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Machine Learning Techniques

Machine learning techniques are algorithms and statistical models that enable computers to improve their
performance on a specific task through experience. These techniques are a subset of artificial intelligence
and are widely used in various fields, including digital pathology. Machine learning techniques can be
classified into three main categories: supervised learning, unsupervised learning, and reinforcement
learning.

Supervised Learning

Supervised learning is a type of machine learning technique where the algorithm learns from labeled
training data. The algorithm is trained on a dataset that includes input-output pairs, and it learns to map the
input to the output. This type of learning is used for tasks where the desired output is known, such as
classification and regression. Examples of supervised learning algorithms include support vector machines,
decision trees, and neural networks.

Unsupervised Learning

Unsupervised learning is a type of machine learning technique where the algorithm learns from unlabeled
data. The algorithm tries to find patterns and relationships in the data without the need for predefined
output labels. Unsupervised learning is used for tasks such as clustering, anomaly detection, and
dimensionality reduction. Examples of unsupervised learning algorithms include k-means clustering,
hierarchical clustering, and principal component analysis.

Reinforcement Learning

Reinforcement learning is a type of machine learning technique where an agent learns to make decisions by
interacting with an environment. The agent receives feedback in the form of rewards or penalties based on
its actions, and it learns to maximize the cumulative reward over time. Reinforcement learning is used for
tasks such as game playing, robotic control, and optimization. Examples of reinforcement learning
algorithms include Q-learning, deep Q-networks, and policy gradients.

Artificial Neural Networks (ANNSs)

Artificial neural networks are a type of machine learning model inspired by the structure and function of the
human brain. ANNs consist of interconnected nodes, or neurons, organized in layers. Each neuron receives
input, processes it, and passes the output to the next layer. Neural networks are used for tasks such as
image recognition, natural language processing, and speech recognition. Examples of neural network
architectures include feedforward neural networks, convolutional neural networks, and recurrent neural
networks.
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Convolutional Neural Networks (CNNs)

Convolutional neural networks are a type of artificial neural network designed for processing structured
grid-like data, such as images. CNNs consist of multiple layers, including convolutional layers, pooling
layers, and fully connected layers. These networks are widely used in image classification, object detection,
and image segmentation tasks. CNNs have revolutionized the field of computer vision and have achieved
state-of-the-art performance on various image recognition benchmarks.

Recurrent Neural Networks (RNNs)

Recurrent neural networks are a type of artificial neural network designed for processing sequential data,
such as text and time series. RNNs have connections that form loops, allowing information to persist over
time. This architecture enables RNNs to capture temporal dependencies in the data. RNNs are used for
tasks such as language modeling, machine translation, and speech recognition. However, RNNs suffer from
the vanishing gradient problem, which limits their ability to capture long-range dependencies.

Long Short-Term Memory (LSTM)

Long short-term memory is a type of recurrent neural network architecture designed to address the
vanishing gradient problem in traditional RNNs. LSTMs have a more complex structure with gated units that
control the flow of information through the network. This architecture allows LSTMs to capture long-range
dependencies in sequential data effectively. LSTMs are widely used in tasks that require modeling long-term
dependencies, such as speech recognition, machine translation, and sentiment analysis.

Generative Adversarial Networks (GANSs)

Generative adversarial networks are a type of machine learning model composed of two neural networks: a
generator and a discriminator. The generator generates fake data samples, while the discriminator tries to
distinguish between real and fake samples. These networks are trained in a competitive setting, where the
generator improves its ability to generate realistic samples, and the discriminator improves its ability to
detect fake samples. GANs are used for tasks such as image generation, image-to-image translation, and
data augmentation.

Support Vector Machines (SVMs)

Support vector machines are a type of supervised learning algorithm used for classification and regression
tasks. SVMs work by finding the hyperplane that best separates the data points into different classes. The
hyperplane is chosen to maximize the margin, or distance, between the classes. SVMs are effective in high-
dimensional spaces and are widely used in tasks such as text classification, image recognition, and
bioinformatics. SVMs can handle non-linear data by using kernel functions to map the data into a higher-
dimensional space.

Decision Trees

Decision trees are a type of supervised learning algorithm that recursively partitions the data into subsets
based on the feature values. Each node in the tree represents a decision based on a feature, and each leaf

Read online: https://certificates.HealthCareCourses.org.uk/glossaries/ HealthCareCourses (An LSIB brand) - 21 Jun 2026
3039684/machine-learning-techniques



Healthg¥e GLOSSARY

node represents a class label. Decision trees are easy to interpret and visualize, making them popular for
tasks such as classification and regression. However, decision trees are prone to overfitting, especially with
complex datasets. Techniques such as pruning and ensemble methods can help improve the performance of
decision trees.

Ensemble Learning

Ensemble learning is a machine learning technique that combines multiple models to improve the
predictive performance. The basic idea behind ensemble learning is that a group of weak learners can come
together to form a strong learner. Common ensemble methods include bagging, boosting, and stacking.
Ensemble learning can help reduce overfitting, increase the model's robustness, and achieve higher
accuracy on a variety of tasks. Examples of ensemble learning algorithms include random forests, gradient
boosting machines, and AdaBoost.

Clustering

Clustering is a type of unsupervised learning technique that groups similar data points together. The goal of
clustering is to partition the data into clusters, where data points within the same cluster are more similar to
each other than to data points in other clusters. Clustering is used for tasks such as customer segmentation,
anomaly detection, and image segmentation. Common clustering algorithms include k-means clustering,
hierarchical clustering, and DBSCAN.

Anomaly Detection

Anomaly detection is a type of unsupervised learning technique that identifies data points that deviate from
the norm. Anomalies, or outliers, can be caused by errors, fraud, or other unusual events. Anomaly detection
is used in various fields, such as cybersecurity, fraud detection, and predictive maintenance. Common
anomaly detection algorithms include isolation forests, one-class SVM, and autoencoders.

Dimensionality Reduction

Dimensionality reduction is a technique used to reduce the number of features in a dataset while preserving
the most important information. High-dimensional data can be difficult to visualize and analyze, and
dimensionality reduction can help address this issue. Principal component analysis (PCA) is a popular
technique for dimensionality reduction that projects the data onto a lower-dimensional space while
maximizing the variance. Other dimensionality reduction techniques include t-SNE, LDA, and autoencoders.

Hyperparameter Tuning

Hyperparameter tuning is the process of finding the best set of hyperparameters for a machine learning
model. Hyperparameters are parameters that are set before the learning process begins and cannot be
learned from the data. Examples of hyperparameters include learning rate, regularization strength, and the
number of hidden units in a neural network. Hyperparameter tuning is essential for optimizing the
performance of a model and can be done using techniques such as grid search, random search, and
Bayesian optimization.
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Cross-Validation

Cross-validation is a technique used to evaluate the performance of a machine learning model while
maximizing the use of available data. In cross-validation, the dataset is split into multiple folds, and the
model is trained and tested on each fold. This process helps assess the model's generalization performance
and reduce the risk of overfitting. Common cross-validation methods include k-fold cross-validation, leave-
one-out cross-validation, and stratified cross-validation.

Overfitting and Underfitting

Overfitting and underfitting are common problems in machine learning that affect the model's ability to
generalize to unseen data. Overfitting occurs when a model learns the noise in the training data instead of
the underlying pattern, leading to poor performance on new data. Underfitting occurs when a model is too
simple to capture the complexity of the data, resulting in low performance on both training and test data.
Techniques to prevent overfitting and underfitting include regularization, early stopping, and model
complexity tuning.

Bias-Variance Tradeoff

The bias-variance tradeoff is a fundamental concept in machine learning that describes the relationship
between bias, variance, and model complexity. Bias refers to the error introduced by approximating a real-
world problem with a simple model, while variance refers to the model's sensitivity to changes in the
training data. A model with high bias tends to underfit the data, while a model with high variance tends to
overfit the data. Finding the right balance between bias and variance is crucial for building a model that
generalizes well to new data.

Feature Engineering

Feature engineering is the process of selecting, transforming, and creating features from the raw data to
improve the performance of a machine learning model. Good feature engineering can significantly impact
the model's accuracy and generalization ability. Feature engineering techniques include scaling, one-hot
encoding, feature selection, and feature extraction. Domain knowledge plays a crucial role in feature
engineering, as it helps identify relevant features that capture the underlying patterns in the data.

Transfer Learning

Transfer learning is a machine learning technique where a model trained on one task is re-used on a
different but related task. Transfer learning leverages the knowledge learned from the source task to
improve the performance on the target task, especially when the target task has limited labeled data.
Transfer learning is widely used in computer vision, natural language processing, and speech recognition.
Examples of transfer learning techniques include fine-tuning, feature extraction, and domain adaptation.

Data Augmentation

Data augmentation is a technique used to increase the size and diversity of the training dataset by applying
transformations to the existing data samples. Data augmentation helps improve the model's generalization
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ability and reduce overfitting. In image data, common data augmentation techniques include rotation,
flipping, scaling, and cropping. Data augmentation is widely used in computer vision tasks, such as image
classification, object detection, and image segmentation.

Model Evaluation Metrics

Model evaluation metrics are used to assess the performance of a machine learning model on a specific
task. Common evaluation metrics vary depending on the type of task, such as classification, regression, or
clustering. For classification tasks, metrics include accuracy, precision, recall, F1 score, and ROC curve. For
regression tasks, metrics include mean squared error, mean absolute error, and R-squared. Selecting the
appropriate evaluation metric is essential for determining the model's effectiveness and comparing different
models.

Deep Learning

Deep learning is a subfield of machine learning that focuses on neural networks with multiple layers. Deep
learning architectures can learn complex patterns in large amounts of data without the need for manual
feature engineering. Deep learning has achieved remarkable success in tasks such as image recognition,
speech recognition, and natural language processing. Deep learning models can have tens or hundreds of
layers, making them capable of capturing intricate patterns in the data.

Neural Architecture Search (NAS)

Neural architecture search is a technique used to automatically design neural network architectures that
achieve high performance on a specific task. NAS methods explore a search space of possible architectures
and use optimization algorithms to find the best architecture for the task. NAS has been successful in
discovering novel neural network architectures that outperform human-designed architectures. Examples of
NAS methods include reinforcement learning-based search, evolutionary algorithms, and gradient-based
search.

Explainable Al (XAl)

Explainable Al is an emerging field that focuses on developing machine learning models that provide
transparent and interpretable explanations for their predictions. XAl methods aim to make complex models,
such as deep neural networks, more understandable to humans. Interpretable models help build trust in Al
systems and enable users to understand the reasoning behind the model's decisions. XAl techniques
include feature importance analysis, model-agnostic explanations, and visualization tools.

Federated Learning

Federated learning is a distributed machine learning approach where the model is trained across multiple
devices or servers without exchanging raw data. Each device computes updates to the model based on its
local data and shares only the model parameters with a central server. Federated learning is used in privacy-
sensitive applications, such as healthcare and finance, where data cannot be shared due to privacy concerns.
Federated learning helps protect user privacy while enabling collaborative model training.
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Meta-Learning

Meta-learning, also known as learning to learn, is a machine learning technique where a model learns how

to adapt to new tasks quickly based on previous experience. Meta-learning algorithms learn a meta-policy

that guides the learning process on new tasks. Meta-learning is used in few-shot learning, where the model
can generalize from a small number of examples. Meta-learning has applications in reinforcement learning,
optimization, and algorithm selection.

Self-Supervised Learning

Self-supervised learning is a type of unsupervised learning technique where the model learns from the data
itself without external labels. Instead of using labeled data, self-supervised learning generates training
signals from the input data. Common self-supervised learning tasks include image inpainting, image
colorization, and context prediction. Self-supervised learning has shown promising results in pretraining
models on large-scale datasets and fine-tuning them on downstream tasks.

Adversarial Attacks and Defenses

Adversarial attacks are techniques used to deceive machine learning models by introducing carefully crafted
perturbations to the input data. Adversarial attacks can cause the model to misclassify the input data with
high confidence. Adversarial defenses are techniques used to protect machine learning models from
adversarial attacks. Common defense mechanisms include adversarial training, input preprocessing, and
robust optimization. Adversarial attacks and defenses are important considerations for deploying machine
learning models in security-critical applications.

Automated Machine Learning (AutoML)

Automated machine learning is a process that automates the design and implementation of machine
learning models. AutoML tools aim to make machine learning accessible to users with limited expertise by
automating tasks such as feature engineering, hyperparameter tuning, and model selection. AutoML
platforms help accelerate the machine learning workflow and enable users to build models quickly and
efficiently. Examples of AutoML tools include Google AutoML, H20 AutoML, and Auto-Keras.

Reinforcement Learning in Healthcare

Reinforcement learning has been applied in healthcare to optimize treatment strategies, clinical decision-
making, and patient monitoring. RL algorithms can learn optimal policies for individual patients based on
their unique characteristics and medical history. Reinforcement learning has been used to personalize
treatment plans, optimize drug dosages, and improve resource allocation in healthcare settings. RL in
healthcare faces challenges such as data privacy, interpretability, and safety concerns, which need to be
addressed for successful deployment.

Medical Image Analysis

Medical image analysis is a field that uses machine learning techniques to analyze and interpret medical
images, such as X-rays, MRIs, and CT scans. ML algorithms can assist radiologists in detecting abnormalities,
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segmenting organs, and predicting patient outcomes from medical images. Medical image analysis has
applications in disease diagnosis, treatment planning, and monitoring disease progression. Challenges in
medical image analysis include data scarcity, model interpretability, and robustness to noise and artifacts in
medical images.

Histopathology Image Analysis

Histopathology image analysis is a subfield of medical image analysis that focuses on analyzing tissue
samples from biopsies under a microscope. ML techniques are used to identify cellular structures, detect
abnormalities, and classify tissue types in histopathology images. Histopathology image analysis plays a
crucial role in cancer diagnosis, grading, and treatment planning. Challenges in histopathology image
analysis include large image sizes, data heterogeneity, and the need for expert annotations for training
accurate models.

Deep Learning for Digital Pathology

Deep learning has shown great promise in digital pathology by enabling automated analysis of
histopathology images at scale. DL models can learn complex patterns in large image datasets and assist
pathologists in diagnosing diseases, predicting patient outcomes, and guiding treatment decisions. Deep
learning for digital pathology has applications in tumor detection, tumor grading, and predictive biomarker
identification. Challenges in DL for digital pathology include data annotation, model interpretability, and
generalization to unseen datasets.

Whole Slide Imaging (WSI)

Whole slide imaging is a digital imaging technique that converts entire glass slides containing tissue
samples into digital images. WSI enables pathologists to view high-resolution histopathology images on a
computer screen and share them for remote consultation. ML algorithms can analyze WSI data to automate
tasks such as tumor detection, tissue segmentation, and feature extraction. WSI has the potential to
improve diagnostic accuracy, efficiency, and reproducibility in pathology practice.

Computer-Aided Diagnosis (CAD)

Computer-aided diagnosis is a technology that assists healthcare professionals in interpreting medical
images and making diagnostic decisions. CAD systems use ML algorithms to analyze medical images and
provide automated suggestions to clinicians. CAD systems can help detect abnormalities, classify diseases,
and predict patient outcomes from medical images. CAD has been used in various medical imaging
modalities, including radiology, pathology, and dermatology, to improve diagnostic accuracy and reduce
interpretation time.

Deep Reinforcement Learning for Healthcare

Deep reinforcement learning has been applied in healthcare to optimize treatment policies, patient
management, and clinical decision-making. DRL algorithms can learn optimal treatment strategies from
patient data and medical guidelines. DRL has been used to personalize treatment plans, optimize drug
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dosages, and improve patient outcomes in healthcare settings. Challenges in DRL for healthcare include
data privacy, safety concerns, and interpretability of learned policies, which need to be addressed for real-
world deployment.

Cell Classification and Segmentation

Cell classification and segmentation are tasks in digital pathology that involve identifying and categorizing
cells in histopathology images. ML algorithms can automatically classify different types of cells, such as
cancer cells, immune cells, and stromal cells, based on their morphological features. Cell segmentation is
the process of delineating individual cells in an image to analyze their spatial distribution and quantify their
characteristics. Cell classification and segmentation play a crucial role in cancer diagnosis, prognosis, and
treatment planning.

Mitosis Detection

Mitosis detection is a task in digital pathology that involves identifying and counting mitotic figures, which
are indicators of cell proliferation and tumor aggressiveness. ML algorithms can detect mitotic figures in
histopathology images by analyzing their morphological features, such as shape, texture, and staining
patterns. Mitosis detection is important for cancer grading, prognosis, and treatment planning. Challenges
in mitosis detection include variation in mitotic appearances, overlapping structures, and inter-observer
variability.

Tumor Detection and Segmentation

Tumor detection and segmentation are critical tasks in digital pathology that involve identifying and
delineating tumor regions in histopathology images. ML algorithms can detect tumors by analyzing the
morphological and textural features of tissue samples. T
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