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Machine Learning Fundamentals

Machine Learning Fundamentals:

Machine learning fundamentals refer to the foundational concepts and techniques used in the field of
machine learning. Machine learning is a subset of artificial intelligence that focuses on developing
algorithms and models that enable computers to learn from data and make predictions or decisions without
being explicitly programmed.

Machine learning fundamentals are essential for understanding how machine learning algorithms work, how
to train and evaluate models, and how to apply machine learning techniques to solve real-world problems.
These fundamentals include concepts such as supervised learning, unsupervised learning, reinforcement
learning, deep learning, neural networks, and more.

Machine learning fundamentals are a core component of the Graduate Certificate in Machine Learning in
Polymer Science and Engineering, as they provide students with the necessary knowledge and skills to apply
machine learning techniques to analyze and interpret data in the field of polymer science and engineering.

Supervised Learning:

Supervised learning is a type of machine learning where the model is trained on a labeled dataset, meaning
that the input data is paired with the correct output. The goal of supervised learning is to learn a mapping
from inputs to outputs based on the labeled data.

For example, in a supervised learning task of predicting house prices, the model would be trained on a
dataset where each data point includes features of a house (such as size, number of bedrooms, location)
and the corresponding sale price. The model would then learn to predict the sale price of a new house
based on its features.

Supervised learning is widely used in tasks such as classification and regression, where the goal is to predict
discrete labels or continuous values, respectively. Some common algorithms used in supervised learning
include linear regression, logistic regression, support vector machines, decision trees, and neural networks.

Unsupervised Learning:

Unsupervised learning is a type of machine learning where the model is trained on an unlabeled dataset,
meaning that the input data is not paired with any labels or outputs. The goal of unsupervised learning is to
find patterns or relationships in the data without any predefined labels.

Read online: https://shortcourses.Isibonline.com/glossaries/3015391/ London School of International Business - 20 Jun 2026
machine-learning-fundamentals



LSIB

London School of

International
Business, U.K.

For example, in an unsupervised learning task of clustering customer data, the model would be trained on a
dataset where each data point represents a customer, but there are no labels indicating which customers
belong to which segment. The model would then group similar customers together based on their features.

Unsupervised learning is commonly used in tasks such as clustering, dimensionality reduction, and anomaly
detection. Some common algorithms used in unsupervised learning include k-means clustering, hierarchical
clustering, principal component analysis (PCA), and autoencoders.

Reinforcement Learning:

Reinforcement learning is a type of machine learning where an agent learns to make sequential decisions by
interacting with an environment. The agent receives feedback in the form of rewards or penalties based on
its actions, and its goal is to learn a policy that maximizes the cumulative reward over time.

For example, in a reinforcement learning task of training a robot to navigate a maze, the robot would
explore the maze by taking actions (moving in different directions) and receiving rewards (finding the goal)
or penalties (hitting a wall). The robot would learn a policy that guides its actions to maximize the reward of
reaching the goal.

Reinforcement learning is commonly used in tasks such as game playing, robotics, and control systems.
Some common algorithms used in reinforcement learning include Q-learning, deep Q-networks (DQN),
policy gradients, and actor-critic methods.

Deep Learning:

Deep learning is a subset of machine learning that focuses on neural networks with multiple layers (deep
neural networks). Deep learning algorithms are designed to automatically learn hierarchical representations
of data by stacking multiple layers of neurons that transform the input data into more abstract features.

For example, in a deep learning task of image recognition, a deep neural network would learn to extract
features such as edges, textures, and shapes from the raw pixel values of an image, and then classify the
image into different categories based on these features.

Deep learning has revolutionized many fields such as computer vision, natural language processing, and
speech recognition. Some common deep learning architectures include convolutional neural networks
(CNNs) for image processing, recurrent neural networks (RNNs) for sequence data, and transformer models
for language understanding.

Neural Networks:

Neural networks are a class of machine learning models inspired by the structure and function of the human
brain. A neural network consists of interconnected layers of artificial neurons that process input data and
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produce output predictions. Each neuron applies a transformation to its inputs and passes the result to the
next layer of neurons.

For example, in a neural network for predicting handwritten digits, the input layer would receive pixel values
of an image, and the hidden layers would learn to extract features like edges and shapes. The output layer
would produce a probability distribution over the possible digits.

Neural networks are the building blocks of many deep learning models and can be used for tasks such as
image recognition, speech recognition, and natural language processing. Common types of neural networks
include feedforward neural networks, recurrent neural networks, and convolutional neural networks.

Overfitting:

Overfitting is a common problem in machine learning where a model performs well on the training data but
fails to generalize to new, unseen data. Overfitting occurs when the model learns the noise and random
fluctuations in the training data instead of the underlying patterns.

For example, in a linear regression model that fits a high-degree polynomial to noisy data points, the model
may capture the noise in the training data and produce a curve that passes through all the points. However,
this curve may not accurately represent the true relationship between the variables and will perform poorly
on new data.

To prevent overfitting, techniques such as cross-validation, regularization, early stopping, and data
augmentation can be used. These techniques help the model generalize better to unseen data by reducing
the complexity of the model or introducing constraints on the model parameters.

Underfitting:

Underfitting is the opposite of overfitting and occurs when a model is too simple to capture the underlying
patterns in the data. An underfit model performs poorly on both the training and test data because it fails
to learn the relevant features or relationships in the data.

For example, in a linear regression model that fits a straight line to a nonlinear dataset, the model may
underfit the data and have high bias. The model's predictions will be inaccurate and have a large error, both
on the training data and new data.

To address underfitting, techniques such as increasing the model complexity, adding more features, or
using a more powerful model can be employed. By increasing the model's capacity to learn complex
patterns, it can better capture the underlying relationships in the data and improve its performance.

Cross-Validation:

Read online: https://shortcourses.Isibonline.com/glossaries/3015391/ London School of International Business - 20 Jun 2026
machine-learning-fundamentals



LSIB

London School of

International
Business, U.K.

Cross-validation is a technique used to evaluate the performance of a machine learning model by splitting
the dataset into multiple subsets, training the model on some subsets, and testing it on the remaining
subsets. Cross-validation helps assess how well the model generalizes to new, unseen data and provides a
more reliable estimate of the model's performance.

For example, in k-fold cross-validation, the dataset is divided into k subsets, or folds. The model is trained
on k-1 folds and evaluated on the remaining fold, and this process is repeated k times, each time using a
different fold as the test set. The performance metrics are then averaged across all iterations to obtain a
more robust estimate of the model's performance.

Cross-validation is essential for hyperparameter tuning, model selection, and assessing the generalization
ability of a model. By using cross-validation, researchers and practitioners can ensure that the model
performs well on unseen data and is not overfitting to the training data.

Regularization:

Regularization is a technique used in machine learning to prevent overfitting by adding a penalty term to
the loss function that discourages large parameter values. Regularization helps to control the complexity of
the model and reduce the risk of fitting the noise in the training data.

For example, in L2 regularization (ridge regression), the penalty term is the sum of the squares of the
model's weights, which penalizes large weights. By adding this term to the loss function, the model is
encouraged to learn simpler patterns and generalize better to new data.

Regularization techniques such as L1 regularization (lasso regression), dropout, and early stopping can be
used to prevent overfitting in machine learning models. These techniques help to regularize the model's
parameters and reduce its complexity, improving its generalization ability.

Feature Engineering:

Feature engineering is the process of creating new features or transforming existing features in the dataset
to improve the performance of a machine learning model. Feature engineering plays a crucial role in model
development, as the quality of the features directly impacts the model's ability to learn the underlying
patterns in the data.

For example, in a text classification task, feature engineering may involve converting text data into
numerical features using techniques like bag-of-words, TF-IDF, or word embeddings. These features capture
the semantic meaning of the text and help the model make accurate predictions.

Feature engineering techniques such as one-hot encoding, scaling, normalization, and polynomial features
can be used to preprocess the data and create informative features for the model. By carefully selecting and
transforming the features, researchers and practitioners can improve the model's performance and make
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better predictions.
Hyperparameter:

Hyperparameters are parameters that are set before the learning process begins and control the behavior
of the machine learning algorithm. Hyperparameters are not learned from the data but are tuned by the
practitioner to optimize the model's performance on a specific task.

For example, in a decision tree algorithm, hyperparameters such as the maximum depth of the tree, the
minimum number of samples required to split a node, and the criterion for splitting nodes (e.g., Gini
impurity or entropy) are set before training the model. These hyperparameters influence the structure and
complexity of the tree.

Hyperparameter tuning is the process of selecting the best hyperparameters for a machine learning model
to achieve optimal performance. Techniques such as grid search, random search, and Bayesian optimization
can be used to search the hyperparameter space and find the best combination of hyperparameters for the
model.

Bias-Variance Tradeoff:

The bias-variance tradeoff is a fundamental concept in machine learning that describes the interplay
between the bias of a model and its variance. Bias refers to the error introduced by approximating a real-
world problem with a simplified model, while variance measures the model's sensitivity to changes in the
training data.

A high-bias model is too simple and makes strong assumptions about the data, leading to underfitting and
poor performance on both the training and test data. A high-variance model, on the other hand, is too
complex and fits the noise in the training data, leading to overfitting and poor generalization to new data.

The goal of machine learning is to find a balance between bias and variance that minimizes the total error
of the model on unseen data. By understanding the bias-variance tradeoff, practitioners can make informed
decisions about model complexity, feature selection, and hyperparameter tuning to achieve the best
performance.

Ensemble Learning:

Ensemble learning is a machine learning technique that combines multiple models to improve the overall
performance and generalization ability of the system. Ensemble methods leverage the diversity of the
individual models to make more accurate predictions than any single model alone.

For example, in a random forest algorithm, multiple decision trees are trained on different subsets of the
data, and their predictions are aggregated to make the final prediction. By combining the predictions of
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multiple trees, random forests reduce overfitting and improve the model's accuracy.

Ensemble learning techniques such as bagging, boosting, and stacking can be used to create powerful
models that outperform individual models. By harnessing the collective wisdom of diverse models,
ensemble methods can enhance the robustness and reliability of machine learning systems.

Clustering:

Clustering is a type of unsupervised learning that involves grouping similar data points together based on
their features or attributes. The goal of clustering is to discover inherent patterns or structures in the data
without any predefined labels or categories.

For example, in a customer segmentation task, clustering algorithms can be used to group customers with
similar purchasing behavior, demographics, or preferences into distinct segments. This allows businesses to
tailor marketing strategies, product recommendations, and customer service to each segment.

Common clustering algorithms include k-means clustering, hierarchical clustering, DBSCAN, and Gaussian
mixture models. These algorithms use different distance metrics, clustering criteria, and optimization
techniques to partition the data into cohesive clusters and reveal hidden patterns in the data.

Dimensionality Reduction:

Dimensionality reduction is a technique used to reduce the number of features or dimensions in the dataset
while preserving as much information as possible. High-dimensional data can be difficult to visualize,
analyze, and model, so dimensionality reduction methods help simplify the data and improve the
performance of machine learning models.

For example, in a principal component analysis (PCA) algorithm, the original features of the dataset are
transformed into a new set of orthogonal features called principal components. These components capture
the most significant variation in the data and can be used to reduce the dimensionality of the dataset.

Dimensionality reduction techniques such as PCA, t-distributed stochastic neighbor embedding (t-SNE), and
autoencoders can be used to preprocess the data and extract meaningful representations of the data. By
reducing the dimensionality of the dataset, researchers and practitioners can improve the model's
interpretability, efficiency, and performance.

Anomaly Detection:

Anomaly detection is a machine learning technique used to identify rare events, outliers, or abnormalities in
the data that deviate from the norm. Anomalies are data points that are significantly different from the
majority of the data and may indicate errors, fraud, or critical events in the system.
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For example, in a credit card fraud detection system, machine learning algorithms can be used to detect
unusual spending patterns, suspicious transactions, or unauthorized access to an account. By identifying
these anomalies, financial institutions can prevent fraudulent activities and protect their customers.

Anomaly detection algorithms such as isolation forests, one-class SVM, k-nearest neighbors (k-NN), and
autoencoders can be used to detect anomalies in various domains such as cybersecurity, healthcare, and
manufacturing. These algorithms learn the normal patterns in the data and flag any deviations as potential
anomalies.

Natural Language Processing (NLP):

Natural language processing (NLP) is a subfield of artificial intelligence that focuses on enabling computers
to understand, interpret, and generate human language. NLP algorithms analyze and process text data to
extract meaning, sentiment, entities, and relationships from unstructured text.

For example, in a sentiment analysis task, NLP algorithms can be used to classify text documents as positive,
negative, or neutral based on the sentiment expressed in the text. By analyzing the words, phrases, and
context of the text, the algorithm can infer the sentiment of the author.

NLP techniques such as tokenization, part-of-speech tagging, named entity recognition, and sentiment
analysis can be used to process and analyze text data. By applying NLP to tasks such as chatbots, machine
translation, and information retrieval, researchers and practitioners can extract valuable insights from textual
data.

Computer Vision:

Computer vision is a field of artificial intelligence that focuses on enabling computers to interpret and
analyze visual information from the real world. Computer vision algorithms extract features, patterns, and
objects from images and videos to understand the visual content and make intelligent decisions.

For example, in an object detection task, computer vision algorithms can be used to identify and localize
objects of interest in an image, such as cars, pedestrians, or traffic signs. By detecting and classifying these
objects, autonomous vehicles can navigate safely in complex environments.

Computer vision techniques such as image classification, object detection, image segmentation, and image
generation can be used to analyze and process visual data. By applying computer vision to tasks such as
medical imaging, autonomous driving, and surveillance, researchers and practitioners can develop
innovative solutions to real-world problems.

Transfer Learning:

Transfer learning is a machine learning technique that leverages knowledge learned from one task to
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improve the performance of a related task. Transfer learning allows models to transfer learned
representations, features, or knowledge from a source domain to a target domain, even when the domains
are different.

For example, in a natural language processing task, a pre-trained language model like BERT (Bidirectional
Encoder Representations from Transformers) can be fine-tuned on a specific text classification task with a
smaller dataset. By transferring the knowledge learned from a large corpus of text to the task-specific data,
the model can achieve better performance with less training data.

Transfer learning is widely used in domains such as computer vision, natural language processing, and
speech recognition to improve model performance, reduce training time, and address data scarcity issues.
By transferring knowledge from one task to another, researchers and practitioners can build more robust
and efficient machine learning models.

Challenges in Machine Learning:

Machine learning faces several challenges that impact the development, deployment, and adoption of
machine learning models in real-world applications. These challenges include data quality, interpretability,
scalability, fairness, and ethical considerations that must be addressed to ensure the responsible and
effective use of machine learning.

Data quality is a critical challenge in machine learning, as models rely on high-quality, clean, and
representative data to learn meaningful patterns. Biased, incomplete, or noisy data can lead to biased
predictions, inaccurate insights, and unreliable decisions, affecting the performance and trustworthiness of
the model.

Interpretability is another challenge in machine learning, as complex models like deep neural networks are
often considered black boxes that are difficult to understand and explain. Interpretable models are essential
for building trust, debugging errors, and complying with regulations that require transparency and
accountability in decision-making.

Scalability is a challenge in machine learning when dealing with large datasets, high-dimensional data, or
computationally intensive models. Scalable algorithms, distributed computing frameworks, and hardware
accelerators are required to train and deploy machine learning models efficiently and cost-effectively in
production environments.

Fairness is a challenge in machine learning when models exhibit bias or discrimination against certain
groups or individuals. Fairness-aware algorithms, bias detection techniques, and fairness metrics are needed
to ensure that machine learning models treat all individuals fairly and equitably, without perpetuating
existing biases or disparities.
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Ethical considerations are a challenge in machine learning when models impact human lives, privacy, or
societal well-being. Ethical guidelines, regulations, and ethical Al frameworks are essential to guide the
development, deployment, and use of machine learning technologies responsibly and ethically, considering
the broader implications and consequences of Al systems.

Conclusion:

In conclusion, machine learning fundamentals are essential concepts and techniques that form the basis of
machine learning and artificial intelligence. Understanding the principles of supervised learning,
unsupervised learning, reinforcement learning, deep learning, neural networks, and other fundamental
concepts is crucial for building effective machine learning models and solving real-world problems.

The Graduate Certificate in Machine Learning in Polymer Science and Engineering provides students with
the necessary knowledge and skills to apply machine learning techniques in the field of polymer science
and engineering. By mastering machine learning fundamentals, students can analyze complex data, extract
valuable insights, and make data-driven decisions that drive innovation and advancements in the field.

By exploring key concepts such as supervised learning, unsupervised learning, reinforcement learning, deep
learning, neural networks, and more, students can develop a solid foundation in machine learning that
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