Lecture 1

Introduction to the course, go over syllabus
Data mining vs. machine learning

Data mining and machine learning are related but distinct fields within the broader domain of data
analysis and artificial intelligence. There are key differences between data mining and machine learning.

Purpose:

Data Mining: Data mining is primarily focused on discovering patterns, relationships, and insights from
large datasets. It aims to extract useful information from data to help with decision-making, identifying
trends, and making predictions.

Machine Learning: Machine learning, on the other hand, is a subset of artificial intelligence (Al) that
focuses on developing algorithms and models that can learn from data and make predictions or
decisions without being explicitly programmed.

Techniques:

Data Mining: Data mining techniques include various data analysis methods, such as clustering,
association rule mining, anomaly detection, and summarization. These techniques are often used for
exploratory data analysis and pattern discovery.

Machine Learning: Machine learning techniques include supervised learning (e.g., classification and
regression), unsupervised learning (e.g., clustering), and reinforcement learning. These techniques are
used to build predictive models and automated decision-making systems.

Data Handling:

Data Mining: Data mining often involves preprocessing and cleaning large datasets to extract meaningful
information. It can work with both structured and unstructured data.

Machine Learning: Machine learning is more focused on building predictive models and requires labeled
data for training. It is often used in structured data analysis, such as classification or regression tasks.

Goal:

Data Mining: The primary goal of data mining is to uncover hidden patterns and insights in data, which
can be useful for business intelligence, marketing, and other domains.

Machine Learning: The primary goal of machine learning is to develop models that can make predictions
or automated decisions based on data. These models can be used for a wide range of applications,
including recommendation systems, image recognition, natural language processing, and more.

Supervision:

Data Mining: Data mining can be performed both with and without human supervision. It often involves
exploratory analysis and hypothesis testing.

Machine Learning: Machine learning, especially supervised learning, requires human supervision to train
models with labeled data. Unsupervised learning and reinforcement learning may require less direct
human guidance.

In practice, data mining and machine learning can overlap, and the choice between them depends on
the specific problem you are trying to solve. For example, you might use data mining techniques for
initial data exploration and feature selection and then employ machine learning algorithms to build
predictive models based on the insights gained from data mining.



Data mining and exploratory data analysis (EDA) also overlap in some respects. They are both important
aspects of the data analysis process, but they have distinct purposes and methodologies. There are
similarities and differences between data mining and EDA.

Similarities:

Data Exploration: Both data mining and EDA involve exploring and examining data to gain insights,
discover patterns, and understand the underlying structure.

Use of Statistical Techniques: Both fields rely on statistical techniques and visualization tools to analyze
and summarize data. Descriptive statistics, graphs, and data visualization are commonly used in both
data mining and EDA.

Data Preprocessing: Data preprocessing tasks, such as data cleaning, handling missing values, and
transforming variables, are essential in both data mining and EDA to ensure the data is suitable for
analysis.

Differences:

Purpose:

Data Mining: The primary purpose of data mining is to extract hidden patterns, trends, and knowledge
from large datasets. Data mining aims to discover valuable information and insights that can be used for
decision-making, prediction, and knowledge discovery.

Exploratory Data Analysis: EDA is primarily focused on understanding the structure and characteristics of
the data. It aims to identify outliers, understand the distribution of data, and visualize relationships
between variables. EDA is often a preliminary step in the data analysis process.

Techniques:

Data Mining: Data mining uses advanced techniques such as clustering, association rule mining,
classification, and regression to discover patterns in data. It often involves building predictive models.
Exploratory Data Analysis: EDA employs basic statistical and graphical techniques to summarize data,
including methods like histograms, scatter plots, box plots, and summary statistics. EDA does not
typically involve building predictive models.

Supervision:

Data Mining: Data mining can be performed with or without human supervision, but it often involves
specifying objectives, designing algorithms, and training models to achieve specific goals.

Exploratory Data Analysis: EDA is typically a more exploratory and open-ended process. It is often used
to gain an initial understanding of the data before deciding on specific analysis objectives.

Output:

Data Mining: The output of data mining often includes actionable insights, predictive models, and rules
for decision-making. It is geared towards solving specific problems or tasks.

Exploratory Data Analysis: The output of EDA is usually descriptive and visual summaries of the data,
such as charts, tables, and visualizations. EDA helps data analysts and researchers understand the data's
characteristics.

In practice, EDA can be a preliminary step before data mining to help data analysts become familiar with
the dataset and identify potential areas of interest. EDA helps inform the data mining process by
highlighting patterns or relationships that are worth exploring in more depth using data mining
techniques.



Let’s look at data mining on its own terms. Data mining is a process of discovering patterns,
relationships, and insights in large datasets to extract valuable information for various applications.
There are several principal aspects of data mining, along with various methods and techniques used to
achieve these objectives. The key aspects of data mining and the associated methods are as follows:

Data Preprocessing:

Data Cleaning: This involves handling missing values, dealing with outliers, and resolving inconsistencies
in the dataset.

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

Data Transformation: Converting and scaling data to make it suitable for analysis.

Data Reduction: Reducing the volume but producing the same or similar analytical results, often by
aggregation or dimensionality reduction.

Data Exploration:

Descriptive Statistics: Summary statistics such as mean, median, variance, and quartiles help describe the
central tendencies and distribution of data.

Data Visualization: Using charts, graphs, and plots to visually explore data, including histograms, scatter
plots, box plots, and heatmaps.

Exploratory Data Analysis (EDA): EDA techniques like correlation analysis and principal component
analysis help identify patterns and relationships in the data.

Pattern Discovery:

Clustering: Grouping similar data points together based on features or characteristics using techniques
like K-means clustering or hierarchical clustering.

Association Rule Mining: Discovering interesting relationships between variables, often used in market
basket analysis.

Anomaly Detection: ldentifying data points that deviate significantly from the norm, which can be
indicative of errors or fraud.

Prediction and Classification:

Supervised Learning: Building predictive models using labeled data, such as regression for continuous
variables or classification for categorical variables. Common algorithms include linear regression,
decision trees, and support vector machines.

Unsupervised Learning: ldentifying hidden patterns in data without predefined labels, often using
techniques like dimensionality reduction (e.g., Principal Component Analysis) or clustering (e.g., K-
means).

Time Series Analysis: Analyzing data that changes over time to make forecasts or predictions based on
historical trends.

Model Evaluation:

Cross-Validation: Assessing the performance of predictive models by splitting the data into training and
testing sets and evaluating their accuracy.

Confusion Matrix: Measuring the performance of classification models, which includes metrics like
accuracy, precision, recall, and F1-score.

Validation and Testing: Ensuring that the model generalizes well to unseen data, which may involve
techniques like k-fold cross-validation or leave-one-out validation.



Interpretation and Reporting:

Model Interpretability: Explaining the results and insights gained from data mining to make them
understandable and actionable.

Visualization of Results: Creating charts, graphs, and reports that communicate the findings effectively to
stakeholders.

Deployment and Application:
Putting Insights into Practice: Implementing the knowledge and models gained through data mining into
real-world applications, such as recommendation systems, fraud detection, or personalized marketing.

Data mining employs various algorithms and techniques from the fields of machine learning, statistics,
and data analysis to achieve these objectives. The specific methods used depend on the nature of the
data and the goals of the analysis. Additionally, the choice of methods can vary depending on the
domain and the problem being addressed.

Data mining and data warehousing are closely related concepts in the field of data management and
analytics, and they often work together to enable efficient data analysis and knowledge discovery. The
first part of our course will focus on methods, but the final third of the course will focus on the
technology that facilitates data mining, such as data storage, data processing, parallel processing, and
other methods. Here's how data mining involves aspects of data warehousing:

Data Storage and Organization:

Data Warehousing: Data warehousing involves the collection, storage, and organization of large volumes
of data from various sources into a central repository called a data warehouse. This data is structured,
cleansed, and integrated for analysis.

Data Mining: Data mining relies on having access to a well-structured and organized dataset. Data
warehousing provides this organized data, making it easier for data mining techniques to work
effectively. Data miners can query the data warehouse for the necessary information.

Data Integration:

Data Warehousing: Data warehousing often integrates data from diverse sources, such as databases,
external systems, and data streams. It involves the transformation and standardization of data to ensure
consistency and reliability.

Data Mining: Data mining benefits from the integrated data within a data warehouse because it allows
data miners to analyze information from multiple sources in a unified manner. This integration is crucial
for finding patterns and insights that might be hidden when analyzing data in isolation.

Data Cleansing and Quality Control:

Data Warehousing: Data warehousing typically includes data cleansing processes to ensure that data is
accurate, complete, and free from errors or inconsistencies.

Data Mining: Data quality is critical in data mining because errors or inconsistencies can lead to incorrect
or misleading patterns. By using data from a data warehouse, which has already undergone cleansing
and quality control, data miners can trust the integrity of the data they work with.

Data Retrieval and Querying:
Data Warehousing: Data warehouses are designed for efficient data retrieval and querying. They often
use data indexing and optimization techniques to provide quick access to the stored data.



Data Mining: Data mining algorithms require efficient access to data, as they often need to scan and
analyze large datasets. Data warehousing systems are optimized for this purpose, enabling data miners
to access data quickly and perform complex queries.

Historical Data:

Data Warehousing: Data warehouses often store historical data over extended periods, allowing data
miners to perform trend analysis and discover insights from past records.

Data Mining: Access to historical data is valuable for many data mining tasks, such as forecasting,
anomaly detection, and identifying long-term trends. Data warehouses provide a historical repository
that data miners can leverage.

Scalability and Performance:

Data Warehousing: Data warehouses are designed to handle large-scale data storage and retrieval
efficiently. They are optimized for performance, which is essential for supporting data mining operations.
Data Mining: Data mining processes, particularly when applied to big data, require systems that can
scale and handle large datasets. Data warehousing technologies help ensure that data mining operations
can be performed efficiently and in a timely manner.

In summary, data mining and data warehousing are closely intertwined, with data warehousing providing
the infrastructure and data management capabilities necessary for effective data mining. The
integration, cleansing, organization, and efficient retrieval of data within a data warehouse contribute
significantly to the success of data mining endeavors.

Resources:

1. https://www.techtarget.com/searchbusinessanalytics/definition/data-mining
https://www.investopedia.com/terms/d/datamining.asp
https://www.ibm.com/topics/data-mining
https://bootcamp.rutgers.edu/blog/what-is-data-mining/
https://www.geeksforgeeks.org/data-mining/
https://aws.amazon.com/what-is/data-mining/
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