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Conceptual Framework for Engineering Artificial Intelligence Ecosystem
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Traditional Machine Learning Methods and Algorithms Used in Engineering

Supervised
Learning

Regression
(Prediction)

Support Vector
Regression

Ridge & Lasso
Regression

Kalman Filters/

Linear Regression Polynomial Regression . "
Particle Filters

Bayesian Regression

Classification

K-Nearest Neighbors Support Vector Machine Logistic Regression Random Forest Naive Bayes

Hidden Markov Models Gaussian Discriminant Analysis Decision Trees Self-Organizing Map

Unsupervised

Clustering

K-Means Clustering Hierarchical Clustering DBSCAN Latent Dirichlet Allocation Gaussian Mixture Models

Dimensionality

Principle Component Singular Value Linear Discriminant Factor Analysis t-SNE Independent Component

Learning Reduction Analysis Decomposition Analysis Analysis
Prediction Kalman Filters Particle Filters Similarity-Based Markov Chains Hidden Markov Models
Anomaly One-Class Support e . .
Detection Vector Machine Statistical Process Control SOM-MQE Isolation Forest Thresholding Models
i Value-Based - 5 icy- icy- i

Others Reinforcement uf Value-Based (SARSA) (State Policy-Based  Policy-Based (Proximal = o~ oo pooo pocod R

Learning

(Q-Learning)  Action-Reward-State-Action)  (REINFORCE)  Policy Optimization)

Optimization

Particle Swarm

id h
Optimization CrcEeet

Gradient Descent  Genetic Algorithms Bayesian Optimization ~ Convex Optimization

PS: (Deep) Neural network-based models such as CNNs, RNNs, transformers, and their variants can be applied in most of situations listed
above and demonstrate even greater performance when dealing with large amounts of data. As a result, we categorized them as advanced
machine learning methods.
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