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What is ML/AI?

@ Machine Learning (ML) is the use and development of computer systems that are able to
learn to perform tasks without following explicit instructions by using algorithms and
statistical models to analyze and draw inferences from patterns in data.

o Atrtificial Intelligence (Al) is a computer system that can perform complex tasks that
typically require human intelligence, specifically by mimicking cognitive functions such as
learning, reasoning, problem-solving, perception, and language understanding.

e Al : ML : DL : DS
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Key Elements of ML

@ Algorithms: Define the rules and procedures for learning. (Algorithms are not functions
or equations; they are a sequence of computing steps for learning problem solutions from
training data.)

Data: The inputs for learning and prediction.
Features: Individual measurable properties or characteristics of the data.
Labels: The known outcomes or targets for supervised learning.

Models: Represent the relationships between input and output.

Evaluation: Assesses the accuracy and performance of the models.
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Key Elements of Al

o DL (Deep Learning): Deep Neural Networks (DNNSs), particularly, transformers, are the
cornerstones that support advanced Al applications.

e NLP (Natural Language Processing): Enables computers to understand, interpret, and
generate human language, essential for chatbots and virtual assistants.

e CV (Computer Vision): Allows Al to interpret and analyze visual data, including image
classification and object detection.

o Reasoning & Decision-Making: The Al foundation models such as LLMs (Large
Language Modles) have changed from simple pattern matching to complex agentic
problem-solving.

@ Robotics: The application of Al to control physical machines for tasks like navigation
and assembly.

@ Al Ethics & Governance: Focuses on fairness, bias reduction, and security to I
ensure responsible, trustworthy Al deployment.
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ML Basics
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House price prediction
Data: observations; rows

Features: size, # of bedrooms, # of
bathrooms, property age, have/do not
have basement; columns

Label: house price

Model: regression, decision trees, neural
networks, etc.

Algorithm: the computational procedure

to build the selected model from training
data.
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Numerical and Categorical Data

Numerical Data: Data that represents quantities (e.g., age, temperature).

Categorical Data: Data that represents categories or labels (e.g., colors, types of
animals), often need to be coded to numerical values.

Continuous Data: Data that can take any values (within a range).
Discrete Data: Data that can take a finite set of values.

Proper handling of these data types is essential for accurate model performance.
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Data Processing

Cleaning: Handling missing values, removing duplicates, and correcting errors.
Normalization: Scaling numerical data to a standard range (e.g., 0 to 1).

Encoding: Converting categorical data into numerical formats (e.g., one-hot encoding).
Splitting: Dividing data into training, validation, and testing sets.
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Basics
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Supervised Learning

Learning from labeled data to build the algorithm and predict outcomes.
Training Data: Data used to train the model, helping to find the best model parameters.

Validation Data: Data used to tune the model’s generalization performance, helping to
find the best model hyperparameters.

Testing Data: Data used to evaluate the model’'s performance on unseen examples.

o Tasks:
o Classification: Predict discrete labels (e.g., email spam detection).
o Regression: Predict continuous values (e.g., stock price prediction).
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Supervised Learning Algorithms

Linear Regression: For predicting continuous values.

Logistic Regression: For binary classification problems.

Decision Trees: Simple and interpretable models for classification and regression.
Random Forest: An ensemble method that improves accuracy and reduces overfitting.
Support Vector Machines (SVM): Effective for high-dimensional spaces.

Artificial Neural Networks: Powerful models for capturing complex patterns in data.

Deep Neural Networks: Neural networks with many hidden layers, and extremely useful
in Al
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Unsupervised Learning

o ldentifying patterns in data without
labeled responses.

o Tasks:
o Clustering: Group similar data points
(e.g., customer segmentation).
o Dimensionality Reduction: Reduce N
data complexity while retaining essential \ ) NN /AN
information. N VAWAN \ )
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Unsupervised Learning Algorithms

K-Means Clustering: Groups data into k clusters.

Hierarchical Clustering: Builds a hierarchy of clusters.

Principal Component Analysis (PCA): Reduces dimensionality while retaining key
information.

Auto-Encoder-Decoder (AED): Neural networks used for dimensionality reduction and
data generation.
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Overfitting and Underfitting

@ Note that data are typically noisy and we need to separate patterns from noise.

o If the model learns too much noise from the training data, it overfits the data and
performs poorly on new data.

o If the model fails to capture the underlying pattern in the training data, it underfits the
data and cannot perform well on new data too.

@ Goal: Find the best model that generalizes well to unseen data.
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Key Concepts in ML

Bias-Variance Tradeoff

@ Bias: Error from overly simplistic models, leading to underfitting.

@ Variance: Error from models too sensitive to data variations, often resulting in
overfitting.

@ Optimal model minimizes both bias and variance.
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Train-Test Split

Data is split into training and testing subsets.
Training data is used to build the model.
Testing data evaluates the model’s performance on unseen data.

Helps prevent overfitting and ensures generalization.
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Cross-Validation

Technique to evaluate model performance by splitting data into multiple subsets (folds).
Ensures that every data point is used for both training and testing.

Common methods: k-fold cross-validation, leave-one-out cross-validation.

Helps prevent overfitting and underfitting, providing a more robust evaluation.
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Key Concepts in ML

Hyperparameters

o Hyperparameters: Settings that control the learning process (e.g., learning rate of
neural networks, number of trees in a random forest).

@ Must be defined before training the model and can be fine-tuned during model validation.

@ Common methods for tuning:

o Grid search.
e Random search.
e Bayesian optimization.
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Key Concepts in ML

Model Evaluation Metrics

o Classification Metrics:
e Accuracy: proportion of correct classification predictions in all test instances.
e Precision: proportion of positive predictions made by the ML model that are actually correct.
o Recall: proportion of correct predictions in all positive instances.
e F1-Score: combine precision and recall into a single value, representing a balanced measure
of a model's performance.
e AUC (area under curve): another overall evaluation metric.

@ Regression Metrics:
o Mean Absolute Error (MAE).

o Mean Squared Error (MSE).
e R-squared.

@ Choosing appropriate metrics depends on the task and goals. I

Rong Pan, Ph.D., ASQ Fellow (ASQ RRD) ML/AI March 16, 2026 23 /40



Decision Tree Methods

@ Decision Trees: Models the decision process as a tree
structure with decision criteria and outcomes. Very useful for
analyzing tabular data.

e Easy to interpret and visualize.
e Handles both categorical and numerical data.
o Leaves are the final classification/regression results.
@ Random Forest: Ensemble of DTs to improve accuracy.
o Reduces overfitting by averaging predictions.
e Suitable for both classification and regression tasks.

o Gradient Boosting: Builds a series of trees sequentially to
minimize errors.

e Popular implementations include XGBoost, LightGBM, and
CatBoost.
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Key Concepts in ML

An Example: Iris Dataset

iris setosa iris versicolor

petal  sepal petal sepal petal  sepal
Id SepallLengthCm SepalWidthCm PetalLengthCm PetalwWidthC Species
1 5.1 3.5 1.4 8.2 Iris-setosa
2 4.9 3.0 1.4 0.2 Iris-setosa
3 4.7 3.2 1.3 8.2 Iris-setosa
4 4.6 3.1 1.5 0.2 Iris-setosa
5 5.0 3.6 1.4 0.2 Iris-setosa
6 5.4 3.9 1.7 0.4 Iris-setosa
7 4.6 3.4 1.4 0.3 Iris-setosa
8 5.0 3.4 1.5 8.2 Iris-setosa
9 4.4 2.9 1.4 0.2 Iris-setosa
10 4.9 3.1 1.5 0.1 Iris-setosa
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Key Concepts in ML

Classify Iris Types by a Decision Tree
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gini = 0.536
samples = 76
value = [3, 35, 38]
class = virginica
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Key Concepts in ML

Artificial Neural Networks

@ Structure: Composed of layers of interconnected nodes (neurons).
o Input Layer: Takes features as input.
o Hidden Layers: Perform computations to detect patterns.
o Output Layer: Provides the final prediction.

Activation Functions: Define the output of neurons (e.g., ReLU, Sigmoid).

Training: Uses techniques like backpropagation and gradient descent.

Deep Learning: Neural networks with multiple hidden layers for complex tasks like image
and speech recognition.
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ANN Architecture
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DL in One Sentence

@ Deep learning learns a hierarchy of representations by composing many simple
nonlinear transformations.

@ In reliability terms: it can learn latent signatures of degradation, operating conditions,
and failure precursors directly from complex data (signals, images, text).
@ Core loop:
data — model — loss — gradients — updated model.
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Key Concepts in DL

The Big Picture of DL

Reliability lens: learn patterns of degradation & failure precursors from complex data.
Data Neural Network Predictions
(signals, images, text) (layers) (risk / RUL / class)
JY

Update Loss B
(learn) (how wrong?) |~
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Why Depth Helps: Feature Hierarchy

Raw Data Low-level Mid-level High-level
vibration/ features features signals
images/logs edges, spikes, harmonics: texture, degradation mode,
keywords topics risk state

More layers can discover increasingly useful abstractions (representation learning).
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Key Concepts in DL

Blessing of Dimensionality

@ In high dimensions, data can become more 1
separable if it has structure.

@ With enough informative features, simple
decision boundaries may work well.

[0 )T P R "easier region”

@ Deep learning benefits by learning
representations where the task is “easy”.

Typical separability

@ It works on the data lying on a 1 3 5 7 9
low-dimensional manifold within a Dimension (conceptual)
hlgh-dlmenS|0na| Space. Interpretation: higher dimension can help by spreading

classes apart when the signal is structured.

Caution: high dimension is a blessing only with structure;

otherwise you get the curse (overfitting, spurious correlations, fragile models). I
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Key Concepts in DL

Linear Separable in Higher Dimension
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Key Concepts in DL

Neural Networks as (Auto) Feature Selection

@ Neural networks can discover useful features automatically by transforming inputs into
representations that make prediction easier.

o Early layers behave like feature detectors; deeper layers combine them into higher-level
patterns.

@ Features that do not help reduce error tend to become inactive or down-weighted
during training = an implicit form of selection.

Raw inputs —”] Layer 1 Layer 2+ Output
many variables »| detects patterns combines patterns prediction

Strong pathways learn “useful” features;
weak pathways fade (down-weighted or inactive). I
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Key Concepts in DL

DL Representation Learning
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Architectures: Match the Model to the Data

MLP (tabular) engineered features (usage, environment, health indicators)

r
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X
CNN (images/2D) inspection images, thermography, microscopy
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RNN (time series) vibration streams, telemetry, event sequences

J

r

N
Transformer (language/multimodal)

logs + signals + documents, long-range dependencies
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Summary: Key Concepts

@ Deep learning = representation learning: turning raw data into useful features automatically.

Training improves performance by iterating: predict — measure error — update.
@ Watch for overfitting: always track validation curves and use reliability-aware splits.
@ Make models robust: regularization, normalization, realistic augmentation.

@ For decisions, demand calibration and monitor drift after deployment.
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Key Concepts in DL

Conclusion

ML/Al is transforming industries with its ability to learn and adapt.

Leveraging their computing power, ML /Al algorithms can solve a range of practical
problems (semi)automatically.

Understanding their fundamentals is crucial for realizing their potential.

Utilizing ML/AI computational platforms in reliability engineering applications is crucial
for accelerating solutions to engineering problems.
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Reliability meets Al
Questions? Discussion?

Contact: rong.pan@asu.edu
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