
G LO S S A RY

Advanced AI OHS Professional Certification

Advanced Machine Learning for Hazard Prediction

Active Learning – A machine‑learning strategy where the model selectively queries the most informative
data points for labeling. Related: Pool‑based sampling. Example: An OHS system flags uncertain sensor
readings and asks safety engineers to label them, reducing annotation cost. Challenge: Determining optimal
query criteria without biasing the dataset.

Adaptive Boosting (AdaBoost) – An ensemble technique that combines weak classifiers sequentially,
emphasizing previously misclassified instances. Related: Boosting, weak learner. Practical use: Improving
detection of rare hazard events in noisy video streams. Challenge: Susceptibility to noisy labels can degrade
performance in real‑time monitoring.

Algorithmic Fairness – The study of ensuring predictive models do not produce unjustified disparities across
demographic groups. Related: Bias mitigation. Example: A predictive model for workplace injury risk must
not unfairly assign higher risk to a particular age group. Challenge: Defining appropriate fairness metrics for
safety‑critical outcomes.

Anomaly Detection – Techniques that identify patterns deviating significantly from normal behavior. Related:
Outlier detection. Application: Spotting sudden spikes in gas concentration that may indicate a leak.
Challenge: High false‑positive rates can lead to alarm fatigue among operators.

Artificial Neural Network (ANN) – Computational structures inspired by biological neurons, consisting of
layers of interconnected nodes. Related: Deep learning. Example: Modeling complex relationships between
equipment vibration signatures and failure probability. Challenge: Requires large labeled datasets and
careful regularization to avoid overfitting.

Attention Mechanism – A component that dynamically weights input features, allowing models to focus on
relevant parts of the data. Related: Transformer architecture. Use case: Highlighting critical sections of safety
manuals during automated risk extraction. Challenge: Interpreting attention scores for regulatory
compliance.

Autoencoder – An unsupervised neural network that learns to compress and reconstruct data, often used
for dimensionality reduction. Related: Latent representation. Practical application: Denoising sensor streams
before feeding them to hazard prediction models. Challenge: Selecting appropriate bottleneck size to retain
essential safety information.

Batch Normalization – A technique that normalizes layer inputs during training, accelerating convergence.
Related: Internal covariate shift. Example: Stabilizing training of deep CNNs for image‑based hazard
detection. Challenge: Must be adapted for online learning where batch sizes are small.
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Bayesian Inference – A statistical framework that updates probability estimates as new evidence becomes
available. Related: Prior distribution. Application: Continuously refining the probability of a chemical spill
based on sensor updates. Challenge: Computationally intensive for high‑dimensional hazard models.

Benchmark Dataset – A curated collection of data used to evaluate and compare algorithm performance.
Related: Ground truth. Example: A publicly available set of annotated incident videos for training hazard
detection models. Challenge: Ensuring the dataset reflects the diversity of real‑world occupational
environments.

Boosting – An ensemble method that builds a strong predictor by iteratively adding weak learners focused
on previous errors. Related: Gradient boosting. Use case: Improving predictive accuracy for low‑frequency
injury events. Challenge: Risk of overfitting when noise dominates the error signal.

Catastrophic Forgetting – The tendency of neural networks to lose previously learned information when
trained on new data. Related: Continual learning. Example: Updating a hazard model with recent incident
logs without erasing historical patterns. Challenge: Designing replay or regularization strategies to preserve
past knowledge.

Class Imbalance – A situation where some classes (e.G., “No incident”) vastly outnumber others (e.G.,
“Incident”). Related: Minority class. Practical technique: Using synthetic minority oversampling to improve
detection of rare hazards. Challenge: Avoiding artificial inflation of performance metrics.

Classification Threshold – The probability cut‑off that determines class assignment in binary models.
Related: ROC curve. Example: Setting a higher threshold for alarm activation to reduce false alerts in noisy
environments. Challenge: Balancing sensitivity and specificity to meet safety standards.

Clustering – Unsupervised grouping of data points based on similarity measures. Related: K‑means,
hierarchical clustering. Application: Segmenting similar incident reports to discover common root causes.
Challenge: Selecting appropriate distance metrics for heterogeneous sensor data.

Convolutional Neural Network (CNN) – A deep learning architecture that uses convolutional filters to
capture spatial hierarchies in data. Related: Feature map. Use case: Detecting unsafe postures from video
footage on construction sites. Challenge: Requires extensive labeled video data and careful handling of
privacy concerns.

Cross‑Validation – A model‑assessment technique that partitions data into training and validation subsets
multiple times. Related: K‑fold. Example: Evaluating a hazard prediction model on different temporal slices
of incident logs. Challenge: Preserving temporal order to avoid leakage in time‑series safety data.

Data Augmentation – The process of artificially expanding a dataset by applying transformations. Related:
Synthetic data. Practical application: Rotating and scaling images of equipment to improve robustness of
visual hazard detectors. Challenge: Ensuring augmented data remain realistic for safety analysis.
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Data Drift – A shift in the statistical properties of input data over time, potentially degrading model
performance. Related: Concept drift. Example: Sensor recalibration causing systematic changes in
temperature readings. Challenge: Detecting drift early enough to trigger model retraining without
interrupting operations.

Decision Tree – A flowchart‑like model that splits data based on feature thresholds to make predictions.
Related: CART, Gini impurity. Use case: Rule‑based interpretation of risk factors for quick on‑site decision
support. Challenge: Deep trees can become unstable and overfit limited safety datasets.

Deep Reinforcement Learning (DRL) – Combines deep neural networks with reinforcement learning to
handle high‑dimensional state spaces. Related: Policy gradient. Application: Training autonomous inspection
robots to navigate hazardous environments while minimizing exposure. Challenge: Ensuring safety during
exploration phases and defining appropriate reward structures.

Dimensionality Reduction – Techniques that compress high‑dimensional data into lower dimensions while
preserving essential information. Related: PCA, t‑SNE. Example: Reducing hundreds of sensor channels to a
few latent variables for faster hazard prediction. Challenge: Retaining interpretability crucial for regulatory
reporting.

Ensemble Learning – Combining multiple models to improve overall predictive performance. Related:
Bagging, stacking. Practical use: Merging outputs of a CNN, a random forest, and a gradient‑boosted model
for robust incident forecasting. Challenge: Increased computational cost and complexity in model
management.

Explainable AI (XAI) – Methods that make model decisions understandable to human stakeholders. Related:
SHAP, LIME. Example: Providing a heat map that shows which sensor readings contributed most to a
high‑risk prediction. Challenge: Balancing explanation fidelity with model accuracy in safety‑critical settings.

Feature Engineering – The process of creating informative variables from raw data. Related: Domain
knowledge. Example: Deriving a “cumulative exposure” metric from hourly dust concentration readings.
Challenge: Requires deep occupational health expertise to avoid spurious features.

Feature Selection – Identifying a subset of relevant features to improve model efficiency and interpretability.
Related: Mutual information. Use case: Selecting the most predictive vibration frequencies for machinery
failure risk. Challenge: Maintaining predictive power when the operating environment changes.

Focal Loss – A loss function that down‑weights easy examples and focuses learning on hard, often minority,
cases. Related: Class imbalance. Application: Improving detection of rare, high‑severity incidents in
imbalanced datasets. Challenge: Tuning the focusing parameter to avoid instability.

Gaussian Process (GP) – A non‑parametric Bayesian model that defines a distribution over functions,
providing uncertainty estimates. Related: Kernel function. Example: Modeling spatial hazard intensity across
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a plant floor with confidence intervals. Challenge: Scaling to large sensor networks due to cubic
computational complexity.

Generative Adversarial Network (GAN) – Consists of a generator and discriminator that compete, enabling
realistic synthetic data creation. Related: Data synthesis. Practical use: Generating realistic incident video
clips for training hazard detection models when real footage is scarce. Challenge: Ensuring synthetic data do
not embed unintended biases.

Gradient Boosting Machine (GBM) – An ensemble that builds trees sequentially, each correcting the errors
of its predecessor. Related: XGBoost. Application: Predicting the probability of a safety violation based on
historical log entries. Challenge: Hyperparameter tuning to avoid overfitting on limited incident records.

Hyperparameter Tuning – The systematic adjustment of model settings that are not learned from data.
Related: Grid search, Bayesian optimization. Example: Selecting learning rates and tree depths for a
hazard‑prediction random forest. Challenge: Computational expense when evaluating many combinations
on large occupational datasets.

Imbalanced Learning – Strategies specifically designed to handle datasets where some classes dominate.
Related: Cost‑sensitive learning. Techniques: Using weighted loss functions to penalize misclassification of
high‑severity incidents. Challenge: Determining appropriate cost matrices that reflect real‑world
consequences.

Inference Engine – The component that applies a trained model to new data to generate predictions in
production. Related: Real‑time scoring. Example: A low‑latency inference service that alerts workers when
sensor readings exceed predicted risk thresholds. Challenge: Maintaining latency constraints while
preserving model accuracy.

Instance Segmentation – A computer‑vision task that classifies each pixel and distinguishes individual object
instances. Related: Mask R‑CNN. Use case: Identifying multiple overlapping hazards, such as spilled liquids
and obstructing equipment, in a single frame. Challenge: High annotation cost for pixel‑level labeling.

Interaction Effect – When the combined influence of two variables differs from the sum of their individual
effects. Related: Synergy. Example: The joint impact of temperature and humidity on the likelihood of a slip
incident. Challenge: Detecting and modeling higher‑order interactions without exponential feature
explosion.

K‑Nearest Neighbors (KNN) – A non‑parametric classifier that assigns labels based on the majority class
among the nearest data points. Related: Distance metric. Practical application: Quick, interpretable risk
estimation for new sensor readings using historical incident neighborhoods. Challenge: Computational
inefficiency with large safety datasets.

Kernel Trick – A method that implicitly maps data into higher‑dimensional spaces to make it linearly
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separable. Related: SVM. Example: Applying a radial basis function kernel to separate hazardous from safe
operating conditions in complex sensor manifolds. Challenge: Selecting suitable kernels to avoid
over‑complexity.

Knowledge Distillation – Transferring knowledge from a large “teacher” model to a smaller “student” model
for deployment efficiency. Related: Model compression. Use case: Deploying a lightweight hazard predictor
on edge devices with limited compute. Challenge: Preserving critical safety performance metrics during
compression.

Label Noise – Errors or inconsistencies in the ground‑truth annotations used for training. Related:
Mislabeling. Example: Incorrectly tagging a near‑miss as a non‑incident in historical logs. Challenge: Robust
training techniques, such as loss correction, are needed to mitigate detrimental effects.

Latent Variable – An unobserved variable inferred from observed data, often representing underlying
structure. Related: Hidden state. Application: Extracting a hidden “fatigue level” from wearable sensor
streams to predict ergonomic hazards. Challenge: Validating latent constructs against real‑world
measurements.

Learning Rate Scheduler – A strategy that adjusts the optimizer’s step size during training. Related: Cosine
annealing. Example: Decreasing learning rate as a hazard model converges to fine‑tune predictions.
Challenge: Choosing schedules that avoid premature convergence on suboptimal minima.

Logistic Regression – A linear model that estimates the probability of a binary outcome using the logistic
function. Related: Odds ratio. Practical use: Baseline model for predicting whether a particular shift will
experience an incident. Challenge: Limited ability to capture nonlinear relationships inherent in complex
safety data.

Long Short‑Term Memory (LSTM) – A recurrent neural network architecture designed to capture long‑range
dependencies in sequential data. Related: Gating mechanisms. Application: Modeling time‑series of sensor
readings to forecast imminent equipment failures. Challenge: Training stability and vanishing gradients
when sequences become very long.

Model Drift – Degradation of predictive performance caused by changes in the underlying data distribution
or operating conditions. Related: Performance monitoring. Example: A model trained on legacy machinery
data underperforms after a plant upgrade. Challenge: Establishing automated drift detection pipelines and
retraining triggers.

Multiclass Classification – Predicting one label out of three or more possible categories. Related: Softmax.
Use case: Classifying incident severity as low, medium, or high based on sensor and report features.
Challenge: Handling severe class imbalance across severity levels.

Multimodal Fusion – Combining information from different data modalities (e.G., Audio, video, sensor) to
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improve prediction. Related: Early fusion. Example: Integrating acoustic alarms with vibration data to better
detect machinery faults. Challenge: Aligning asynchronous streams and managing heterogeneous noise
characteristics.

Neural Architecture Search (NAS) – Automated process of discovering optimal network structures for a
given task. Related: Meta‑learning. Practical application: Tailoring a CNN architecture specifically for
low‑light hazard imagery. Challenge: Massive computational demand and ensuring discovered architectures
meet safety certification criteria.

Noise Contrastive Estimation – A technique for estimating probability distributions by contrasting observed
data with artificially generated noise. Related: Unsupervised learning. Example: Training word embeddings
for safety documentation without explicit labels. Challenge: Selecting appropriate noise distribution to avoid
biased representations.

Normalization – Scaling input features to a common range or distribution. Related: Min‑max scaling.
Practical step: Normalizing temperature and pressure sensor readings before feeding them to a hazard
prediction model. Challenge: Handling outliers that can distort scaling parameters.

One‑Hot Encoding – Representing categorical variables as binary vectors with a single high value. Related:
Dummy variables. Use case: Encoding equipment types for input into a random forest hazard classifier.
Challenge: High dimensionality when many categories exist, leading to sparse data issues.

Online Learning – Model training that updates incrementally as new data arrives, suitable for streaming
environments. Related: Incremental update. Example: Continuously refining a risk score as fresh sensor
readings stream from a production line. Challenge: Ensuring stability and preventing catastrophic forgetting
in a safety context.

Overfitting – When a model captures noise instead of underlying patterns, resulting in poor generalization.
Related: Regularization. Example: A deep network that memorizes specific incident IDs but fails on new
scenarios. Challenge: Applying dropout, early stopping, or data augmentation to mitigate.

Parameter Sharing – Reusing the same parameters across different parts of a model, commonly in CNNs
and RNNs. Related: Weight tying. Application: Sharing filters across time steps to detect recurring hazardous
patterns in sensor sequences. Challenge: Ensuring shared parameters do not limit model expressiveness for
diverse hazard types.

Partial Dependence Plot (PDP) – Visualization that shows the marginal effect of a feature on the predicted
outcome. Related: Model interpretability. Example: Depicting how increasing exposure time influences
predicted injury probability. Challenge: Interpreting PDPs when features are highly correlated.

Precision‑Recall Trade‑off – Balancing the proportion of true positive predictions (precision) against the
ability to capture all relevant instances (recall). Related: F1 score. In safety, high recall may be prioritized to
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avoid missed hazards, but excessive false alarms can cause fatigue. Challenge: Selecting operating points
that satisfy regulatory risk thresholds.

Probabilistic Forecasting – Producing a distribution of possible future outcomes rather than a single point
estimate. Related: Predictive intervals. Use case: Estimating a range of probable incident counts for the next
quarter. Challenge: Calibrating predictive intervals to reflect true uncertainty.

Principal Component Analysis (PCA) – Linear dimensionality reduction that projects data onto orthogonal
axes capturing maximal variance. Related: Eigenvectors. Practical step: Reducing hundreds of environmental
sensor dimensions to a handful of principal components for faster model training. Challenge: Loss of
interpretability critical for safety audits.

Privacy‑Preserving Machine Learning – Techniques that protect sensitive data while enabling model training,
such as federated learning or differential privacy. Related: Secure aggregation. Example: Training a hazard
prediction model across multiple facilities without sharing raw incident logs. Challenge: Maintaining model
accuracy under strict privacy budgets.

Probabilistic Graphical Model – Represents variables and their conditional dependencies via a graph
structure. Related: Bayesian network. Application: Modeling causal relationships between equipment
maintenance, environmental conditions, and incident occurrence. Challenge: Learning accurate structure
from limited safety data.

Random Forest – An ensemble of decision trees trained on random subsets of features and data, reducing
variance. Related: Bagging. Use case: Robust classification of incident types from mixed sensor and textual
report inputs. Challenge: Interpreting aggregated tree decisions for regulatory reporting.

Recall – The proportion of actual positive cases correctly identified by the model. Related: Sensitivity. In
hazard prediction, high recall ensures most dangerous situations are flagged. Challenge: Achieving high
recall without inflating false positives, which can erode trust.

Reinforcement Learning (RL) – Learning paradigm where an agent interacts with an environment to
maximize cumulative reward. Related: Policy. Example: Training a robotic inspector to select safe paths while
minimizing exposure time. Challenge: Defining reward functions that truly reflect safety objectives and
avoiding unsafe exploratory actions.

Regularization – Adding constraints or penalties to a loss function to discourage overly complex models.
Related: L1, L2. Practical technique: Applying L2 regularization to a logistic regression hazard model to
prevent extreme coefficient values. Challenge: Selecting regularization strength that balances bias and
variance.

Resampling – Techniques such as oversampling minority classes or undersampling majority classes to
address imbalance. Related: SMOTE. Example: Duplicating rare near‑miss incidents to improve model
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sensitivity. Challenge: Synthetic samples may not capture true variability of hazardous events.

Risk Matrix – A tabular tool that categorizes hazards by likelihood and severity to prioritize mitigation.
Related: Risk assessment. Machine‑learning integration: Using model‑predicted probabilities to populate
the likelihood axis automatically. Challenge: Aligning model outputs with the discrete categories of
traditional matrices.

Robust Scaling – Scaling method that uses median and interquartile range, reducing influence of outliers.
Related: Robust statistics. Application: Preprocessing pollutant concentration data that contains occasional
extreme spikes. Challenge: Preserving meaningful extreme values that may signal genuine hazards.

Sampling Bias – Systematic error introduced when the training data is not representative of the target
population. Related: Selection bias. Example: Collecting data only from well‑maintained equipment, leading
to underestimation of failure risk on older machines. Challenge: Designing data collection protocols that
capture the full spectrum of operating conditions.

Sequence Modeling – Predictive techniques that account for ordered data, such as time‑series or event logs.
Related: Temporal convolution. Use case: Forecasting the next incident based on a chronological series of
sensor alerts. Challenge: Handling irregular time gaps and missing entries common in field data.

Shapley Additive Explanations (SHAP) – A game‑theoretic method that attributes contributions of each
feature to a model’s prediction. Related: Feature importance. Example: Showing how humidity, temperature,
and equipment age jointly raise a hazard score. Challenge: Computational cost for large deep‑learning
models in real‑time settings.

Signal‑to‑Noise Ratio (SNR) – Metric that compares the level of a desired signal to the background noise.
Related: Measurement quality. In hazard detection, a high SNR in vibration data improves fault‑prediction
reliability. Challenge: Maintaining adequate SNR in harsh industrial environments with electromagnetic
interference.

Simulated Annealing – Optimization algorithm inspired by the cooling process of metals, useful for finding
global minima. Related: Metaheuristic. Application: Tuning hyperparameters of a complex hazard model
where gradient‑based methods struggle. Challenge: Selecting annealing schedule to balance exploration
and convergence time.

Spatial Autocorrelation – The tendency for nearby locations to exhibit similar values. Related: Moran’s I.
Example: Higher incident rates clustering around a specific plant zone. Challenge: Incorporating spatial
dependence into predictive models without inflating variance.

Sparse Coding – Representing data as a linear combination of a few basis elements, promoting
interpretability. Related: Dictionary learning. Use case: Extracting a compact set of “hazard signatures” from
high‑dimensional sensor streams. Challenge: Ensuring sparsity does not discard critical safety information.
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Supervised Learning – Training models using input‑output pairs where the desired outcome is known.
Related: Labeled data. Core approach for most hazard prediction tasks, such as classifying incident severity
from annotated reports. Challenge: Acquiring high‑quality labels in a domain where incidents are rare and
reporting may be delayed.

Support Vector Machine (SVM) – A classifier that finds the hyperplane maximizing margin between classes,
often using kernel functions. Related: Hard margin. Practical use: Separating safe versus unsafe operating
regimes in a low‑dimensional feature space. Challenge: Scaling to large datasets common in continuous
monitoring environments.

Temporal Convolutional Network (TCN) – A convolutional architecture designed for sequence data, offering
long‑range receptive fields with causal padding. Related: Dilated convolution. Application: Predicting future
sensor anomalies based on past readings. Challenge: Selecting dilation rates that capture relevant temporal
patterns without over‑parameterization.

Transfer Learning – Leveraging knowledge from a source task to improve performance on a related target
task. Related: Fine‑tuning. Example: Adapting a pre‑trained image classifier to recognize safety‑equipment
compliance in a new industry. Challenge: Avoiding negative transfer when source and target domains differ
substantially.

Tree‑Based Model – Predictive algorithms that partition data recursively using decision nodes, such as
gradient‑boosted trees. Related: CART. Use case: Rapid inference on edge devices for on‑site hazard alerts.
Challenge: Ensuring tree depth does not create overly complex decision rules that are hard to audit.

Under‑Sampling – Reducing the number of majority‑class examples to balance class distribution. Related:
Random under‑sampling. Practical application: Trimming abundant “no‑incident” records to improve model
focus on rare events. Challenge: Discarding potentially valuable information that could aid model
generalization.

Uncertainty Quantification – Assessing the confidence of model predictions, often via probability
distributions or confidence intervals. Related: Epistemic uncertainty. Example: Providing a hazard score with
a 95 % confidence bound to inform risk‑based decision making. Challenge: Integrating uncertainty
estimates into automated control loops without causing over‑cautious behavior.

Variational Autoencoder (VAE) – A generative model that learns a probabilistic latent space, enabling
sampling and reconstruction. Related: KL divergence. Application: Generating realistic sensor noise patterns
to augment training data for robust hazard detection. Challenge: Balancing reconstruction fidelity with
latent space regularization.

Weighted Loss Function – Assigning different importance to errors from various classes or samples during
training. Example: Penalizing false negatives more heavily than false positives in a safety‑critical alarm
system. Challenge: Calibrating weights to reflect true cost of misclassification without destabilizing training.
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Zero‑Shot Learning – Enabling models to recognize classes they have never seen during training by
leveraging auxiliary information. Related: Semantic embedding. Use case: Detecting a newly introduced
hazardous material based on its textual description. Challenge: Limited reliability when auxiliary attributes
are sparse or ambiguous.
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