visualization techniques and the art of effectively
communicating insights derived from data. Students will learn how to create
compelling visualizations, choose appropriate techniques, and convey information
clearly to diverse audiences. The course emphasizes both theoretical concepts and
practical applications.

Week 1-2: Introduction to Data Visualization and Communication

Importance of data visualization in data science and decision-making
Role of visualization in conveying insights and patterns

Ethical considerations and biases in data visualization

Principles of effective data communication

Week 3-4: Data Visualization Fundamentals

Visual encoding and mapping data to visual properties

Types of data visualizations: charts, graphs, maps, infographics
Color theory and use of color in visualizations

Practical exercise: Creating basic data visualizations

Week 5-6: Exploratory Data Visualization

Exploring data using histograms, box plots, scatter plots
Multivariate visualization techniques: heatmaps, pair plots
Interactive visualizations using tools like D3.js, Plotly
Practical exercise: Exploring and visualizing complex datasets

Week 7-8: Storytelling with Data

Structuring and presenting data-driven stories

Design principles for effective data storytelling

Incorporating context, narrative, and emotion in data communication
Case study analysis of compelling data-driven stories

Week 9-10: Data Visualization Tools and Case Studies

Overview of data visualization tools: Matplotlib, Seaborn, Tableau, etc.

Creating advanced visualizations: time series, geospatial, network graphs
Real-world case studies showcasing impactful data visualizations

Final project: Designing and presenting a comprehensive data visualization project
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Assessment Methods:

Quizzes and assignments to assess understanding of data visualization and
communication concepts

Practical exercises involving creation of data visualizations using various tools

Data analysis projects involving real-world datasets and storytelling

Final project assessment: Data visualization design, communication, and
presentation

Recommended Resources:

"Storytelling with Data: A Data Visualization Guide for Business Professionals" by
Cole Nussbaumer Knaflic

"Data Visualization: A Practical Introduction" by Kieran Healy

Online tutorials and resources for data visualization tools and techniques

Research papers and articles on data visualization principles and best practices

ADVANCED DATA VISUALIZATION TECHNIQUES

Course Duration: 10 weeks

Course Description: This course delves into advanced data visualization
techniques that go beyond basic charts and graphs. Students will learn how to
create sophisticated and interactive visualizations to uncover complex insights from
data. The course emphasizes hands-on practice, creative design, and effective
communication of complex information.

Week 1-2: Introduction to Advanced Data Visualization

Importance of advanced data visualization in exploratory analysis
Role of interactive visualizations in uncovering hidden patterns
Ethical considerations and biases in complex visualizations
Principles of effective communication through advanced visualization

Week 3-4: Geographic and Geospatial Visualization

Mapping data using choropleth maps and heatmaps

Geo-coding and geospatial data integration

Interactive mapping with tools like Leaflet and Mapbox
Practical exercise: Creating interactive geographic visualizations

Week 5-6: Network Visualization and Graphs

Understanding networks and graph structures

Representing relationships with node-link diagrams
Force-directed layouts and community detection algorithms
Practical exercise: Visualizing social networks and connections




Week 7-8: Time Series and Temporal Visualization

Visualizing temporal patterns using line charts and heatmaps
Seasonal decomposition and trend analysis

Creating interactive time series visualizations with animations
Case studies: Analyzing time-dependent datasets

Week 9-10: Hierarchical and Multivariate Visualization

Visualizing hierarchical data with tree maps and sunbursts

Parallel coordinate plots for multivariate analysis

Advanced techniques for handling large and complex datasets

Final project: Designing and presenting an advanced data visualization project

Assessment Methods:

Quizzes and assignments to assess understanding of advanced data visualization
concepts

Hands-on exercises involving creation of interactive visualizations using various
tools

Data analysis projects involving real-world datasets and advanced visualizations
Final project assessment: Advanced visualization design, implementation, and
presentation

Recommended Resources:

"Interactive Data Visualization for the Web: An Introduction to Designing with D3"
by Scott Murray

"Network Science" by Albert-Laszl6 Barabasi

Online tutorials and resources for advanced data visualization tools and techniques
Research papers and articles on advanced data visualization principles and best
practices

STORYTELLING WITH DATA
Course Duration: 10 weeks

Course Description: This course focuses on the art of effectively communicating
data-driven insights through storytelling. Students will learn how to craft
compelling narratives, design visualizations, and present data-driven stories to
diverse audiences. The course emphasizes both theoretical concepts and practical
applications.

Week 1-2: Introduction to Storytelling with Data

Importance of storytelling in data communication
Role of narrative in making data meaningful

Ethical considerations and biases in data storytelling
Principles of effective storytelling with data




Week 3-4: Crafting a Data-Driven Narrative

Identifying the target audience and purpose of the story
Defining the story arc: introduction, conflict, resolution
Incorporating context, emotion, and relatability in narratives
Practical exercise: Creating a compelling data-driven narrative

Week 5-6: Visualizing Data for Storytelling

Choosing appropriate visualizations to support the narrative
Design principles for impactful data visualizations

Ensuring consistency and coherence in visualization design
Practical exercise: Designing visualizations that enhance the story

Week 7-8: Interactive Data Stories

Incorporating interactivity to engage the audience

Tools and platforms for creating interactive data stories
Designing interactive dashboards and infographics

Case study analysis of successful interactive data stories

Week 9-10: Presenting and Communicating Data Stories

Effective presentation techniques for data stories

Tailoring the presentation to the audience's level of expertise

Handling questions and feedback during data story presentations

Final project: Developing and delivering a comprehensive data-driven story
presentation

Assessment Methods:

Quizzes and assignments to assess understanding of storytelling with data concepts
Narrative crafting exercises and visualization design projects

Data analysis projects involving real-world datasets and storytelling

Final project assessment: Data-driven story development, presentation, and
feedback handling

Recommended Resources:

"Storytelling with Data: A Data Visualization Guide for Business Professionals" by
Cole Nussbaumer Knaflic

"Data Storytelling: The Essential Data Science Skill Everyone Needs" by Nancy
Duarte

Online tutorials and resources for data storytelling and presentation techniques
Research papers and articles on data storytelling principles and best practices




INTERACTIVE VISUALIZATIONS USING MATPLOTLIB, SEABORN, AND
TABLEAU

Course Duration: 10 weeks

Course Description: This course focuses on creating interactive and engaging
visualizations using popular data visualization libraries like Matplotlib, Seaborn,
and Tableau. Students will learn how to leverage these tools to create dynamic
visualizations that allow users to explore and interact with data. The course
emphasizes both theoretical understanding and hands-on practice.

Week 1-2: Introduction to Interactive Visualizations

Importance of interactive visualizations in data exploration and communication
Role of user engagement and interaction in visualizations

Ethical considerations and biases in interactive visualizations

Principles of effective design for interactive visualizations

Week 3-4: Exploring Matplotlib and Seaborn

Overview of Matplotlib and Seaborn libraries

Creating basic static visualizations using Matplotlib and Seaborn
Customizing visualizations with colors, styles, and annotations
Practical exercise: Developing static visualizations

Week 5-6: Adding Interactivity to Matplotlib and Seaborn

Introduction to interactive features: tooltips, zooming, panning
Incorporating interactive widgets using Matplotlib's mplcursors and
mpl_interactions

Dynamic visualizations with Seaborn's interact function

Practical exercise: Enhancing visualizations with interactivity

Week 7-8: Introduction to Tableau

Overview of Tableau and its capabilities

Connecting to data sources and preparing data for visualization
Creating basic visualizations using Tableau's drag-and-drop interface
Case study analysis of interactive visualizations in Tableau

Week 9-10: Advanced Interactive Visualizations with Tableau

Incorporating interactivity using Tableau actions and filters

Creating dashboards with multiple interactive visualizations

Adding storytelling elements to Tableau dashboards

Final project: Designing and presenting a comprehensive interactive visualization
project




Assessment Methods:

Quizzes and assignments to assess understanding of interactive visualization
concepts

Hands-on exercises involving creating interactive visualizations using Matplotlib,
Seaborn, and Tableau

Data analysis projects involving real-world datasets and interactive visualizations
Final project assessment: Interactive visualization design, implementation, and
presentation

Recommended Resources:

Online documentation and tutorials for Matplotlib, Seaborn, and Tableau

"Python Plotting with Matplotlib and Seaborn" by Benjamin Root

"Tableau Public for Data Visualization" by George Peck

Research papers and articles on interactive visualization principles and best
practices

EFFECTIVE COMMUNICATION OF DATA INSIGHTS
Course Duration: 10 weeks

Course Description: This course focuses on developing the skills necessary to
effectively communicate data-driven insights to diverse audiences. Students will
learn how to convey complex information in a clear, compelling, and actionable
manner, fostering effective decision-making based on data. The course emphasizes
both theoretical concepts and practical applications.

Week 1-2: Introduction to Effective Communication of Data Insights

Importance of effective data communication in decision-making

Role of storytelling, visualization, and context in data communication
Ethical considerations and biases in data communication

Principles of effective communication for different audiences

Week 3-4: Crafting Clear and Compelling Data Messages

Identifying key messages and objectives for data communication
Simplifying complex concepts using plain language

Structuring data messages: headlines, key points, call to action
Practical exercise: Creating clear and compelling data messages

Week 5-6: Visual Communication and Design Principles

Role of data visualization in enhancing communication
Design principles for effective data visualizations
Ensuring consistency and clarity in visualization design
Practical exercise: Designing impactful data visualizations




Week 7-8: Storytelling with Data Insights

Using narrative to contextualize data insights

Incorporating emotion, relatability, and human elements in data stories
Creating data-driven stories with a clear beginning, middle, and end
Case study analysis of successful data-driven stories

Week 9-10: Tailoring Communication for Different Audiences

Adapting communication style and content for different stakeholders

Using appropriate visualizations and language for technical and non-technical
audiences

Presenting data insights to executives, clients, and the general public

Final project: Developing and delivering an effective data communication
presentation

Assessment Methods:

Quizzes and assignments to assess understanding of effective data communication
concepts

Messaging exercises, visualization design projects, and storytelling exercises

Data analysis projects involving real-world datasets and data communication

Final project assessment: Data communication design, presentation, and feedback
handling

Recommended Resources:

"Storytelling with Data: A Data Visualization Guide for Business Professionals" by
Cole Nussbaumer Knaflic

"Data Storytelling: The Essential Data Science Skill Everyone Needs" by Nancy
Duarte

Online tutorials and resources for effective data communication techniques
Research papers and articles on data communication principles and best practices




SEMESTER II:

PAPER 6:
ADVANCED MACHINE LEARNING

Course Duration: 10 weeks

Course Description: This course delves into advanced topics and techniques in
machine learning, equipping students with a deep understanding of cutting-edge
algorithms and their applications. Students will learn how to tackle complex
problems, optimize models, and interpret results. The course emphasizes both
theoretical concepts and hands-on implementation.

Week 1-2: Introduction to Advanced Machine Learning

Importance of advanced machine learning in solving complex problems
Overview of advanced machine learning techniques and applications
Ethical considerations and biases in advanced machine learning
Principles of model interpretability and explainability

Week 3-4: Ensemble Methods and Model Stacking

Introduction to ensemble learning and its advantages
Bagging: Random Forests and Extra Trees
Boosting: AdaBoost, Gradient Boosting, XGBoost, Light GBM

Model stacking and blending for improved performance
Week 5-6: Neural Networks and Deep Learning

Basics of artificial neural networks and deep learning
Architectures: Feedforward, Convolutional, Recurrent networks
Transfer learning and pre-trained models

Practical exercise: Building and training neural networks

Week 7-8: Unsupervised Learning Techniques

Dimensionality reduction: PCA, t-SNE, UMAP
Clustering: K-Means, Hierarchical, DBSCAN

Anomaly detection and outlier analysis

Case study analysis of unsupervised learning applications

Week 9-10: Advanced Model Evaluation and Interpretability

Model evaluation metrics beyond accuracy: precision, recall, F1-score

ROC curves and AUC for classifier evaluation

Model interpretability techniques: SHAP, LIME, feature importance

Final project: Implementing and evaluating advanced machine learning models
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Assessment Methods:

Quizzes and assignments to assess understanding of advanced machine learning
concepts

Hands-on exercises involving implementation of advanced algorithms

Data analysis projects involving real-world datasets and advanced machine
learning techniques

Final project assessment: Advanced model implementation, evaluation, and
presentation

Recommended Resources:

"Hands-On Machine Learning with Scikit-Learn, Keras, and TensorFlow" by
Aurélien Géron

"Introduction to Machine Learning with Python" by Andreas C. Miiller and Sarah
Guido

Online tutorials and resources for advanced machine learning tools and techniques
Research papers and articles on advanced machine learning principles and
applications

DEEP LEARNING FUNDAMENTALS
Course Duration: 10 weeks

Course Description: This course provides students with a comprehensive
understanding of deep learning concepts and techniques. Students will learn the
foundational principles of neural networks, deep architectures, and optimization
methods, enabling them to apply deep learning to a wide range of real-world
problems. The course emphasizes both theoretical understanding and hands-on
implementation.

Week 1-2: Introduction to Deep Learning

Importance of deep learning in modern Al and data science
Historical context and evolution of neural networks

Ethical considerations and biases in deep learning algorithms
Basics of gradient-based optimization and backpropagation

Week 3-4: Neural Networks and Activation Functions

Structure and components of artificial neural networks
Activation functions: sigmoid, ReLU, tanh, softmax
Feedforward and backpropagation in neural networks
Practical exercise: Implementing a basic neural network




Week 5-6: Convolutional Neural Networks (CNNs)

Introduction to CNNs and their applications
Convolutional layers, pooling layers, and stride
Transfer learning with pre-trained CNNs

Case study: Image classification using CNNs

Week 7-8: Recurrent Neural Networks (RNNs) and Long Short-Term
Memory (LSTM)

Understanding sequential data and RNNs

Long Short-Term Memory (LSTM) networks for sequence modeling
Applications of RNNs and LSTMs: text generation, time series prediction
Practical exercise: Implementing an LSTM model

Week 9-10: Generative Adversarial Networks (GANs) and Deep
Reinforcement Learning

Introduction to Generative Adversarial Networks (GANs)

GAN architecture, training process, and applications

Basics of deep reinforcement learning and Q-learning

Final project: Implementing and applying a deep learning model

Assessment Methods:

Quizzes and assignments to assess understanding of deep learning fundamentals
Hands-on exercises involving implementation of neural networks and deep learning
techniques

Data analysis projects involving real-world datasets and deep learning applications
Final project assessment: Deep learning model implementation, evaluation, and
presentation

Recommended Resources:

"Deep Learning" by Ian Goodfellow, Yoshua Bengio, and Aaron Courville

"Neural Networks and Deep Learning: A Textbook" by Charu Aggarwal

Online tutorials and resources for deep learning tools and techniques (TensorFlow,
PyTorch)

Research papers and articles on deep learning principles and applications

NEURAL NETWORKS AND ARCHITECTURES
Course Duration: 10 weeks

Course Description: This course focuses on providing students with a deep
understanding of neural networks, their architectures, and their applications.
Students will learn the theory behind various neural network architectures, their
components, and how to design and implement them for solving complex real-world
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problems. The course emphasizes both theoretical concepts and practical
implementations.

Week 1-2: Introduction to Neural Networks and Deep Learning

Importance of neural networks in modern Al and data science
Historical overview and evolution of neural networks

Ethical considerations and biases in neural network algorithms
Basics of gradient-based optimization and backpropagation

Week 3-4: Feedforward Neural Networks

Structure and components of feedforward neural networks
Activation functions: sigmoid, ReLU, tanh, softmax

Weight initialization techniques and regularization methods
Practical exercise: Implementing a feedforward neural network

Week 5-6: Convolutional Neural Networks (CNNs)

Introduction to CNNs and their applications in computer vision
Convolutional layers, pooling layers, and spatial hierarchies
Transfer learning and pre-trained CNNs

Case study: Image classification using CNNs

Week 7-8: Recurrent Neural Networks (RNNs) and Sequence Models

Understanding sequential data and applications of RNNs

Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) networks
Sequence-to-sequence models and attention mechanisms

Practical exercise: Implementing a sentiment analysis RNN model

Week 9-10: Generative Models and Future Trends

Introduction to generative models: autoencoders, variational autoencoders (VAEs)
Introduction to Generative Adversarial Networks (GANSs)

Current trends in neural network architectures: Transformers, BERT, GPT

Final project: Designing and implementing a neural network architecture

Assessment Methods:

Quizzes and assignments to assess understanding of neural networks and
architectures
Hands-on exercises involving implementation of various neural network
architectures
Data analysis projects involving real-world datasets and neural network
applications
Final project assessment: Neural network architecture design, implementation, and
presentation




Recommended Resources:

"Deep Learning" by Ian Goodfellow, Yoshua Bengio, and Aaron Courville

"Neural Networks and Deep Learning: A Textbook" by Charu Aggarwal

Online tutorials and resources for neural network tools and frameworks
(TensorFlow, PyTorch)

Research papers and articles on neural network architectures and applications
CONVOLUTIONAL AND RECURRENT NEURAL NETWORKS
Course Duration: 10 weeks

Course Description: This course focuses on providing students with an in-depth
understanding of convolutional neural networks (CNNs) and recurrent neural
networks (RNNs), two fundamental architectures in deep learning. Students will
learn how to design, implement, and apply CNNs and RNNs to solve complex real-
world problems. The course emphasizes both theoretical concepts and hands-on
implementations.

Week 1-2: Introduction to Convolutional and Recurrent Neural Networks

Importance of CNNs and RNNs in modern Al and data science
Role of CNNs in computer vision and RNNs in sequence modeling
Ethical considerations and biases in neural network algorithms
Basics of gradient-based optimization and backpropagation

Week 3-4: Convolutional Neural Networks (CNNs) - Fundamentals

Structure and components of convolutional layers

Convolutional operation, stride, padding, and filter sizes

Pooling layers and spatial hierarchies in CNNs

Practical exercise: Implementing a basic CNN for image classification

Week 5-6: Convolutional Neural Networks (CNNs) - Architectures

Introduction to popular CNN architectures: LeNet, AlexNet, VGG, ResNet
Design principles for deep CNN architectures

Transfer learning and fine-tuning with pre-trained CNNs

Case study: Image classification using deep CNNs

Week 7-8: Recurrent Neural Networks (RNNs) - Basics

Understanding sequential data and applications of RNNs

Structure of recurrent layers: simple RNN, LSTM, GRU

Handling vanishing gradient problem in RNNs

Practical exercise: Implementing a basic RNN for sequence generation

Week 9-10: Recurrent Neural Networks (RNNs) - Applications

Sequence-to-sequence models and attention mechanisms




Language modeling, text generation, and machine translation with RNNs
Time series prediction and anomaly detection using RNNs
Final project: Designing and implementing a CNN or RNN-based application

Assessment Methods:

Quizzes and assignments to assess understanding of CNNs and RNNs concepts
Hands-on exercises involving implementation of CNNs and RNNs architectures
Data analysis projects involving real-world datasets and CNN/RNN applications
Final project assessment: CNN/RNN model design, implementation, and
presentation

Recommended Resources:

"Deep Learning" by Ian Goodfellow, Yoshua Bengio, and Aaron Courville

"Neural Networks and Deep Learning: A Textbook" by Charu Aggarwal

Online tutorials and resources for neural network tools and frameworks
(TensorFlow, PyTorch)

Research papers and articles on CNN and RNN architectures and applications
TRANSFER LEARNING AND MODEL FINE-TUNING
Course Duration: 10 weeks

Course Description: This course focuses on transfer learning, a powerful
technique in deep learning, and model fine-tuning, which enables the adaptation of
pre-trained models to specific tasks. Students will learn how to leverage pre-trained
models, extract features, and fine-tune models for various applications. The course
emphasizes both theoretical understanding and practical implementation.

Week 1-2: Introduction to Transfer Learning and Model Fine-Tuning

Importance of transfer learning in leveraging pre-trained models

Role of model fine-tuning in adapting pre-trained models

Ethical considerations and biases in transfer learning and fine-tuning
Basics of gradient-based optimization and backpropagation

Week 3-4: Transfer Learning Approaches and Strategies

Understanding different transfer learning scenarios: same, similar, and different
domains

Feature extraction and fine-tuning strategies

Popular pre-trained models: VGG, ResNet, Inception, BERT, GPT

Practical exercise: Extracting features from pre-trained models
Week 5-6: Transfer Learning in Computer Vision
Using pre-trained CNNs for image classification and object detection

Fine-tuning CNNs for specific visual recognition tasks
Handling data and class distribution differences in transfer learning
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Case study: Image classification using transfer learning
Week 7-8: Transfer Learning in Natural Language Processing

Fine-tuning pre-trained language models for text classification and sentiment
analysis

Adapting language models for text generation and machine translation
Incorporating domain-specific vocabulary and tasks

Practical exercise: Fine-tuning a pre-trained language model

Week 9-10: Model Evaluation and Application of Transfer Learning

Evaluation metrics for transfer learning and fine-tuned models

Handling overfitting and bias in fine-tuning

Applying transfer learning and fine-tuning to real-world problems

Final project: Applying transfer learning and fine-tuning to a complex task

Assessment Methods:

Quizzes and assignments to assess understanding of transfer learning and fine-
tuning concepts

Hands-on exercises involving implementation of transfer learning and fine-tuning
techniques

Data analysis projects involving real-world datasets and transfer learning
applications

Final project assessment: Transfer learning and fine-tuning implementation,
evaluation, and presentation

Recommended Resources:

"Deep Learning" by Ian Goodfellow, Yoshua Bengio, and Aaron Courville

Online tutorials and resources for transfer learning and model fine-tuning
(TensorFlow, PyTorch)

Research papers and articles on transfer learning and fine-tuning techniques
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PAPER 7:
BIG DATA AND CLOUD COMPUTING

Course Duration: 10 weeks

Course Description: This course focuses on the principles, technologies, and
applications of big data and cloud computing. Students will learn how to handle and
process large volumes of data using cloud-based infrastructure and tools. The course
emphasizes both theoretical concepts and hands-on experience in managing and
analyzing big data in a cloud environment.

Week 1-2: Introduction to Big Data and Cloud Computing

Importance of big data and cloud computing in modern data-driven applications
Role of cloud computing in scalable and cost-effective data processing

Ethical considerations and security challenges in big data and cloud computing
Basics of cloud service models: IaaS, PaaS, SaaS

Week 3-4: Big Data Characteristics and Challenges

Understanding the 5 Vs of big data: volume, velocity, variety, veracity, value
Challenges in storing, processing, and analyzing big data

Overview of distributed computing frameworks: Hadoop, Spark, Flink
Practical exercise: Setting up a basic Hadoop cluster

Week 5-6: Cloud Services for Big Data Processing

Cloud platforms and services: AWS, Google Cloud, Azure

Managing big data using cloud-based storage: Amazon S3, Google Cloud Storage
Processing big data with cloud-based platforms: Amazon EMR, Google Dataproc
Case study: Running a big data processing job on a cloud platform

Week 7-8: Big Data Analytics and Machine Learning in the Cloud

Implementing distributed data processing with Apache Spark

Utilizing cloud-based machine learning platforms: Amazon SageMaker, Google Al
Platform

Running machine learning pipelines on the cloud: data preprocessing, training,
evaluation

Practical exercise: Building a cloud-based machine learning model

Week 9-10: Real-time Data Processing and Future Trends

Streaming data processing with Apache Kafka and Apache Flink

Real-time analytics and visualization on the cloud

Edge computing and Internet of Things (IoT) applications in cloud computing

Final project: Designing and implementing a big data analytics solution on the
cloud
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Assessment Methods:

Quizzes and assignments to assess understanding of big data and cloud computing
concepts

Hands-on exercises involving cloud-based big data processing and analysis

Data analysis projects involving real-world datasets and cloud computing platforms
Final project assessment: Cloud-based big data analytics solution design,
implementation, and presentation

Recommended Resources:

"Big Data: A Revolution That Will Transform How We Live, Work, and Think" by
Viktor Mayer-Schonberger and Kenneth Cukier

Online tutorials and resources for big data tools and cloud computing platforms
(AWS, Google Cloud, Azure)

Research papers and articles on big data and cloud computing principles and
applications

INTRODUCTION TO BIG DATA TECHNOLOGIES (HADOOP, SPARK)
Course Duration: 10 weeks

Course Description: This course provides an introduction to the fundamental
concepts and technologies of big data processing, focusing on Apache Hadoop and
Apache Spark. Students will learn about the architecture, components, and
applications of these platforms in handling and analyzing large-scale data. The
course emphasizes both theoretical understanding and hands-on experience in
working with Hadoop and Spark.

Week 1-2: Introduction to Big Data and Distributed Computing

Importance of big data technologies in modern data-driven applications
Challenges and opportunities presented by large-scale data processing
Ethical considerations and privacy concerns in big data analytics
Basics of distributed computing and parallel processing

Week 3-4: Apache Hadoop - Core Concepts and Components

Introduction to Hadoop ecosystem: HDFS, MapReduce, YARN

Architecture and data storage in HDF'S

MapReduce programming paradigm for batch processing

Practical exercise: Setting up a Hadoop cluster and running a MapReduce job

Week 5-6: Hadoop Ecosystem and Data Processing

Introduction to Hadoop ecosystem components: Hive, Pig, HBase
SQL-like querying with Hive and data manipulation with Pig
NoSQL data storage and retrieval with HBase

Case study: Data processing with Hadoop ecosystem tools
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Week 7-8: Introduction to Apache Spark

Overview of Apache Spark and its advantages over MapReduce
Spark architecture: RDDs, transformations, actions

Spark programming with PySpark

Practical exercise: Writing and executing Spark applications

Week 9-10: Spark Data Processing and Advanced Concepts
Data processing and manipulation with Spark's DataFrame API
Spark SQL for querying structured data

Introduction to Spark Streaming and Machine Learning with MLIlib
Final project: Implementing a big data processing pipeline using Hadoop and Spark

Assessment Methods:

Quizzes and assignments to assess understanding of big data technologies (Hadoop,

Spark) concepts

Hands-on exercises involving Hadoop and Spark cluster setup, MapReduce, and
Spark applications

Data analysis projects involving real-world datasets and big data processing using
Hadoop and Spark

Final project assessment: Big data processing pipeline implementation, evaluation,
and presentation

Recommended Resources:

"Hadoop: The Definitive Guide" by Tom White

"Learning Spark: Lightning-Fast Data Analytics" by Holden Karau, Andy
Konwinski, Patrick Wendell, Matei Zaharia

Online tutorials and resources for Hadoop and Spark (Apache Hadoop website,
Apache Spark website)

Research papers and articles on big data technologies and their applications

DATA STORAGE AND PROCESSING IN DISTRIBUTED ENVIRONMENTS
Course Duration: 10 weeks

Course Description: This course provides an in-depth understanding of data
storage and processing techniques in distributed environments, focusing on key
concepts, technologies, and tools. Students will learn how to manage, store, and
process large-scale data across distributed systems, enabling them to design and
implement scalable and efficient data solutions. The course emphasizes both
theoretical concepts and practical applications.

Week 1-2: Introduction to Distributed Data Storage and Processing

Importance of distributed data storage and processing in modern applications
Challenges in managing and processing large-scale data
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Ethical considerations and security challenges in distributed environments
Basics of distributed systems and parallel processing

Week 3-4: Distributed File Systems and Data Storage

Overview of distributed file systems: HDFS, Google File System, Amazon S3
Architecture and data storage in distributed file systems

Data replication, fault tolerance, and data consistency

Practical exercise: Setting up and using HDF'S for data storage

Week 5-6: Data Processing Frameworks

Introduction to distributed data processing frameworks: MapReduce, Apache Spark
MapReduce programming model, jobs, and tasks

Spark architecture, RDDs, transformations, and actions

Practical exercise: Implementing data processing tasks with MapReduce and Spark

Week 7-8: Data Storage and Processing Technologies

Overview of NoSQL databases: MongoDB, Cassandra, HBase

Data modeling and querying in NoSQL databases

In-memory data processing with Apache Ignite

Case study: Designing a distributed data storage and processing solution

Week 9-10: Stream Processing and Future Trends

Real-time data processing and stream processing frameworks: Apache Kafka,
Apache Flink

Lambda and Kappa architectures for data processing

Serverless computing and containerization in distributed environments

Final project: Designing and implementing a distributed data processing pipeline

Assessment Methods:

Quizzes and assignments to assess understanding of distributed data storage and
processing concepts

Hands-on exercises involving setup of distributed file systems, MapReduce, and
Spark applications

Data analysis projects involving real-world datasets and distributed data processing
techniques

Final project assessment: Distributed data processing pipeline design,
implementation, and presentation

Recommended Resources:

"Distributed Systems: Concepts and Design" by George Coulouris, Jean Dollimore,
and Tim Kindberg

"Big Data: A Revolution That Will Transform How We Live, Work, and Think" by
Viktor Mayer-Schonberger and Kenneth Cukier
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Online tutorials and resources for distributed data storage and processing tools
(Hadoop, Spark, NoSQL databases)

Research papers and articles on distributed data storage and processing principles
and applications

CLOUD COMPUTING PLATFORMS (AWS, AZURE, GCP)
Course Duration: 10 weeks

Course Description: This course provides a comprehensive overview of cloud
computing platforms, focusing on Amazon Web Services (AWS), Microsoft Azure,
and Google Cloud Platform (GCP). Students will learn how to leverage cloud
services for deploying applications, managing infrastructure, and analyzing data.
The course emphasizes both theoretical concepts and hands-on experience with
cloud platforms.

Week 1-2: Introduction to Cloud Computing and Cloud Service Models

Importance of cloud computing in modern IT infrastructure

Overview of cloud service models: Infrastructure as a Service (IaaS), Platform as a
Service (PaaS), Software as a Service (SaaS)

Ethical considerations and security challenges in cloud computing

Basics of virtualization and containerization

Week 3-4: Amazon Web Services (AWS)

Introduction to AWS and its services

Compute services: Amazon EC2, AWS Lambda, AWS Elastic Beanstalk
Storage services: Amazon S3, Amazon EBS

Practical exercise: Setting up an AWS account, launching EC2 instances

Week 5-6: Microsoft Azure

Overview of Microsoft Azure and its offerings

Azure virtual machines, Azure App Service, Azure Functions
Azure storage solutions: Azure Blob Storage, Azure Table Storage
Case study: Deploying a web application on Azure

Week 7-8: Google Cloud Platform (GCP)

Introduction to GCP and its services

Compute services: Google Compute Engine, Google App Engine
GCP storage solutions: Google Cloud Storage, Google Cloud SQL
Practical exercise: Creating and managing resources on GCP

Week 9-10: Cloud Analytics, DevOps, and Future Trends

Cloud-based data analytics with services like AWS Redshift, Azure SQL Data
Warehouse, BigQuery




DevOps practices in cloud environments: continuous integration, continuous
deployment

Edge computing and serverless computing

Final project: Deploying a multi-tier application on a cloud platform

Assessment Methods:

Quizzes and assignments to assess understanding of cloud computing platform
concepts

Hands-on exercises involving setup and utilization of cloud services on AWS, Azure,
and GCP

Application deployment projects involving real-world scenarios on cloud platforms
Final project assessment: Cloud application deployment, evaluation, and
presentation

Recommended Resources:

"AWS Certified Solutions Architect Official Study Guide" by Joe Baron, Hisham
Baz, Tim Bixler, Biff Gaut, Kevin E. Kelly, Sean Senior, John Stamper

"Microsoft Azure Essentials: Fundamentals of Azure" by Michael S. Collier and
Robin E. Shahan

Online tutorials and documentation for AWS, Azure, and GCP

Research papers and articles on cloud computing principles and applications

SCALABLE DATA ANALYSIS AND MACHINE LEARNING ON THE CLOUD

Course Duration: 10 weeks

Course Description: This course focuses on enabling students to perform scalable
data analysis and machine learning tasks using cloud computing platforms.
Students will learn how to leverage cloud resources and tools to process and analyze
large datasets, implement machine learning models, and deploy scalable solutions.
The course emphasizes both theoretical understanding and hands-on experience
with cloud-based data analysis and machine learning.

Week 1-2: Introduction to Scalable Data Analysis and Cloud Computing

Importance of scalable data analysis and machine learning on the cloud
Role of cloud computing platforms in enabling scalable solutions

Ethical considerations and security challenges in cloud-based data analysis
Basics of virtualization, containerization, and auto-scaling

Week 3-4: Cloud-Based Data Storage and Processing

Utilizing cloud-based storage services: Amazon S3, Azure Blob Storage, Google
Cloud Storage

Setting up distributed data processing: Amazon EMR, Azure HDInsight, Google
Dataproc

Leveraging distributed data processing frameworks: Apache Spark on the cloud
Practical exercise: Processing large datasets using Spark on the cloud

Week 5-6: Scalable Machine Learning on Cloud Platforms

Introduction to cloud-based machine learning platforms: AWS SageMaker, Azure
Machine Learning, Google Al Platform
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Data preprocessing and feature engineering in a distributed environment
Training and evaluating machine learning models at scale
Case study: Building a scalable machine learning pipeline on the cloud

Week 7-8: Cloud-Based Model Deployment and Serving

Model deployment strategies and considerations on the cloud

Serverless computing for scalable and cost-efficient model serving

Real-time prediction with cloud-based APIs: AWS Lambda, Azure Functions, Google
Cloud Functions

Practical exercise: Deploying a trained model for real-time predictions

Week 9-10: Cloud-Enabled Big Data Analytics and Future Trends

Integrating cloud-based big data analytics with scalable machine learning

Scalable data visualization and reporting: AWS QuickSight, Power BI, Google Data
Studio

Edge computing and IoT applications on the cloud

Final project: Designing and implementing a complete end-to-end scalable data
analysis and machine learning solution on the cloud

Assessment Methods:

Quizzes and assignments to assess understanding of scalable data analysis and
cloud computing concepts

Hands-on exercises involving cloud-based data processing, machine learning, and
model deployment

Data analysis and machine learning projects involving real-world datasets and
cloud platforms

Final project assessment: Scalable data analysis and machine learning solution
design, implementation, and presentation

Recommended Resources:

"Hands-On Machine Learning with Scikit-Learn, Keras, and TensorFlow" by
Aurélien Géron

Online tutorials and documentation for cloud-based data analysis and machine
learning platforms (AWS SageMaker, Azure Machine Learning, Google Al
Platform)

Research papers and articles on scalable data analysis and machine learning on the
cloud




PAPER 8:
NATURAL LANGUAGE PROCESSING

Course Duration: 10 weeks

Course Description: This course focuses on providing students with a
comprehensive understanding of natural language processing (NLP) techniques and
applications. Students will learn how to process, analyze, and generate human
language using computational methods. The course covers both theoretical
foundations and practical implementations of NLP algorithms and models.

Week 1-2: Introduction to Natural Language Processing

Importance of NLP in modern AI applications

Overview of NLP tasks: text classification, sentiment analysis, machine translation,
etc.

Ethical considerations and biases in NLP algorithms

Basics of linguistic and syntactic analysis

Week 3-4: Text Preprocessing and Tokenization

Cleaning and preparing text data for analysis

Tokenization: breaking text into words and sentences
Stopword removal and stemming

Practical exercise: Preprocessing text data using Python/NLTK

Week 5-6: Text Representation and Feature Engineering

Bag-of-words and TF-IDF representations

Word embeddings: Word2Vec, GloVe

Document embeddings: Doc2Vec, sentence embeddings

Practical exercise: Generating word embeddings and feature vectors

Week 7-8: Sentiment Analysis and Text Classification

Binary and multi-class text classification

Sentiment analysis techniques: lexicon-based, machine learning, deep learning
Building and evaluating classification models

Case study: Sentiment analysis using a movie review dataset

Week 9-10: Sequence Modeling and Advanced NLP Topics

Introduction to sequence modeling: Markov models, Hidden Markov Models
Introduction to recurrent neural networks (RNNs)

Sequence-to-sequence models for machine translation

Final project: Implementing an NLP application (e.g., chatbot, language
translation)
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Assessment Methods:

Quizzes and assignments to assess understanding of NLP concepts and techniques
Hands-on exercises involving text preprocessing, feature engineering, and NLP
model implementation

NLP projects involving real-world datasets and applications

Final project assessment: NLP application design, implementation, evaluation, and
presentation

Recommended Resources:

"Speech and Language Processing” by Dan Jurafsky and James H. Martin

"Natural Language Processing with Python" by Steven Bird, Ewan Klein, and
Edward Loper

Online tutorials and resources for NLP libraries and frameworks (NLTK, spaCy,
TensorFlow, PyTorch)

Research papers and articles on NLP algorithms, models, and applications

BASICS OF TEXT PROCESSING AND ANALYSIS
Course Duration: 10 weeks

Course Description: This course provides an introduction to the fundamental
concepts and techniques of text processing and analysis. Students will learn how to
preprocess, analyze, and extract insights from textual data using computational
methods. The course covers both theoretical foundations and practical
implementations of text processing techniques.

Week 1-2: Introduction to Text Processing and Analysis

Importance of text processing and analysis in data-driven decision making
Overview of text analysis tasks: text classification, sentiment analysis, entity
recognition, etc.

Ethical considerations and biases in text analysis algorithms

Basics of linguistic and syntactic analysis

Week 3-4: Text Preprocessing and Tokenization

Cleaning and preparing text data for analysis

Tokenization: breaking text into words and sentences
Stopword removal, stemming, and lemmatization

Practical exercise: Preprocessing text data using Python/NLTK

Week 5-6: Text Representation and Feature Engineering

Bag-of-words and TF-IDF representations

Word embeddings: Word2Vec, GloVe

Document embeddings: Doc2Vec, sentence embeddings
Feature extraction techniques for text data
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Practical exercise: Generating word embeddings and feature vectors
Week 7-8: Text Classification and Sentiment Analysis

Introduction to text classification and sentiment analysis

Binary and multi-class text classification

Sentiment analysis techniques: lexicon-based, machine learning, deep learning
Building and evaluating classification models

Case study: Sentiment analysis using a movie review dataset

Week 9-10: Named Entity Recognition and Future Trends

Introduction to named entity recognition (NER)

NER techniques and challenges

Applications of NER in information extraction and knowledge graph construction
Emerging trends in text processing and analysis

Final project: Implementing a basic text processing and analysis pipeline

Assessment Methods:

Quizzes and assignments to assess understanding of text processing and analysis
concepts

Hands-on exercises involving text preprocessing, feature engineering, and model
implementation

Text analysis projects involving real-world datasets and applications

Final project assessment: Text processing and analysis pipeline design,
implementation, and presentation

Recommended Resources:

"Text Analytics with Python" by Dipanjan Sarkar

"Natural Language Processing with Python" by Steven Bird, Ewan Klein, and
Edward Loper

Online tutorials and resources for text processing libraries and frameworks (NLTK,
spaCy, scikit-learn)

Research papers and articles on text processing and analysis techniques and
applications

TOKENIZATION, STEMMING, AND LEMMATIZATION
Course Duration: 6 weeks

Course Description: This course provides an in-depth exploration of text
preprocessing techniques essential for effective natural language processing.
Students will learn how to break down text into tokens, reduce words to their root
forms using stemming and lemmatization, and understand the importance of these
techniques in text analysis and machine learning applications. The course
emphasizes hands-on practice and practical implementations.
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Week 1: Introduction to Text Preprocessing

Importance of text preprocessing in natural language processing

Overview of text preprocessing techniques: tokenization, stemming, lemmatization
Ethical considerations and biases in text preprocessing

Basic linguistic concepts relevant to text processing

Week 2: Tokenization

Understanding the concept of tokens and tokenization
Tokenization methods: word-based and sentence-based
Handling special cases: contractions, punctuation, URLs
Practical exercise: Tokenizing text data using Python libraries

Week 3: Stemming

Introduction to stemming and its purpose in text analysis
Porter stemming algorithm and its variations

Snowball stemming algorithm

Practical exercise: Implementing stemming using Python/NLTK

Week 4: Lemmatization

Introduction to lemmatization and its advantages over stemming
Lemmatization approaches: rule-based and machine learning-based
Lemmatization libraries: WordNet Lemmatizer, spaCy

Practical exercise: Applying lemmatization to text data

Week 5: Applications of Preprocessing Techniques

Role of tokenization, stemming, and lemmatization in text analysis
How preprocessing improves feature extraction and model performance
Text classification and sentiment analysis examples

Practical exercise: Using preprocessed text for sentiment analysis

Week 6: Advanced Topics and Future Trends

Challenges and limitations of tokenization, stemming, and lemmatization
Integrating text preprocessing into machine learning pipelines

Emerging trends in text preprocessing techniques

Final project: Designing and implementing a comprehensive text preprocessing
pipeline

Assessment Methods:

Quizzes and assignments to assess understanding of tokenization, stemming, and
lemmatization concepts

Hands-on exercises involving tokenization, stemming, and lemmatization using
Python/NLTK and other libraries

Text preprocessing projects involving real-world datasets and applications
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Final project assessment: Text preprocessing pipeline design, implementation,
evaluation, and presentation

Recommended Resources:

"Natural Language Processing with Python" by Steven Bird, Ewan Klein, and
Edward Loper

"Text Analytics with Python" by Dipanjan Sarkar

Online tutorials and resources for tokenization, stemming, and lemmatization
libraries and frameworks (NLTK, spaCy)

Research papers and articles on text preprocessing techniques and applications

SENTIMENT ANALYSIS, TEXT CLASSIFICATION, AND NAMED ENTITY
RECOGNITION

Course Duration: 10 weeks

Course Description: This course provides a comprehensive understanding of
sentiment analysis, text classification, and named entity recognition (NER)
techniques, essential for extracting meaningful insights from text data. Students
will learn how to analyze sentiment, classify text into predefined categories, and
identify entities in text. The course covers theoretical foundations and practical
implementations of these techniques.

Week 1-2: Introduction to Sentiment Analysis, Text Classification, and
NER

Importance of sentiment analysis, text classification, and NER in text data
processing

Overview of sentiment analysis tasks: polarity detection, emotion analysis

Types of text classification: binary, multi-class, multi-label

Role of NER in information extraction and knowledge graph construction

Week 3-4: Sentiment Analysis Techniques

Introduction to sentiment analysis: document-level and sentence-level
Lexicon-based approaches and sentiment dictionaries

Machine learning approaches: Naive Bayes, Support Vector Machines, LSTM
Practical exercise: Implementing sentiment analysis using Python

Week 5-6: Text Classification Methods

Binary and multi-class text classification

Feature extraction techniques: TF-IDF, word embeddings

Machine learning algorithms: Logistic Regression, Random Forest, Neural
Networks

Evaluation metrics for text classification

Case study: Implementing a multi-class text classifier
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Week 7-8: Named Entity Recognition

Introduction to named entity recognition and its applications
Rule-based and machine learning-based NER approaches
NER libraries: spaCy, NLTK, Stanford NER

Practical exercise: Implementing NER for entity extraction

Week 9-10: Advanced Topics and Real-world Applications

Challenges and limitations in sentiment analysis, text classification, and NER
Cross-domain sentiment analysis and transfer learning

Applications of sentiment analysis, text classification, and NER: social media,
customer reviews, news articles

Final project: Designing and implementing an end-to-end text analysis pipeline

Assessment Methods:

Quizzes and assignments to assess understanding of sentiment analysis, text
classification, and NER concepts

Hands-on exercises involving sentiment analysis, text classification, and NER
implementation using Python and relevant libraries

Text analysis projects involving real-world datasets and applications

Final project assessment: Text analysis pipeline design, implementation,
evaluation, and presentation

Recommended Resources:

"Natural Language Processing with Python" by Steven Bird, Ewan Klein, and
Edward Loper

"Text Analytics with Python" by Dipanjan Sarkar

Online tutorials and resources for sentiment analysis, text classification, and NER
libraries and frameworks (spaCy, NLTK)

Research papers and articles on sentiment analysis, text classification, and NER
techniques and applications

BUILDING NLP APPLICATIONS AND CHATBOTS
Course Duration: 10 weeks

Course Description: This course focuses on teaching students how to design,
develop, and deploy natural language processing (NLP) applications, with a special
emphasis on building chatbots. Students will learn the fundamentals of building
NLP-based applications, explore various chatbot architectures, and gain hands-on
experience in creating functional and interactive chatbot systems.

Week 1-2: Introduction to NLP Applications and Chatbots

Overview of NLP applications in real-world scenarios
Importance and challenges of building chatbots




Ethical considerations in chatbot design and deployment
Basics of conversational agents and dialogue systems

Week 3-4: NLP Application Development

Defining the scope of NLP applications

Text preprocessing and feature engineering for NLP

Building and training NLP models: sentiment analysis, text classification
Practical exercise: Developing a sentiment analysis application

Week 5-6: Chatbot Design and Architecture

Different types of chatbots: rule-based, retrieval-based, generative

Architecture of a chatbot system: input processing, dialogue management, response
generation

Intent recognition and entity extraction for chatbots

Case study: Analyzing existing chatbot architectures

Week 7-8: Building Chatbot Prototypes

Selecting a suitable chatbot framework: Dialogflow, Rasa, Microsoft Bot Framework
Creating chatbot prototypes using a chosen framework

Testing and fine-tuning chatbot prototypes

Practical exercise: Building a simple retrieval-based chatbot

Week 9-10: Advanced Topics and Future Trends

Implementing advanced chatbot features: context handling, multi-turn
conversations

Integrating chatbots with backend systems and databases

Natural language understanding and dialogue management

Final project: Designing, developing, and deploying a functional chatbot application

Assessment Methods:

Quizzes and assignments to assess understanding of NLP application development
and chatbot concepts

Hands-on exercises involving NLP model building, chatbot prototyping, and
integration

Chatbot projects involving real-world scenarios and applications

Final project assessment: Chatbot application design, development, evaluation, and
presentation

Recommended Resources:

"Designing Voice User Interfaces: Principles of Conversational Experiences" by
Cathy Pearl

"Natural Language Processing with Python" by Steven Bird, Ewan Klein, and
Edward Loper

Online tutorials and resources for chatbot development frameworks (Dialogflow,
Rasa, Microsoft Bot Framework)

Research papers and articles on NLP application development and chatbot design




PAPER 9:
TIME SERIES ANALYSIS

Course Duration: 10 weeks

Course Description: This course focuses on providing students with a
comprehensive understanding of time series analysis techniques and their
applications. Students will learn how to model, analyze, and forecast time-
dependent data. The course covers both theoretical foundations and practical
implementations of time series analysis methods.

Week 1-2: Introduction to Time Series Analysis

Importance of time series analysis in various fields
Overview of time-dependent data and its characteristics
Ethical considerations in time series analysis

Basics of time series components: trend, seasonality, noise

Week 3-4: Time Series Visualization and Preprocessing

Plotting and visualizing time series data

Dealing with missing values and outliers

Detrending and deseasonalizing time series

Practical exercise: Visualizing and preprocessing time series data using Python

Week 5-6: Time Series Decomposition and Smoothing

Decomposition methods: additive and multiplicative

Moving average and exponential smoothing techniques

Holt-Winters exponential smoothing for seasonal data

Practical exercise: Decomposing and smoothing time series components

Week 7-8: Time Series Forecasting Methods

Autoregressive (AR) models: AR(p) and ARIMA(p,d,q)

Moving average (MA) models: MA(q) and ARIMA(p,d,q)
Autoregressive Integrated Moving Average (ARIMA) modeling
Case study: Forecasting future values of a time series using ARIMA

Week 9-10: Advanced Topics and Real-world Applications

Seasonal ARIMA (SARIMA) models

Introduction to state space models and exponential smoothing state space model
(ETS)

Time series analysis in finance, economics, and social sciences

Final project: Modeling, analyzing, and forecasting a real-world time series dataset
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Assessment Methods:

Quizzes and assignments to assess understanding of time series analysis concepts
Hands-on exercises involving time series visualization, preprocessing, and model
implementation using Python

Time series analysis projects involving real-world datasets and applications

Final project assessment: Time series analysis and forecasting project design,
implementation, evaluation, and presentation

Recommended Resources:

"Time Series Analysis and Its Applications: With R Examples" by Robert H.
Shumway and David S. Stoffer

"Forecasting: Principles and Practice” by Rob J Hyndman and George
Athanasopoulos

Online tutorials and resources for time series analysis libraries and frameworks
(statsmodels, pandas, matplotlib)

Research papers and articles on time series analysis techniques and applications

TIME SERIES DATA AND ITS CHARACTERISTICS
Course Duration: 6 weeks

Course Description: This course provides a comprehensive introduction to time
series data and its unique characteristics. Students will learn how to identify,
analyze, and interpret time-dependent data patterns, setting the foundation for
more advanced time series analysis techniques. The course covers both theoretical
concepts and practical applications of time series data.

Week 1: Introduction to Time Series Data

Importance of time series data in various fields

Definition and examples of time series data

Key differences between time series and cross-sectional data
Ethical considerations in time series analysis

Week 2: Time Series Components

Understanding the components of time series data: trend, seasonality, noise
Visualizing and interpreting time series components

Identifying and quantifying trends and seasonality

Practical exercise: Analyzing time series components using Python

Week 3: Time Series Visualization

Plotting and visualizing time series data

Time series plots: line charts, scatter plots, box plots

Identifying outliers and anomalies in time series data

Practical exercise: Creating time series visualizations using Python libraries
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Week 4: Time Series Decomposition and Stationarity

Decomposition methods: additive and multiplicative
Importance of stationarity in time series analysis

Testing for stationarity: Augmented Dickey-Fuller (ADF) test
Transforming non-stationary data to achieve stationarity

Week 5: Autocorrelation and Lag Analysis

Understanding autocorrelation and its significance

Autocorrelation function (ACF) and partial autocorrelation function (PACF)
Lag analysis and its applications in time series analysis

Practical exercise: Calculating and interpreting autocorrelation using Python

Week 6: Advanced Topics and Future Trends

Handling irregularly spaced time series data

Time series data in machine learning and predictive modeling

Emerging trends in time series analysis and applications

Final project: Analyzing and interpreting a real-world time series dataset

Assessment Methods:

Quizzes and assignments to assess understanding of time series data
characteristics and concepts

Hands-on exercises involving time series visualization, decomposition, and
autocorrelation analysis using Python

Time series analysis projects involving real-world datasets and applications

Final project assessment: Time series data analysis and interpretation, project
presentation

Recommended Resources:

"Time Series Analysis and Its Applications: With R Examples" by Robert H.
Shumway and David S. Stoffer

"Introduction to Time Series and Forecasting" by Peter J. Brockwell and Richard A.
Davis

Online tutorials and resources for time series data analysis libraries and
frameworks (pandas, matplotlib, statsmodels)

Research papers and articles on time series data characteristics and analysis
techniques

FORECASTING TECHNIQUES: ARIMA AND EXPONENTIAL SMOOTHING
Course Duration: 8 weeks
Course Description: This course focuses on teaching students the fundamentals of

time series forecasting techniques, with a specific emphasis on Autoregressive
Integrated Moving Average (ARIMA) and Exponential Smoothing methods.

62|Page

3




Students will learn how to model, analyze, and forecast time series data using these
techniques. The course covers both theoretical concepts and practical
implementations of forecasting models.

Week 1-2: Introduction to Time Series Forecasting

Importance of time series forecasting in decision making

Overview of forecasting techniques: ARIMA, Exponential Smoothing
Ethical considerations in forecasting and decision support

Basics of time series components and trends

Week 3-4: ARIMA Modeling

Understanding the ARIMA modeling process

Autoregressive (AR) and Moving Average (MA) components
Differencing for achieving stationarity (Integrated component)
Identification, estimation, and diagnostic checking of ARIMA models
Practical exercise: Building an ARIMA model using Python

Week 5-6: Exponential Smoothing Methods

Introduction to Exponential Smoothing methods

Simple Exponential Smoothing (SES), Double Exponential Smoothing (Holt's), and
Triple Exponential Smoothing (Holt-Winters)

Parameter estimation and model selection

Case study: Applying Exponential Smoothing methods to real-world data

Week 7-8: Forecast Evaluation and Advanced Topics

Evaluating forecast accuracy: Mean Absolute Error (MAE), Mean Squared Error
(MSE), Root Mean Squared Error (RMSE)

Handling seasonality and trend in Exponential Smoothing

Forecasting with multiple seasonality

Final project: Building and evaluating forecasting models for a real-world dataset

Assessment Methods:

Quizzes and assignments to assess understanding of time series forecasting
concepts and techniques

Hands-on exercises involving ARIMA and Exponential Smoothing model
implementation using Python

Forecasting projects involving real-world datasets and applications

Final project assessment: Forecasting model design, implementation, evaluation,
and presentation

Recommended Resources:

"Forecasting: Principles and Practice” by Rob J Hyndman and George
Athanasopoulos
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"Time Series Analysis and Its Applications: With R Examples" by Robert H.
Shumway and David S. Stoffer

Online tutorials and resources for time series forecasting libraries and frameworks
(statsmodels, pandas, matplotlib)

Research papers and articles on time series forecasting techniques and applications

SEASONAL DECOMPOSITION AND TREND ANALYSIS
Course Duration: 6 weeks

Course Description: This course provides a comprehensive understanding of
seasonal decomposition and trend analysis techniques for time series data. Students
will learn how to identify, extract, and analyze seasonal patterns and trends in
time-dependent data, setting the foundation for more advanced time series analysis
and forecasting methods. The course covers both theoretical concepts and practical
applications of these techniques.

Week 1: Introduction to Seasonal Decomposition and Trend Analysis

Importance of seasonal decomposition and trend analysis in time series data
Overview of seasonal patterns and trends: additive and multiplicative components
Ethical considerations in time series analysis and interpretation

Basics of time series components: trend, seasonality, noise

Week 2: Identifying and Visualizing Seasonal Patterns

Detecting seasonal patterns in time series data

Periodicity and frequency of seasonal patterns

Visualizing seasonal patterns: seasonal subseries plots, box plots

Practical exercise: Identifying and visualizing seasonal patterns using Python

Week 3: Decomposition Methods: Additive and Multiplicative

Additive decomposition: separating components through subtraction
Multiplicative decomposition: separating components through division
Decomposition algorithms: moving averages, exponential smoothing
Practical exercise: Decomposing time series data using Python libraries

Week 4: Trend Analysis and Detection

Identifying and quantifying trends in time series data

Trend estimation methods: moving averages, linear regression

Seasonal adjusted data and deseasonalizing time series

Practical exercise: Analyzing and interpreting trends in time series data

Week 5: Seasonal Adjustment and Trend Extraction
Seasonal adjustment techniques: centering moving averages, centered ratios

Extracting trend from deseasonalized data
Importance of removing seasonality for time series analysis




Case study: Applying seasonal adjustment to real-world data
Week 6: Advanced Topics and Real-world Applications

Dealing with irregular seasonality and trend patterns

Trend analysis in economics, finance, and social sciences

Emerging trends in time series decomposition and trend analysis

Final project: Analyzing and interpreting a real-world time series dataset with
seasonal decomposition and trend analysis

Assessment Methods:

Quizzes and assignments to assess understanding of seasonal decomposition and
trend analysis concepts

Hands-on exercises involving seasonal decomposition, trend analysis, and
visualization using Python

Time series analysis projects involving real-world datasets and applications

Final project assessment: Seasonal decomposition and trend analysis, project
presentation

Recommended Resources:

"Time Series Analysis and Its Applications: With R Examples" by Robert H.
Shumway and David S. Stoffer

"Forecasting: Principles and Practice” by Rob J Hyndman and George
Athanasopoulos

Online tutorials and resources for time series decomposition and trend analysis
libraries and frameworks (pandas, statsmodels, matplotlib)

Research papers and articles on seasonal decomposition and trend analysis
techniques and applications

APPLICATIONS OF DATA SCIENCE IN FINANCE, ECONOMICS, AND
BEYOND

Course Duration: 10 weeks

Course Description: This course explores the diverse and impactful applications
of data science in various domains, with a focus on finance, economics, and related
fields. Students will learn how data science techniques and tools can be used to
extract insights, make informed decisions, and drive innovation in different
industries. The course covers theoretical concepts, practical implementations, and
case studies.

Week 1-2: Introduction to Data Science Applications

Importance of data science in diverse industries

Overview of data-driven decision making

Ethical considerations and challenges in data science applications

Role of data science in finance, economics, healthcare, marketing, and more
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Week 3-4: Data Science in Finance

Analyzing financial market data using data science techniques
Risk assessment and portfolio optimization

Fraud detection and anti-money laundering (AML)

Case study: Predictive modeling for stock prices

Week 5-6: Data Science in Economics

Economic forecasting and trend analysis

Identifying economic indicators and drivers

Analyzing consumer behavior and market trends

Practical exercise: Analyzing economic data using data science tools

Week 7-8: Data Science in Healthcare

Predictive modeling for disease diagnosis and patient outcomes
Drug discovery and personalized medicine

Health informatics and electronic health records (EHR) analysis
Case study: Analyzing health data to improve patient care

Week 9-10: Data Science in Marketing and Beyond

Customer segmentation and targeting
Recommender systems and personalized marketing
Text mining and sentiment analysis in marketing
Emerging trends in data science applications

Assessment Methods:

Quizzes and assignments to assess understanding of data science applications
concepts

Hands-on exercises involving data analysis, modeling, and visualization using
relevant tools (Python, R)

Case study projects involving real-world datasets and applications

Final project assessment: Identifying, designing, and implementing a data science
application in a chosen domain

Recommended Resources:

"Data Science for Business" by Foster Provost and Tom Fawcett

"Python for Data Analysis" by Wes McKinney

Online tutorials and resources for data science libraries and frameworks (pandas,
scikit-learn, matplotlib)

Research papers, articles, and case studies on data science applications in various
domains




PAPER 10:
CAPSTONE PROJECT IN DATA SCIENCE

Course Duration: 12 weeks

Course Description: The Capstone Project in Data Science is the culmination of
the program, providing students with an opportunity to apply their knowledge and
skills to a real-world data science project. Working in teams or individually,
students will define a problem, gather and analyze data, develop and implement
models, and present their findings to stakeholders. The course emphasizes project
management, collaboration, and effective communication.

Week 1-2: Project Initiation and Problem Definition

Overview of the capstone project and its objectives
Identifying a real-world problem or challenge
Formulating a clear problem statement and project scope
Defining project goals, objectives, and deliverables
Ethical considerations in selecting and defining a project

Week 3-4: Data Collection and Preprocessing

Identifying relevant data sources and datasets

Data collection methods: web scraping, APIs, databases

Cleaning and preprocessing data for analysis

Exploratory data analysis (EDA) to understand data characteristics

Week 5-6: Exploratory Data Analysis and Visualization

Performing in-depth exploratory data analysis

Visualizing data distributions, relationships, and trends
Identifying patterns, anomalies, and insights in data
Practical exercise: Creating informative data visualizations

Week 7-8: Model Development and Implementation

Selecting appropriate data science techniques and models
Feature engineering and selection

Model training, validation, and optimization
Implementing machine learning or statistical models

Week 9-10: Evaluation and Fine-tuning

Evaluating model performance using appropriate metrics
Iterative model refinement and hyperparameter tuning
Addressing overfitting and bias in the model
Comparative analysis of different models




Week 11-12: Project Documentation and Presentation

Writing a comprehensive project report

Creating clear and concise documentation of the process and methodology
Preparing and delivering a formal project presentation

Ethical considerations in project documentation and presentation

Assessment Methods:

Regular progress reports and updates on project development

Continuous supervision and guidance from mentors or instructors

Submission of intermediate project milestones and deliverables

Final project assessment: Comprehensive project report, presentation, and
demonstration of the final product

Recommended Resources:

Guidance and mentorship from faculty members, industry experts, or advisors
Online resources for project management, data science tools, and best practices
Access to relevant datasets, software, and programming environments

Peer review and collaboration opportunities within the class

REAL-WORLD DATA SCIENCE PROJECT: FROM PROBLEM
FORMULATION TO DEPLOYMENT

Course Duration: 12 weeks

Course Description: This course provides students with a comprehensive
understanding of the end-to-end process of executing a real-world data science
project, from problem formulation and data collection to model deployment and
presentation. Students will gain hands-on experience in tackling practical
challenges and making informed decisions throughout the project lifecycle. The
course emphasizes project management, collaboration, and effective communication.

Week 1-2: Project Initiation and Problem Formulation

Overview of the real-world data science project and its objectives
Identifying a relevant and impactful real-world problem
Formulating a clear problem statement, objectives, and scope
Defining success criteria and desired outcomes

Week 3-4: Data Collection and Preprocessing

Identifying and sourcing relevant data from various sources
Data collection methods: web scraping, APIs, databases
Cleaning, preprocessing, and transforming data for analysis
Ethical considerations in data collection and handling




Week 5-6: Exploratory Data Analysis and Visualization

Performing exploratory data analysis (EDA) to gain insights
Visualizing data distributions, patterns, and correlations
Identifying outliers, anomalies, and potential biases
Practical exercise: Creating informative data visualizations

Week 7-8: Feature Engineering and Model Development

Feature selection, creation, and transformation

Selecting appropriate data science techniques and models
Model training, validation, and optimization

Addressing overfitting and bias in model development

Week 9-10: Model Evaluation and Deployment

Evaluating model performance using relevant metrics
Iterative model refinement and hyperparameter tuning
Preparing the model for deployment: serialization, packaging
Deploying the model using cloud services or containers

Week 11-12: Project Presentation and Documentation

Creating a comprehensive project report and documentation
Preparing and delivering a formal project presentation
Demonstrating the functioning model and its impact

Ethical considerations in project documentation and presentation

Assessment Methods:

Regular progress reports and updates on project development

Continuous supervision and guidance from mentors or instructors

Submission of intermediate project milestones and deliverables

Final project assessment: Comprehensive project report, presentation, and deployed
model

Recommended Resources:
Guidance and mentorship from faculty members, industry experts, or advisors
Online resources for project management, data science tools, and best practices

Access to relevant datasets, software, and cloud services
Collaboration opportunities and peer review within the class

Integration of Skills Learned Throughout the Program

Course Duration: 8 weeks

Course Description: This capstone course aims to consolidate and apply the
knowledge and skills acquired in various subjects throughout the program.
Students will work on a comprehensive project that requires the integration of data
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science techniques, tools, and concepts learned in different areas. The course focuses
on problem-solving, critical thinking, interdisciplinary collaboration, and effective
communication.

Week 1: Overview and Project Selection

Introduction to the integration project and its objectives
Formulating a clear problem statement and project scope
Identifying relevant domains and data sources

Defining project goals, deliverables, and timeline

Week 2: Data Collection, Preprocessing, and Exploration

Gathering data from diverse sources and domains

Cleaning, preprocessing, and transforming data for analysis
Exploratory data analysis (EDA) across different datasets
Ethical considerations in handling and integrating data

Week 3: Feature Engineering and Model Development

Feature selection and engineering for interdisciplinary insights
Selecting appropriate data science techniques and models
Model training, validation, and evaluation across domains
Addressing challenges in model integration

Week 4: Interdisciplinary Integration

Combining insights from different models and domains
Handling conflicts and discrepancies in integrated findings
Synthesizing results to create a holistic understanding
Practical exercise: Integrating models and insights

Week 5: Visualization and Communication

Creating informative visualizations for interdisciplinary insights
Effectively communicating integrated findings to stakeholders
Storytelling with data: presenting a coherent narrative

Practical exercise: Designing visualizations for integrated insights

Week 6: Collaboration and Peer Review
Collaborative work on integrated projects in teams
Peer review and feedback for continuous improvement

Iterative refinement of integrated analysis and models
Ethical considerations in collaborative projects

Week 7: Finalizing and Presenting Integrated Project

Finalizing integrated analysis, models, and insights
Preparing a comprehensive project report and documentation




Creating a formal project presentation for diverse audiences
Receiving feedback and making final refinements

Week 8: Project Evaluation and Reflection

Evaluation of integrated projects by instructors and peers
Reflecting on the interdisciplinary learning experience
Identifying lessons learned and areas for improvement
Celebrating achievements and acknowledging contributions

Assessment Methods:

Regular progress reports and updates on integrated project development
Continuous supervision and guidance from mentors or instructors

Submission of intermediate project milestones and deliverables

Final project assessment: Comprehensive project report, presentation, and
demonstration of interdisciplinary insights

Recommended Resources:

Guidance and mentorship from faculty members, industry experts, or advisors
Online resources for interdisciplinary collaboration, project management, and
effective communication

Access to relevant datasets, software, and programming environments
Collaboration opportunities and peer review within the class

COLLABORATION WITH INDUSTRY PARTNERS IN DATA SCIENCE
Course Duration: 8 weeks

Course Description: This course focuses on providing students with hands-on
experience in collaborating with industry partners to solve real-world data science
challenges. Through partnerships with companies or organizations, students will
work on projects that require applying data science techniques to address industry-
specific problems. The course emphasizes practical skills, interdisciplinary
collaboration, and effective communication with external stakeholders.

Week 1: Introduction to Industry Collaboration

Importance of collaboration between academia and industry
Overview of industry partnership projects in data science
Identifying potential industry partners and projects

Ethical considerations in industry collaboration

Week 2: Identifying and Scoping Industry Projects

Defining clear project objectives and scope

Analyzing industry needs and challenges
Formulating problem statements and success criteria
Identifying data sources and requirements
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Week 3: Project Proposal and Planning

Developing a comprehensive project proposal

Outlining project goals, deliverables, and timeline
Establishing roles and responsibilities within the team
Ethical considerations in project planning and execution

Week 4-5: Data Collection, Preprocessing, and Analysis

Gathering industry-specific data from partners

Cleaning, preprocessing, and transforming data for analysis
Applying relevant data science techniques to extract insights
Collaborative data exploration and feature engineering

Week 6-7: Model Development and Evaluation

Selecting appropriate models and algorithms for industry context
Model training, validation, and optimization

Evaluating model performance against industry benchmarks
Addressing challenges and iterating on model development

Week 8: Collaboration and Communication

Effective communication with industry partners and stakeholders
Collaborative decision-making and problem-solving

Preparing and delivering progress updates and presentations
Ethical considerations in communicating results and findings

Assessment Methods:

Project proposal and planning documentation

Submission of intermediate project milestones and deliverables

Regular progress reports and updates on industry collaboration

Final project assessment: Comprehensive project report, presentation, and
demonstration of industry impact

Recommended Resources:

Guidance and mentorship from faculty members, industry experts, or advisors
Online resources for project management, collaboration, and effective
communication

Access to relevant datasets, software, and programming environments

Networking opportunities and engagement with industry partners

PRESENTATION AND DOCUMENTATION OF DATA SCIENCE PROJECTS

Course Duration: 6 weeks

Course Description: This course focuses on teaching students how to effectively
communicate and present their data science projects to diverse audiences. Students
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will learn the art of storytelling, creating informative visualizations, and preparing
comprehensive project documentation. The course emphasizes communication
skills, data visualization, and project documentation for successful project outcomes.

Week 1-2: Introduction to Presentation and Documentation

Importance of clear and effective project presentation
Overview of project documentation and its significance
Identifying target audiences and tailoring communication
Ethical considerations in presenting and documenting projects

Week 3-4: Storytelling and Structuring Presentations

Crafting a compelling narrative for project presentations

Structuring presentations: introduction, problem statement, methodology, results,
conclusions

Tips for engaging and persuasive storytelling

Practical exercise: Creating a structured presentation outline

Week 5-6: Visualizations and Design Principles

Importance of data visualization in project communication
Design principles for creating informative visualizations
Choosing appropriate chart types and techniques
Practical exercise: Designing effective data visualizations

Week 7-8: Creating Comprehensive Documentation

Elements of comprehensive project documentation

Documenting project objectives, methods, and outcomes
Creating clear and concise technical documentation

Ethical considerations in documenting methodologies and results

Week 9-10: Project Presentation and Public Speaking
Preparing and delivering a formal project presentation
Effective public speaking techniques and practices

Handling questions and engaging with the audience

Practical exercise: Delivering project presentations

Week 11-12: Finalizing Documentation and Peer Review
Refining project documentation based on feedback

Peer review and collaborative editing of documentation
Creating a polished and professional project report

Ethical considerations in attributing sources and contributions

Assessment Methods:

Regular practice sessions and exercises in presentation skills




Submission of draft project documentation for peer review
Final project assessment: Comprehensive project report, presentation, and
demonstration of effective communication

Recommended Resources:

"Storytelling with Data: A Data Visualization Guide for Business Professionals" by
Cole Nussbaumer Knaflic

Online resources and tutorials for creating effective presentations and
visualizations

Access to software tools for creating visualizations and document formatting
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