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Introduction to Pattern Recognition

The first level will focus on foundational topics, emphasizing basic concepts, simple
algorithms, and hands-on practice. By the end of this level, students should be able to

understand and apply basic pattern recognition techniques.
What is Pattern Recognition?

Pattern Recognition is the process by which we automatically recognize patterns or structures
in data. In simple terms, it refers to the ability of a system or algorithm to detect regularities
and relationships in complex data. Pattern recognition forms the basis of various applications
where computers are taught to "see" patterns in images, "hear" patterns in speech, or "identify"
patterns in behavior. Just as humans recognize faces, letters, or voices, machines use algorithms
to recognize objects, sounds, and even entire behaviors in data. Pattern recognition helps

systems understand and act based on that understanding.

Real-World Applications of Pattern Recognition

Pattern recognition is used across many different domains. Some key areas where it plays a

critical role include:

Computer Vision: Recognizing objects, faces, and actions in images and videos.

Speech and Audio Processing: Recognizing spoken words, music, or environmental sounds.
Healthcare: Detecting patterns in medical images or patient data to diagnose diseases.
Finance: Identifying fraud by recognizing unusual patterns in transaction data.

Robotics: Allowing robots to recognize their surroundings and make intelligent decisions.

Face Unlock on Phones: Your phone uses pattern recognition to identify your face and unlock

the screen.

Spam Filters: Email providers use pattern recognition algorithms to classify emails as spam

or legitimate based on the patterns of words and phrases.

Voice Assistants: Siri, Alexa, and Google Assistant recognize and respond to spoken

commands by recognizing patterns in speech.

Why is Pattern Recognition Important?

Pattern recognition is essential because:
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It Automates Decision-Making: Machines can make quick, accurate decisions based on data

patterns.

It Reduces Human Effort: Recognizing patterns automatically allows machines to take over

tasks that are repetitive or time-consuming for humans.

It Enables Intelligent Systems: Al systems use pattern recognition to understand their

environment, leading to innovations in fields like healthcare, finance, security, and more.

Types of Machine Learning.

When developing systems to recognize patterns in data, different learning paradigms are used
depending on how much information is available in the data and what kind of task is being
performed. The three main types of learning in pattern recognition are Supervised Learning,
Unsupervised Learning, and Reinforcement Learning. Each of these approaches differs in how
data is labeled, the goals of the learning system, and how feedback is provided during the

learning process.

Supervised Learning

Definition:

In supervised learning, the system is trained using a dataset that includes input-output pairs.
The input data comes with labels, meaning that the correct output (or answer) is already known.
The system's goal is to learn mapping from input data to output labels so that it can predict the

correct output for new, unseen data.
Key Characteristics:

Labeled Data: The data used for training contains both inputs and corresponding correct outputs

(labels).

Task: The system must predict the correct label for new inputs based on what it learned during

training.
Goal: Minimize the difference between the predicted output and the actual (correct) output.
Example:

Image Classification: A system is trained to recognize images of animals. The training data
contains labeled images, such as "cat," "dog," "bird," etc. The system learns the characteristics

of each animal and uses this knowledge to classify new images of animals correctly.
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Common Algorithms:

k-Nearest Neighbors (k-NN): A simple classifier that assigns the label of the nearest data points

in the training set to the new input.

Support Vector Machines (SVM): A more sophisticated classifier that finds a decision boundary

(hyperplane) that separates data into categories.

Neural Networks: A set of algorithms that mimic the brain to find patterns in complex data,

often used in deep learning.
Applications:

Spam Email Detection: Classifying emails as either spam or not spam based on labeled

examples of past emails.

Medical Diagnosis: Predicting whether a patient has a certain disease based on their symptoms

and test results.

Unsupervised Learning

Definition:

In unsupervised learning, the system is given data that does not have labels. The task is to
discover hidden patterns, groupings, or structures within the data. The system must learn to
identify similarities or relationships between the data points without any predefined categories

or correct answers.
Key Characteristics:

Unlabeled Data: The data used for training does not include labels, so the system must learn

without direct guidance on what is correct or incorrect.

Task: The system must find patterns or groupings in the data on its own.

Goal: Organize data in a meaningful way, often by clustering similar data points together.
Example:

Customer Segmentation: A marketing team might use unsupervised learning to segment
customers into different groups based on purchasing behavior, without having predefined labels

for those groups. The system identifies the groups based on similarities in the data.

Common Algorithms:
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k-Means Clustering: A method that partitions the data into clusters based on the similarity

between data points.

Hierarchical Clustering: A method that builds a tree-like structure of nested clusters to group

similar data points.

Principal Component Analysis (PCA): A technique for reducing the dimensionality of data

while preserving as much variance as possible.
Applications:

Anomaly Detection: Finding unusual patterns or outliers in data, such as fraudulent transactions

in financial data.

Recommendation Systems: Grouping users by behavior to recommend products or services

(e.g., Netflix or Amazon recommendations).

Reinforcement Learning

Definition:

In reinforcement learning (RL), a system learns to make decisions by interacting with an
environment. It learns from rewards and penalties it receives based on its actions, similar to
how humans and animals learn from experience. The system aims to maximize cumulative

rewards over time by learning a sequence of actions that lead to the most favorable outcomes.
Key Characteristics:

No Direct Supervision: There are no labels or predefined correct answers for each input.

Instead, the system receives feedback in the form of rewards or penalties based on its actions.

Task: The system must explore different actions and learn which actions yield the best

outcomes (rewards).

Goal: Maximize long-term rewards through a trial-and-error process, often balancing

exploration (trying new actions) and exploitation (choosing known successful actions).
Example:

Game Playing: In training an Al to play chess, the system receives rewards for winning the
game and penalties for losing. It learns strategies by playing many games, improving over time

as it identifies moves that lead to victory.
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Common Algorithms:

e Q-Learning: A value-based algorithm where the system learns a function that estimates the

expected reward of taking an action in a given state.

e Deep Q-Networks (DQN): A more advanced algorithm that combines reinforcement learning

with deep learning to handle complex environments like video games.

o Policy Gradient Methods: Methods that directly learn policies, or rules, for selecting actions

that maximize the expected reward.
Applications:

e Robotics: Teaching robots to perform complex tasks by receiving feedback from their

environment, such as navigating or manipulating objects.

e Autonomous Vehicles: Self-driving cars use reinforcement learning to make decisions like lane

changing, obstacle avoidance, and route optimization.

2.4.4 Summary Table

Type of Learning | Data Type Goal Example

Learn a mapping from input to

Supervised Email spam detection,
] Labeled data output  (classification  or|| o
Learning ‘ image recognition
regression)
Customer
Unsupervised Discover hidden patterns or
. Unlabeled data o segmentation, anomaly
Learning groupings in data ‘
detection

Reinforcement ||Interactions with||Maximize cumulative rewards _ _
' _ _ Game playing, robotics
Learning environment by learning from feedback
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Basic Workflow of Pattern Recognition Systems

Workflow refers to a series of steps or processes that are followed to complete a particular task
or achieve a specific outcome. It outlines how tasks are organized, the sequence in which they
are performed, and the relationships between different activities. Workflows are often
visualized in flowcharts or diagrams, making it easier to understand the flow of information

and tasks within a system.

Key Characteristics of Workflows:

Sequential Steps: Workflows typically consist of a series of steps that must be followed in a

specific order.

Roles and Responsibilities: Each step may involve different people or systems, clarifying who

is responsible for what tasks.

Decision Points: Workflows can include decision points where different paths can be taken

based on specific conditions.
Outputs: Each step often produces an output that feeds into the next step in the process.

workflow in pattern recognition

There are two types of Workflows:

Business Workflows: In organizations, workflows can streamline processes like order

fulfillment, project management, and approvals.

Technical Workflows: In IT and software development, workflows may define processes for

coding, testing, and deployment.

In pattern recognition, a technical workflow refers to the structured sequence of steps involved
in processing and analyzing data to recognize patterns and make classifications. This workflow
encompasses the various stages from data collection to the final evaluation of the model's

performance. Here’s a breakdown of the typical workflow in pattern recognition:
1. Data Collection

Gathering relevant data, which can include images, audio, text, or sensor data, depending on

the application.

2. Preprocessing



Purpose: To prepare the raw data for analysis.

Activities: This stage may include noise reduction, normalization, data cleaning, and

transformation to ensure the data is in a suitable format for the next steps.

Importance: Effective preprocessing enhances the quality of data, which can significantly

improve the overall performance of the pattern recognition system.
3. Feature Extraction

Identifying and extracting the most informative characteristics (features) from the preprocessed
data. Effective feature extraction is crucial as it reduces the complexity of the data while

retaining essential information.

Purpose: To identify and extract the most relevant characteristics (features) from the

preprocessed data.

Activities: Techniques such as dimensionality reduction (e.g., PCA), filtering, and the use of
algorithms (e.g., SIFT for image data) are applied to focus on the most informative parts of the

data.

Importance: This step is crucial as it reduces complexity and helps in capturing the essence of

the data, which aids in more accurate classifications.
4. Classification

Using algorithms to classify the extracted features into predefined categories. Common

algorithms include Support Vector Machines (SVM), Neural Networks, and Decision Trees.
Purpose: To assign labels to the extracted features based on learned patterns.

Activities: Various algorithms can be employed, such as Support Vector Machines (SVM),
Neural Networks, or Decision Trees. The choice of algorithm often depends on the nature of

the data and the specific application.

Importance: The classification step determines how well the system can recognize patterns and

make predictions based on the input data.
5. Post-processing

Refining the classification results and applying any necessary corrections or adjustments to

improve accuracy.
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6. Evaluation

Assessing the model's performance using metrics such as accuracy, precision, recall, and
confusion matrices. This step is critical for understanding how well the model performs and

where improvements may be needed.
Purpose: To assess the performance of the pattern recognition system.

Activities: Metrics such as accuracy, precision, recall, F1 score, and confusion matrices are

commonly used to evaluate the effectiveness of the model.

Importance: Evaluation helps to understand how well the system performs in real-world

scenarios and allows for adjustments and improvements.
7. Deployment

Implementing the trained model into a real-world application where it can be used to make

predictions on new, unseen data.
8. Feedback and Iteration

Continuously collecting feedback and iterating on the model based on new data and

performance evaluations to improve its accuracy and effectiveness over time.

Importance of Workflow in Pattern Recognition

A well-defined workflow is essential for ensuring the systematic and efficient processing of

data. It helps in:

Improving Accuracy: By following a structured approach, errors can be minimized, and the

model's performance can be optimized.

Facilitating Collaboration: A clear workflow allows different team members to understand

their roles and responsibilities in the pattern recognition process.

Enabling Repeatability: A defined workflow ensures that processes can be replicated, leading

to consistent results over time.

Understanding this workflow is essential for designing and implementing effective pattern
recognition systems across various applications, including image recognition, speech

processing, and more.

Mathematical Foundations (Simplified)
Basic Probability and Statistics:



3-1 Probability distributions
3-2 Bayes’ theorem
3-3 mean

3-4 variance

2 Basic Linear Algebra:

4-1 Introduction to vectors and matrices

4-2 matrix operations

4-3 dot product.

2.3
2.3.1

Data collection and processing

Data Collection

Any software developer at any given moment faces a situation when the task they need to solve
contains multiple conditions and branches, and the addition of one more input parameter can
mean a total rebuild of the whole solution. Or, you might find yourself in a situation where
you’ve considered all the available options, having checked all the pros and cons, and you
realize that there’s no way you can solve the problem without using magic. You wish you could
take your magic wand and say “I wish...” and get a solution capable of making the right
decisions and even adjusting for new data. And taking it even further, it would be nice if the

system could teach itself. Sounds like a fairytale and a fairytale it was, until recently.

One of these non-trivial tasks is image recognition: objects, animals, images of internal human
organs, faces, or even space objects. Any of those categories contains an endless amount of

variations.

Let’s take, for example, facial recognition. The main problem is that the way a computer
“perceives” pixels that form an image, is very different from the way a human perceives a
human face. The difference in perception doesn’t allow us to formulate a clear, all-

encompassing set of rules that would describe a face from the viewpoint of a digital image.

A certain area of the brain is responsible for face recognition: it’s called the fusiform gyrus. A
person learns to recognize faces literally from birth, and this is one of a human’s vital skills.
Eyes, cheekbones, nose, mouth, and eyebrows are key facial features that help us recognize
one another. Besides, our brain processes a face as a whole. That’s why we can recognize a

person even in the darkness and from only seeing half of their face.

10
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From birth, a person sees multiple faces; with time, our brain forms a template of the average
face. We use this template to identify other humans: our brain receives an image for analysis
and compares it to our inner template, and based on the typical features (the size of the nose,
distance between the eyes, skin tone) makes a decision on who it is we see in front of us. Maybe
you noticed that members of other races or nationalities can often appear all similar; this is a
result of the fact that our inner template is optimized to find patterns in the faces that surround

us.

At the same time, to recognize a face, a computer needs a set of basic points that make up facial
features. The metrics that facial recognition software uses are the forehead size, the distance
between the eyes, the width of the nostrils, the length of the nose, the size and shape of
cheekbones, the width of the chin, etc. It is obviously impossible to use any normal
programming language to describe a system that can flexibly adjust to a new image and process

it correctly.

Data collection is a foundational step in machine learning, forming the basis of how models
are built, trained, and deployed. It’s a critical process that affects the success of the model, as
the quality, quantity, and relevance of data will directly determine the model’s performance.
The goal is to gather data that is diverse, representative, and clean enough for the algorithm to
learn effectively. There are several methods and tools available for this process, depending on

the nature of the problem being solved and the types of data involved.

Why Data Collection is Crucial?

Data collection helps the machine learning model to understand patterns, relationships, and
behaviors from historical data, allowing it to make accurate predictions or decisions when
exposed to new information. Models trained on high-quality and well-labeled datasets are more
likely to perform well in real-world scenarios. For example, models for image recognition,
voice assistants, and autonomous driving rely heavily on the data they are fed. Thus, ensuring

that this data is accurate and complete is vital.

Understanding the Data Collection Process

The information data that is formatted in a particular way is called data. Hence, data collection
is the process of gathering, measuring, and analyzing accurate data from a variety of relevant
sources to find answers to research problems, answer questions, evaluate outcomes, and
forecast trends and probabilities. Accurate data collection is necessary to make informed

business decisions, ensure quality assurance, and keep research integrity. During data

11



collection, the researchers must identify the data types, the sources of data, and what methods

are being used.
1. Defining the Problem Statement

Clearly outline the objectives of the data collection process and the specific research questions
you want to answer. This step will guide the entire process and ensure you collect the right data

to meet your goals.

Also, it is recommended to identify data sources. Determine the sources from which you will
collect data. These sources may include primary data (collected directly for your study) or
secondary data (previously collected by others). Common data sources include surveys,

interviews, existing databases, observation, experiments, and online platforms.

2. Planning Data Collection

There are multiple ways to collect data for machine learning depending on types of data:
a. Primary Data Collection:

Primary data collection refers to gathering new, raw data from sources directly related to the
problem you are trying to solve. This type of data is often highly specific to your project’s

needs but may require more effort to obtain. Primary methods may include:
Surveys and Interviews: Collecting feedback or opinions directly from users or stakeholders.

Sensor Data: Data from [oT devices or sensors such as temperature readings, movement, or

audio recordings.

Experiments: Data collected through controlled experiments or pilot projects designed to

simulate real-world conditions.

For instance, in self-driving cars, sensors gather real-time data from their surroundings (e.g.,
cameras, radar, and LIDAR), which is processed to help the car recognize pedestrians, road

signs, and other vehicles.
b. Secondary Data Collection:

Secondary data is obtained from previously collected data sets, such as public records, research
studies, or third-party providers. This method is typically faster and less expensive than primary

collection but may not always be as specific to your needs.

12



Public Datasets: Many organizations offer open datasets for training purposes, such as
ImageNet for images or UCI Machine Learning Repository for various machine learning

problems.

Web Scraping: Automated tools can gather data from websites, extracting useful information

such as user reviews, product prices, or web activity logs.

APIs: Many services offer APIs that provide access to vast amounts of data, such as social

media platforms (e.g., Twitter, Facebook) or weather services.

An example of secondary data collection is using historical weather data to train models for

climate forecasting.
Where can you “borrow” a dataset? Here are a couple of data sources you could try:

Dataset Search by Google — allows searching not only by the keywords, but also filtering the

results based on the types of the dataset that you want (e.g., tables, images, text), or based on

whether the dataset is available for free from the provider.

Visual Data Discovery — specializes in Computer Vision datasets, all datasets are explicitly

categorized and are easily filtered.

OpenML — as stated in the documentation section it’s ‘an open, collaborative, frictionless,
automated machine learning environment’. This is a whole resource that allows not only
sharing data, but also working on it collaboratively and solving problems in cooperation with

other data scientists.

UCI: Machine Learning Repository — a collection of datasets and data generators, that is listed

in the top 100 most quoted resources in Computer Science.

Awesome Public Datasets on Github- it would be weird if Github didn’t have its own list of

datasets, divided into categories.

Kaggle — one of the best, if not the best, resource for trying ML for yourself. Here you can also
find data sets divided into categories with usability scores (an indicator that the dataset is well-

documented).

Amazon Datasets — lots of datasets stored in S3, available for quick deployment if you’re using

AWS.

13
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and many other excellent resources where you can find data sets from versatile areas: starting
from the apartment prices in Manhattan for the last 10 years and ending with the description of

space objects.

2.3.4 Data Types and Sources

24

Preprocessing

Data preparation is critical in any machine learning project because it directly influences your

model's performance and accuracy.
What is data preparation for machine learning?

Data preparation for machine learning is the process of cleaning, transforming, and organizing

raw data into a format that machine learning algorithms can understand.

To break it down:

You start with collecting data from various sources like databases, spreadsheets, or APIs.
Next, you clean the data by removing or correcting missing values, outliers, or inconsistencies.

Then, you transform the data through processes like normalization and encoding to make it

compatible with machine learning algorithms.

Finally, you reduce the data's complexity without losing the information it can provide to the

machine learning model, often using techniques like dimensionality reduction.

14
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2.4.1

Preparing data is a continuous process rather than a one-time task. As your model evolves or

as you acquire new data, you'll need to revisit and refine your data preparation steps.
Why is data preparation for machine learning important?

In machine learning, the algorithm learns from the data you feed it. And the algorithm can only

learn effectively if that data is clean and complete.

Without well-prepared data, even the most advanced algorithms can produce inaccurate or

misleading results.

For example, missing values for customer engagement metrics or website traffic data outliers
can distort your marketing model's predictions. Similarly, if your data is unbalanced — sayj, it's
heavily skewed toward one customer demographic — that can lead to biased marketing

strategies that don't generalize well to your entire customer base.

Poorly prepared data can also lead to overfitting, where the model performs well on the training
data but poorly on new, unseen data. This makes the model less useful in real-world

applications.

Common misconceptions about data preparation

There are myths about data preparation that can set back your machine-learning efforts. If you

follow misconceptions, you may waste your time and experience poor model performance.

So let's break down these myths and align them with reality.

Misconception 1: More data is always better

One of the biggest misconceptions is that collecting more data will automatically improve your

machine-learning model.

The reality, however, is quite different: quality over quantity. Simply storing more data won't

help if that data is noisy, irrelevant, or full of errors.

Focus on quality to improve
model performance

MISCONCEPTION REALITY

More Data Quality Over

Quantity

Better Results

£33 Pecan

15



The reason this misconception is so harmful is because it leads to wasted resources. Companies
may spend time and money collecting and storing huge amounts of data that don't contribute

to better model performance.

Sometimes, the noise from irrelevant or poor-quality data can even degrade a model's

performance, making it less accurate and reliable.

Misconception 2: Data preparation is a one-time task
Another common myth is thinking that data preparation in machine learning is a one-time task

— something you do once and then forget about.

The reality is that data preparation is an ongoing process. As your machine learning model
evolves or new data becomes available, you'll often find that you need to revisit and refine your

data preparation steps.

Keep refining your model as data evolves

MISCONCEPTION REALITY

One-Time Setup Iterative Pracess.

=

Believing that data preparation is a one-off task can lead to outdated data, affecting your

machine-learning model's accuracy in the long term.

Misconception 3: Manual data preparation is always better

Most people believe that manual data preparation methods are the gold standard.

And it's true that manual oversight can catch nuances automated tools might miss. However,
relying only on manual methods has its drawbacks. Handling data preparation manually can be
time-consuming and prone to human error, slowing the entire machine-learning process from

data gathering to model deployment.

Automated tools can efficiently handle many aspects of data preparation, often more quickly

and with fewer errors than a manual approach.

Manual methods

have their place,

but automation Misconception Reality
can make the One-Time Setup Iterative Process
process more

efficient.

t44 Pecan
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Pecan is changing the game here by automatically preparing raw and messy data for Al models.
It builds and evaluates predictive models behind the scenes, using metrics that matter most to

your business.

Predictions are ready in days, not months, and Pecan regularly offers updated predictions on

fresh data through automated scheduling.

This level of automation speeds up the data preparation process and greatly reduces the risk of

human error.

2.4.2 Step-by-step guide to data preparation for machine learning

Think of data preparation as laying the groundwork for your machine-learning model.

Data Cleaning Data Reduction

T T
o\oo\e/S

Data Collection Data Transformation Data Splitting

o>
£33 Pecan

Each step is designed to refine your data, making it a reliable input for accurate and insightful

predictions.

Step 1: Collecting data
The first step in data preparation for machine learning is collecting the data you'll need for your

model.

spreadsheets
. databases [ | [ |
[ ] [ [ ]
& [ ] = ]

—— [ ] [ ]
————
—_——

| o

vy
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The sources of this data can vary widely depending on your project's requirements. You might
pull data from databases, APIs, spreadsheets, or even scrape it from websites. Some projects

may also require real-time data streams.
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It's important to ensure the data you collect is relevant to the problem you're trying to solve.
Irrelevant or low-quality data can lead to poor model performance, so be selective and focused

in your data collection efforts.

Step 2: Cleaning data

Once you've collected your data, the next step is to clean it. Here you’ll need to identify and

handle missing values, outliers, and inconsistencies in the dataset.

df.fillna(0)

coll col2 col3 col4 colS coll col2 col3 col4 colS

1 2 5.0 3.0 6 ? 1 2 5.0 3.0 6 0.0
2 9 ? 9.0 o 7.0 7 9 0.0 9.0 0 7.0
3 19 17.0 ? 9 ? 3 19 17.0 0.0 9 0.0

£33 p
£42 Pecan

Let’s break down each component.

Handling missing values

Missing values happen when certain numerical values are blank in your dataset. Missing data

can be a tricky issue, but there are several ways to handle it.

Imputation is one such method where you replace missing values with estimated ones. The goal

is to guess the missing value based on other available information.

For example, suppose you're working with time-series data where continuity and sequence are
important. In that case, you might opt for imputation methods like forward-fill or backward-

fill to replace missing numeric values.

If you're dealing with a dataset where missing values are random and don't follow a pattern,

you could replace missing numeric values with the mean or median of the column.

In some cases, particularly when the missing data could introduce bias, it might be better to
delete those rows. For instance, if you're analyzing a marketing campaign and critical data like
click-through rates or conversion rates are missing, it might be more accurate to remove those

records to avoid biased analysis.
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Handling outliers

Outliers are data points that are significantly different from the rest of the data. For example,
in a marketing context, these could be unusually high website traffic on a particular day or a

large purchase amount.
These outliers can skew your analysis and lead to incorrect conclusions.

One technique to identify outliers is z-score normalization. Z-score normalization is a statistical
method that calculates how many standard deviations a data point is from the mean of the

dataset. In simpler terms, it helps you understand how "abnormal" a particular data point is

compared to the average. A z-score above 3 or below -3 usually indicates an outlier.

Once you've identified outliers using z-score normalization, you have a few options. You can
remove them to prevent them from skewing your model or cap them at a certain value to reduce
their impact. This decision often depends on the specific context and goals of your marketing

analysis.

Handling inconsistencies

Inconsistencies in your data can throw off your analysis and result in misleading information.

In the marketing context, this could range from inconsistent naming in your customer database

to conflicting metrics across different analytics platforms.

For example, if you're tracking customer interactions across multiple channels like email, social
media, and your website, inconsistent naming or tagging can make it difficult to aggregate this

data into a single customer view.

To fix this, you can employ domain-specific rules that standardize naming or metrics to correct

these inconsistencies.

For instance, you might create a rule that automatically changes all instances of "e-mail" and

"Email" to a standard "email" in your database.

Data validation techniques can also be helpful here. You could set up automated checks that
flag inconsistencies or anomalies, allowing you to correct them before they impact your

analysis.

By taking the time to address these inconsistencies, you improve the quality of your current

analysis and set the stage for more accurate and insightful analyses in the future.
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Step 3: Data transformation

Transforming your data is crucial because how you prepare it will directly impact how well

your model can learn from it.

Data transformation is the process of converting your cleaned data into a format suitable for
machine learning algorithms. This often involves feature scaling and encoding, among other

techniques.
Feature scaling

In marketing data, you might have variables on different scales, like customer age and monthly

spending. Feature scaling helps to normalize these variables so that one doesn't
disproportionately influence the model. Methods like min-max scaling or standardization are

commonly used for this.

Feature encoding

Categorical values, such as customer segments or product categories, must be converted to

numerical format. Feature encoding techniques like one-hot encoding or label encoding can be
used to transform these categorical variables into a numeric form that can be fed into machine
learning algorithms, though they will still need to be designated and treated as categorical

variables for modeling purposes.

Step 4: Data reduction

Simplifying your data helps your machine learning model spot patterns more easily, offering

quick and accurate marketing information for timely decisions.

Data reduction is the process of simplifying your data without losing its essence. This is
particularly useful in marketing, where you often deal with large datasets that can be

cumbersome to analyze.

Data reduction techniques can make your datasets more manageable and speed up your

machine-learning algorithms without sacrificing model performance.

One common method is dimensionality reduction, which reduces the number of target variables

in your entire dataset while preserving its key features.
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For example, if you have customer data with numerous variables like age, income, spending

habits, and more, dimensionality reduction can help you focus on the most impactful variables.
https://www.youtube.com/watch?v=3uxOyk-SczU

Step S: Data splitting
The last step in preparing your data for machine learning is splitting it into different sets:

training, validation, and test sets.

Correctly splitting your data ensures your machine learning model can generalize well to new

data, making your marketing data more reliable and actionable.

A common practice is using a 70-30 or 80-20 ratio for training and test sets. The training set is

used to train the model, and the test set is used to evaluate it. Some also use a validation set, a

subset of the training set, or a separate set to fine-tune model parameters.

It's essential to ensure each set represents the overall data. For example, if you're analyzing

customer segments, make sure each set contains a good mix of different segments to avoid bias.
https://www.youtube.com/watch?v=_vdMKioCXqQ
Ready to prepare your data for machine learning?

Data preparation is essential for effective machine learning models. It involves crucial steps

like cleaning, transforming, and splitting your data.

Automated tools like Pecan can streamline this process, making it easier to turn raw data into

actionable information. The end goal is a successful marketing campaign built on predictions

generated through well-prepared data.

If you want to leverage machine learning for more effective business decisions, speak with a

data preparation expert from Pecan today.

Want to boost your data analysis? Sign up for a free trial to gain more data-driven insights.
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2.5

2.5.1

2.5.2

Feature Extraction

Feature extraction is a process in machine learning and data analysis that involves identifying
and extracting relevant features from raw data. These features are later used to create a more

informative dataset, which can be further utilized for various tasks such as:
Classification

Prediction

Clustering

Feature extraction aims to reduce data complexity (often known as “data dimensionality”)
while retaining as much relevant information as possible. This helps to improve the
performance and efficiency of machine learning algorithms and simplify the analysis process.

Feature extraction may involve the creation of new features (“feature engineering”) and data

manipulation to separate and simplify the use of meaningful features from irrelevant ones.

What is a Feature?

A feature is an individual measurable property within a recorded dataset. In machine learning
and statistics, features are often called “variables” or “attributes.” Relevant features have a
correlation or bearing on a model’s use case. In a patient medical dataset, features could be age,
gender, blood pressure, cholesterol level, and other observed characteristics relevant to the

patient.

What is the Difference Between Feature Extraction and Feature Learning?

Beginners often get confused between feature selection and feature extraction. Feature
selection is simply choosing the best ‘K’ features from available ‘n’ variables and eliminating
the rest. Whereas, feature extraction involves creating new features through combinations of

the existing features.

22


https://domino.ai/data-science-dictionary/machine-learning
https://domino.ai/data-science-dictionary/feature-engineering

Feature Selection
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Feature Extraction

Difference between Feature Selection and Feature Extraction

Aspect Feature Selection Feature Extraction
Selecting a subset of relevant | Transforming the original features
Definition features from the original set into a new set of features
Transform data into a more
Reduce dimensionality manageable or informative
Purpose representation
Filtering, wrapper methods, Slgna_l processing, statlstl_cal
techniques, transformation
embedded methods .
Process algorithms
Input Original feature set Original feature set
Output Subset of selected features New set of transformed features
Information May discard less relevant | May lose interpretability of original
Loss features features

Computational
Cost

Generally lower than feature
extraction

May be higher, especially for
complex transformations

Retains  interpretability = of | May lose interpretability depending

Interpretability | original features on transformation
: Principal  Component  Analysis
Forward selection, backward (PCA). Singular Value

Examples

elimination, LASSO

Decomposition (SVD), Autoencoders
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Why do we Need Feature Extraction?

Before we dive into the various methods for feature extraction, you need to understand why we

need it, and the benefits it can bring.

In any data science pipeline, feature extraction is done after data collection and cleaning. One
of the simplest but accurate rules in machine learning: Garbage IN = Garbage OUT! Let’s take
a look at why feature engineering is needed, and how it benefits building a more efficient and

accurate model.

Avoid Noise & Redundant Information: Raw data can have a lot of noise due to gaps, and
manual errors in data collection. You may also have multiple variables that provide the same
information, becoming redundant. For example, if both height and weight are included as
features, including their product (BMI) will make one of the original features redundant.
Redundant variables do not add additional value to the model, instead may cause overfitting.
Feature extraction helps in removing noise, and redundancy to create a robust model with

extracted features.

Dimensionality Reduction: Dimensionality refers to the number of input features in your
machine-learning model. High dimensionality may lead to overfitting and increased
computation costs. Feature extraction provides us with techniques to transform the data into a
lower-dimensional space while retaining the essential information by reducing the number of

features.

Improved & Faster Model Performance: Feature extraction techniques help you create relevant
and informative features, that provide variability to the model. By optimizing the feature set,
we can speed up model training and prediction processes. This is especially helpful when the

model is running in real-time and needs scalability to handle fluctuating data volumes.

Better Model Explainability: Simplifying the feature space and focusing on relevant patterns
improve the overall explainability (or interpretability) of the model. Interpretability is crucial
to know which factors influenced the model’s decision, to ensure there is no bias. Improved
explainability makes it easier to justify compliance and data privacy regulations in financial

and healthcare models.

Reduced Computation Cost: The real world data is usually complex and multi-faceted. The
task of feature extraction lets us to see just the vital data in the sea of the visual data. Hence, it

gives simplicity to the data, thereby making the machines to handle it and process it easily.
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Improved Model Performance: Extracting and choosing key characteristics may provide
information about the underlying processes that created the data hence increasing the accuracy

of the model performance.

Better Insights: Algorithms generally perform better with less features. This is because noise
and extraneous information are eliminated, enabling the algorithm to concentrate on the data’s

most significant features.

Overfitting Prevention: When models have too many characteristics, they might get
overfitted to the training data, which means they won’t generalize well to new, unknown data.

Feature extraction prevents this by simplifying the model.

With a reduced set of features, data visualization methods are more effective in capturing trends
between features and output. Apart from these, feature extraction allows domain-specific
knowledge and insights to be incorporated into the modeling process. While creating features,

you should also take the help of domain experts.

Feature extraction is critical for processes such as image and speech recognition, predictive
modeling, and Natural Language Processing (NLP). In these scenarios, the raw data may
contain many irrelevant or redundant features. This makes it difficult for algorithms to

accurately process the data.

By performing feature extraction, the relevant features are separated (“‘extracted”) from the
irrelevant ones. With fewer features to process, the dataset becomes simpler and the accuracy

and efficiency of the analysis improves.

Common Feature Types:

Numerical: Values with numeric types (int, float, etc.). Examples: age, salary, height.

Categorical Features: Features that can take one of a limited number of values. Examples:

gender (male, female, X), color (red, blue, green).

Ordinal Features: Categorical features that have a clear ordering. Examples: T-shirt size (S, M,

L, XL).

Binary Features: A special case of categorical features with only two categories. Examples: is

smoker (yes, no), has subscription (true, false).

Text Features: Features that contain textual data. Textual data typically requires special
preprocessing steps (like tokenization) to transform it into a format suitable for machine

learning models.
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2.5.5 Different types of Techniques for Feature Extraction

Various techniques exist to extract meaningful features from different types of data:
1. Statistical Methods

Statistical methods are widely used in feature extraction to summarize and explain

patterns of data. Common data attributes include:
e Mean: The average number of a dataset.
e Median: The middle number of a value when it is sorted in ascending order.
o Standard Deviation: A measure of the spread or dispersion of a sample.
e Correlation and Covariance: Measures of the linear relationship between two or more factors.

e Regression Analysis: A way to model the link between a dependent variable and one or more

independent factors.

These statistical methods can be used to represent the center trend, spread, and links within a

collection.
2. Dimensionality Reduction Methods for feature extraction

Dimensionality reduction is an essential stage in machine learning for feature
extraction because it reduces the complexity of high-dimensional data, enhances model
interpretability, and prevents the curse of dimensionality. Dimensionality reduction approaches
include Principal Component Analysis (PCA), Linear Discriminant Analysis (LDA), and t-
SNE.

e Principal Component Analysis: PCA is a prevalent dimensionality reduction approach that
converts high-dimensional data into a lower-dimensional space by selecting a group of
variables that account for the majority of the variation in the data. Since it is an unsupervised
method, class identifiers are not taken into consideration. It is exceptional for feature extraction

and data visualization.

e Linear Discriminant Analysis (LDA): LDA is a technique for identifying the linear
combinations of characteristics that best distinguish two or more classes of objects or events.
LDA is similar to PCA but is supervised, meaning it takes into account class labels. LDA aims

to maximize the between-class scatter while minimizing the within-class scatter.
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Autoencoders: An autoencoder is a neural network that consists of two parts: an encoder and
a decoder. The encoder maps the input data to a lower-dimensional version, known as the latent
space, and the decoder maps the latent space back to the original input space. The goal of an
autoencoder is to learn a compact and understandable representation of the raw data, which can
be used for various tasks such as dimensionality reduction, anomaly detection, and generative
modeling.

Autoencoders can be used for dimensionality reduction by teaching the network to recreate the
incoming data from a lower-dimensional model. The hidden space learned by the autoencoder
can be used as a dimensionality-reduced version of the original input data, which can then be

used as input to other machine learning models.

t-Distributed Stochastic Neighbor Embedding (t-SNE): t-SNE is a non-linear approach for
reducing dimensionality that retains the data’s local structure. It effectively embeds high-
dimensional data into a two or three-dimensional space that may be seen in a scatter plot. It

functions notably well for datasets with complicated structures.

Independent Component Analysis (ICA): Independent Component Analysis (ICA) is a
computer technique for dividing a multivariate signal into additive subcomponents that are
maximally independent. This approach combines related characteristics to minimize the data’s

dimensionality.
3. Feature Extraction Methods for Textual Data

Feature extraction for textual data allows the change of unorganized text into a numerical
format that can be handled by machine learning algorithms. Textual data methods for feature

extraction are important for natural language processing (NLP) tasks, common methods are:

Bag of Words (BoW): The Bag of Words (BoW) model is a basic way for text modeling and
feature extraction in NLP. It shows a written document as a multiset of its words, ignoring
structure and word order, but keeping the frequency of words. This model is useful for tasks
such as text classification, document matching, and text grouping. The BoW model is used in

document classification, where each word is used as a feature for training the classifier.

Term Frequency-Inverse Document Frequency (TF-IDF): Term Frequency-Inverse
Document Frequency (TF-IDF) is a feature extraction method that catches some of the major
problems which are not too common in the total collection. TF-IDF is a method that measures

the value of a word in a document based on its frequency in the document and its rarity across
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2.5.6

2.5.7

the entire collection. It is commonly used in text classification, mood analysis, and information

retrieval.
4. Signal Processing Methods

Fourier Transform: It converts a signal from its original domain (typically time or space) to
a representation in the frequency domain. This transformation helps in analyzing the frequency

components of the signal.

Wavelet Transform: Unlike the Fourier Transform, which represents a signal solely in terms
of its frequency components, the Wavelet Transform represents both frequency and time
information. It’s useful for analyzing signals that vary in frequency over time, like non-

stationary signals.
5. Image Data Extraction

Histogram of Oriented Gradients (HOG): This technique computes the distribution of
intensity gradients or edge directions in an image. It’s commonly used in object detection and

recognition tasks.

Scale-Invariant Feature Transform (SIFT): SIFT extracts distinctive invariant features from
images, which are robust to changes in scale, rotation, and lighting conditions. It’s widely used

in tasks like object recognition and image stitching.

Convolutional Neural Networks (CNN) Features: CNNs learn hierarchical representations
of images through successive convolutional layers. Features extracted from CNNs, especially
from deeper layers, have been proven effective for various computer vision tasks like image

classification, object detection, and semantic segmentation.

Choosing the Right Method
There is no one-size-fits-all approach to feature extraction. The proper approach must be

chosen carefully, and this often requires domain expertise.

Information Loss: During the feature extraction process, there is always the possibility of

losing essential data.

Computational Complexity: Some feature extraction approaches may be computationally

costly, particularly for big datasets.

Challenges in Feature Extraction

Handling High-Dimensional Data
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