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Advanced Al OHS Professional Certification

Al-Driven Incident Data Analytics

Artificial Intelligence — The field of computer science that enables machines to mimic human cognition,
learning, reasoning, and perception. Machine learning, neural networks are sub-domains. In OHS, Al can
predict incident trends by analyzing historical data. Example: using Al to flag unsafe conditions from sensor
feeds. Challenge: ensuring algorithmic transparency and avoiding bias in safety predictions.

Algorithmic Bias — Systematic and repeatable error in a computer system that creates unfair outcomes, such
as over- or under-representing certain incident types. Related: fairness, data imbalance. In incident analytics,
biased training data may cause the model to miss rare but critical hazards. Practical mitigation includes
re-sampling techniques and fairness audits.

Anomaly Detection — The process of identifying data points that deviate significantly from the norm. Outlier
analysis, statistical thresholds. In OHS, anomaly detection can surface unexpected spikes in near-miss
reports. Example: a sudden rise in slip-related incidents triggers an investigation. Challenge: setting
sensitivity to avoid false alarms while catching real issues.

Apache Spark — An open-source distributed computing system for big-data processing. Cluster computing,
in-memory analytics. Spark enables rapid processing of large incident logs, supporting real-time
dashboards for safety managers. Example: streaming sensor data through Spark Structured Streaming to
update risk heat maps. Challenge: requires skilled engineers to configure and maintain the cluster.

Attribute Weighting — Assigning relative importance to different incident attributes (e.g., severity, location,
equipment type). Feature importance, scoring models. Weighting helps prioritize investigations;
higher-weight attributes influence predictive models more strongly. Practical use: a weighted scoring matrix
ranks incidents for follow-up. Challenge: subjectivity in determining weights can affect model consistency.

Automation Workflow — A sequence of programmed steps that execute without manual intervention.
Robotic process automation, trigger actions. In incident analytics, an automation workflow might extract
new incident reports, run a classification model, and email the safety team. Example: a nightly job that
updates a risk register. Challenge: handling exceptions and ensuring data quality throughout the pipeline.

Big Data — Extremely large datasets that exceed traditional processing capabilities in volume, velocity, or
variety. Data lakes, scalable storage. OHS incident data from multiple sites, loT sensors, and wearable
devices constitute big data. Example: aggregating 10 TB of incident video footage for pattern analysis.
Challenge: maintaining data governance and privacy compliance at scale.

Classification Model — A supervised learning algorithm that categorizes incidents into predefined classes
(e.g., "near-miss”, “injury”, “fatality”). Logistic regression, decision tree. Example: a model predicts the
likelihood that a reported event will become a recordable injury. Practical application includes triaging

reports for rapid response. Challenge: requires labeled training data and careful handling of class imbalance.
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Cluster Analysis — An unsupervised technique that groups similar incidents based on feature similarity.
K-means, hierarchical clustering. Used to discover hidden patterns such as clusters of incidents occurring
during a specific shift. Example: clustering reveals a group of falls linked to wet floors on Mondays.
Challenge: determining the optimal number of clusters and interpreting results meaningfully.

Correlation Coefficient — A statistical measure that quantifies the strength and direction of a relationship
between two variables. Pearson r, Spearman rho. In incident analytics, a high correlation between
equipment age and failure incidents may guide maintenance schedules. Practical use: informing root-cause
analysis. Challenge: correlation does not imply causation; spurious relationships must be screened.

Cross-Validation — A model-validation technique that partitions data into training and testing subsets
multiple times to assess performance stability. K-fold, hold-out. Ensures that an incident prediction model
generalizes across different sites. Example: 5-fold cross-validation yields an average F1-score of 0.82.
Challenge: computationally intensive for large datasets.

Data Augmentation — Techniques that artificially expand training datasets by creating modified copies of
existing data. Synthetic minority oversampling, image rotation. For rare incident types, augmentation
improves model learning. Example: generating synthetic near-miss reports to balance the dataset.
Challenge: augmented data must remain realistic to avoid misleading the model.

Data Governance — The set of policies, procedures, and standards that ensure data quality, security, and
compliance. Stewardship, access controls. In OHS analytics, governance protects worker privacy while
enabling insight extraction. Practical steps include role-based permissions and audit trails. Challenge:
aligning governance across multinational operations with differing legal regimes.

Data Lake — A centralized repository that stores raw, unstructured, and structured data at any scale.
Schema-on-read, cloud storage. Incident logs, sensor streams, and video footage can reside together for
flexible analysis. Example: using Amazon S3 as a data lake for all safety-related data. Challenge: without
proper cataloging, data can become a "data swamp”.

Data Preprocessing — The series of transformations applied to raw data to prepare it for analysis, including
cleaning, normalization, and encoding. Imputation, scaling. Proper preprocessing reduces noise in incident
models. Example: converting categorical "injury type” into one-hot vectors. Challenge: handling missing or
inconsistent fields without discarding valuable records.

Decision Tree — A supervised learning model that splits data based on feature thresholds to reach a
prediction leaf. Classification tree, regression tree. In OHS, decision trees can illustrate why a particular
incident was classified as high risk. Example: a tree shows that “working at height” + “no fall arrest” leads to
a high-risk leaf. Challenge: trees can overfit; pruning or ensemble methods are often needed.

Deep Learning — A subset of machine learning that uses multilayer neural networks to model complex
patterns. Convolutional networks, recurrent networks. Deep learning can analyze video footage of
workplace incidents to detect unsafe behavior. Example: a CNN flags workers not wearing PPE in real time.
Challenge: requires large labeled datasets and high computational resources.
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Dimensionality Reduction — Techniques that reduce the number of variables while preserving essential
information. Principal component analysis, t-SNE. Reduces model complexity in incident datasets with many
sensor features. Example: PCA compresses 100 sensor readings into 10 principal components for faster
training. Challenge: loss of interpretability when original features are transformed.

Edge Computing — Processing data near its source rather than sending it to a central server. Fog nodes,
latency reduction. Edge devices can perform real-time hazard detection on the shop floor, sending only
alerts to the central analytics platform. Example: a wearable detects a sudden impact and triggers an
on-device classification model. Challenge: limited compute power on edge devices may restrict model size.

Ensemble Method — Combining multiple models to improve predictive performance. Random forest,
boosting. In incident prediction, ensembles often outperform single classifiers. Example: a random forest
aggregates 100 decision trees to achieve higher accuracy in injury severity forecasting. Challenge: increased
complexity and difficulty in model interpretability.

Feature Engineering — The process of creating informative variables from raw data to improve model
performance. Derived metrics, domain knowledge. For OHS analytics, engineered features like "hours since
last safety drill” can be predictive. Example: encoding shift length as a numeric feature improves injury
prediction. Challenge: requires deep domain expertise and iterative experimentation.

Feature Importance — Metrics that indicate how much each input variable contributes to a model’s
predictions. Permutation importance, SHAP values. Helps safety professionals understand drivers of risk.
Example: SHAP analysis shows “machine maintenance overdue” as the top contributor to near-miss events.
Challenge: interpreting importance for complex models like deep neural networks can be non-trivial.

Forecasting Model — A statistical or machine-learning approach that predicts future incident counts or
severity levels. Time-series analysis, ARIMA. Forecasting helps allocate resources proactively. Example: an
ARIMA model predicts a 15% rise in hand-tool injuries for the next quarter. Challenge: seasonality and
external factors (e.g., new legislation) can reduce accuracy.

Ground Truth — The accurate, verified data used as a benchmark for training and evaluating models.
Labeling, validation set. In incident analytics, ground truth may be manually reviewed incident reports.
Example: a team of safety experts annotates 2000 video clips to create a ground-truth dataset for PPE
detection. Challenge: obtaining high-quality ground truth is time-consuming and costly.

Hazard Identification — The systematic process of recognizing potential sources of harm. Risk assessment,
JSA. Al-driven analytics can surface previously unseen hazards by mining incident narratives. Example:
natural-language processing extracts “exposed wiring” from 5000 reports, highlighting a recurring electrical
hazard. Challenge: language nuances and industry-specific jargon can hinder accurate extraction.

Imbalanced Dataset — A dataset where some classes have far fewer examples than others, common in safety
data where severe injuries are rare. Minority class, oversampling. Imbalance leads to models that ignore rare
but critical events. Practical remedy: use SMOTE or class-weighting during training. Challenge: synthetic
oversampling may introduce unrealistic patterns.
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Incident Classification — Assigning each recorded incident to a predefined category such as “environmental”,
"mechanical”, or "human error”. Taxonomy, labeling schema. Accurate classification enables targeted
interventions. Example: a classifier automatically tags 80 % of new reports with the correct hazard type.
Challenge: ambiguous incidents may belong to multiple categories, requiring multi-label approaches.

Incident Management System (IMS) — Software platforms that capture, track, and analyze workplace
incidents. Workflow automation, reporting. Al modules can be integrated into an IMS to provide predictive
alerts. Example: the IMS flags a high-risk incident within minutes of entry, prompting immediate supervisor
review. Challenge: ensuring seamless integration without disrupting existing workflows.

Incident Narrative Mining — Applying natural-language processing to free-text descriptions of incidents to
extract insights. Topic modeling, entity extraction. This technique can reveal hidden patterns such as
recurring “slip on oil” phrases. Example: LDA identifies three dominant topics across 10000 narratives.
Challenge: handling misspellings, abbreviations, and multilingual text.

Inference Engine — The component of an Al system that applies learned rules or models to new data to
generate predictions. Reasoning, rule-based system. In OHS, the inference engine may assess real-time
sensor inputs and output a risk score. Example: an engine evaluates temperature and humidity to infer
heat-stress risk. Challenge: latency constraints require efficient model deployment.

loT Sensors — Devices that collect and transmit data about environmental conditions, equipment status, or
worker biometrics. Wearables, edge nodes. |oT feeds enrich incident datasets with continuous
measurements. Example: vibration sensors detect early signs of machine wear, reducing breakdown-related
injuries. Challenge: ensuring sensor calibration and data security across the network.

Knowledge Graph — A structured representation of entities and their relationships, often used to model
safety domains. Ontology, semantic network. Knowledge graphs can link incidents to assets, procedures,
and regulatory requirements. Example: a graph shows that “forklift operation” is connected to “load
imbalance” and "operator training”. Challenge: building and maintaining an up-to-date graph requires
ongoing curation.

Label Propagation — A semi-supervised learning technique where labels spread from a small set of labeled
nodes to unlabeled ones based on graph connectivity. Transductive learning, graph algorithms. Useful for
expanding incident classifications when only a fraction of reports are manually labeled. Example: 500
labeled incidents propagate labels to 4500 unlabeled reports with 85 % accuracy. Challenge: propagation
errors can amplify if the graph structure is noisy.

Logistic Regression — A statistical model that predicts the probability of a binary outcome based on input
features. Sigmoid function, odds ratio. Frequently used for binary safety predictions such as “injury vs. no
injury”. Example: a logistic model estimates a 0.07 probability of a recordable injury given current shift
conditions. Challenge: assumes linear relationships in the log-odds space, which may not capture complex
interactions.

Model Drift - The degradation of a model’s performance over time due to changes in underlying data
distributions. Concept drift, performance monitoring. In OHS, new safety equipment or procedures can
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cause drift. Practical mitigation includes periodic retraining and automated drift detection alerts. Example:
after a new PPE policy, model accuracy drops from 92 % to 78 %; a retraining cycle restores performance.
Challenge: detecting drift early enough to prevent erroneous risk assessments.

Natural Language Processing (NLP) — Techniques for enabling computers to understand, interpret, and
generate human language. Tokenization, sentiment analysis. NLP extracts key entities from incident reports,
such as “equipment type"” or "root cause”. Example: a named-entity recognizer tags “hydraulic press” and
"operator fatigue” in a report. Challenge: domain-specific vocabularies and abbreviations require custom
models.

Neural Network — A computational architecture inspired by biological neurons, consisting of layers of
interconnected nodes. Backpropagation, activation functions. Neural networks underpin deep-learning
models for image-based safety monitoring. Example: a multilayer perceptron predicts the likelihood of a
chemical spill based on sensor inputs. Challenge: requires careful hyperparameter tuning and can be a
"black box".

Outlier Removal — The process of eliminating extreme values that may skew model training. Interquartile
range, Z-score. In incident datasets, outliers might represent data entry errors rather than true anomalies.
Example: removing records with incident durations > 24 hours when typical durations are under 2 hours.
Challenge: distinguishing genuine rare events from erroneous data.

Predictive Maintenance — Using analytics to anticipate equipment failures before they occur, reducing
incident risk. Condition monitoring, failure modes. Models forecast when a machine is likely to malfunction
based on vibration and temperature trends. Example: a predictive algorithm schedules a bearing
replacement 3 days before a failure, averting a potential injury. Challenge: integrating maintenance
schedules with production constraints.

Probability Distribution — A mathematical function that describes the likelihood of different outcomes.
Normal, Poisson. Incident counts often follow a Poisson distribution, informing statistical control charts.
Example: modeling daily injury counts with a Poisson distribution helps identify statistically significant
spikes. Challenge: real-world data may exhibit overdispersion, requiring alternative distributions.

Python — A high-level programming language widely used for data science and Al development. Pandas,
scikit-learn. Safety analysts use Python to clean incident logs, build models, and generate visualizations.
Example: a Jupyter notebook processes 1 million incident rows in under 5 minutes. Challenge: ensuring code
reproducibility and managing library version dependencies.

Quiality Assurance (QA) — Systematic activities to ensure that data and models meet predefined standards.
Validation, testing. QA processes verify that incident analytics pipelines produce accurate, reliable outputs
before deployment. Example: a QA checklist confirms that missing values are imputed consistently across all
data sources. Challenge: balancing thorough QA with rapid delivery timelines.

Real-Time Analytics — The immediate processing and analysis of streaming data to produce actionable
insights as events occur. Latency, streaming platforms. In OHS, real-time analytics can alert supervisors the
moment an unsafe condition is detected. Example: a Kafka stream triggers an alarm within 2 seconds of a
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fall detection sensor activation. Challenge: maintaining low latency while handling high data volumes.

Recall (Sensitivity) — A metric that measures the proportion of actual positive cases correctly identified by a
model. True positives, false negatives. High recall is critical in safety contexts to ensure that hazardous
incidents are not missed. Example: a model achieves 0.94 recall for detecting recordable injuries. Challenge:
increasing recall often reduces precision, leading to more false alarms.

Regression Model — A predictive model that estimates a continuous outcome, such as the number of
incidents per month. Linear regression, ridge regression. Regression helps forecast resource needs for safety
programs. Example: a ridge regression predicts a 12 % increase in lost-time injuries for the upcoming
quarter. Challenge: multicollinearity among predictors can inflate variance.

Root Cause Analysis (RCA) — A systematic approach to uncover the underlying reasons for an incident.
Fishbone diagram, 5Whys. Al can assist RCA by surfacing recurring patterns across large datasets. Example:
clustering reveals that most ladder falls share the root cause “absence of guardrails”. Challenge:
Al-generated suggestions must be validated by human experts to avoid misattribution.

Safety Culture Index — A composite metric derived from survey responses, incident data, and behavioral
observations to gauge organizational safety attitudes. Composite score, benchmarking. Al models can
predict future safety culture scores based on leading indicators. Example: a regression model forecasts a
5-point dip after a major restructuring. Challenge: quantifying intangible cultural factors remains subjective.

Scalable Architecture — System design that can handle increasing workloads by adding resources
horizontally or vertically. Microservices, containerization. A scalable analytics platform ensures that growing
incident data does not degrade performance. Example: deploying analytics services in Kubernetes pods
allows automatic scaling during peak reporting periods. Challenge: orchestrating dependencies and
maintaining data consistency across scaled components.

Semantic Search — Retrieval technique that uses meaning rather than keyword matching to find relevant
documents. Embedding vectors, cosine similarity. Enables safety professionals to locate past incidents with
similar contexts quickly. Example: a query “electrical arc near water” returns incidents where both terms
appear in different sections of the report. Challenge: building high-quality embeddings for domain-specific
terminology.

Sentiment Analysis — NLP method that determines the emotional tone behind a body of text. Polarity,
subjectivity. Analyzing worker feedback can reveal morale trends that correlate with incident rates. Example:
a sudden rise in negative sentiment precedes a spike in near-miss reports. Challenge: sarcasm and idiomatic
expressions can mislead sentiment classifiers.

Shapley Additive Explanations (SHAP) — A game-theoretic approach to explain individual predictions by
assigning each feature an importance value. Local interpretability, feature contribution. SHAP helps safety
analysts understand why a model flagged a specific incident as high risk. Example: SHAP plot shows
"excessive noise level” contributed 0.23 to the risk score. Challenge: computational cost can be high for
large models.
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Supervised Learning — Machine-learning paradigm where models are trained on labeled data to make
predictions. Classification, regression. Most incident prediction tasks use supervised learning because
historical incident labels are available. Example: a supervised random forest predicts injury severity from
sensor and report features. Challenge: obtaining accurate labels for all records can be labor-intensive.

Support Vector Machine (SVM) — A classification algorithm that finds the hyperplane maximizing margin
between classes. Kernel trick, linear separability. SVMs can handle high-dimensional incident feature spaces.
Example: an SVM separates “near-miss” from “recordable injury” with 88 % accuracy. Challenge: scaling to
millions of records may require approximation techniques.

Time-Series Forecasting — Predicting future values based on previously observed sequential data points.
Seasonality, trend decomposition. Incident counts often exhibit weekly or monthly cycles, making
time-series models valuable. Example: an exponential smoothing model predicts a 10 % rise in slip incidents
during the rainy season. Challenge: abrupt policy changes can break historical patterns.

Transfer Learning — Reusing a pre-trained model on a new, related task to reduce training time and data
requirements. Fine-tuning, domain adaptation. Safety teams can fine-tune a generic image-recognition
model to detect PPE compliance in a specific plant. Example: a ResNet pre-trained on ImageNet achieves
92 % accuracy after 5epochs of fine-tuning on plant images. Challenge: domain shift may still require
substantial labeled data.

Under-Sampling — Reducing the number of majority-class examples to balance class distribution. Random
under-sampling, cluster centroids. Helps prevent models from being biased toward the majority class in
incident datasets. Example: down-sampling “no-injury” records to match the count of “injury” records
improves recall. Challenge: discarding potentially useful information from the majority class.

Unstructured Data — Information that does not follow a predefined data model, such as text, images, or
audio. Free-text reports, video footage. Unstructured data holds rich context for incident analysis but
requires advanced processing. Example: extracting hazard cues from incident videos using computer vision.
Challenge: higher storage costs and processing complexity compared to structured tables.

Validation Set — A subset of data used to tune model hyperparameters and assess performance before final
testing. Hold-out, cross-validation. Separating a validation set prevents overfitting to the training data.
Example: a 10 % validation split guides learning-rate selection for a neural network. Challenge: ensuring the
validation set is representative of real-world incident distributions.

Variable Importance — Ranking of input features based on their impact on model predictions, often derived
from tree-based models. Gini importance, permutation score. Enables safety managers to focus on the most
influential risk factors. Example: variable importance shows “machine age” as the top predictor of
equipment-related injuries. Challenge: different algorithms may produce divergent importance rankings.

Visualization Dashboard — Interactive interface that displays key metrics, charts, and alerts for incident
analytics. KPIs, drill-down. Dashboards help stakeholders monitor safety performance in real time. Example:
a heat-map dashboard highlights high-risk zones on a plant layout. Challenge: designing intuitive
visualizations that avoid information overload.
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Weight of Evidence (WoE) — A technique that transforms categorical variables into continuous values based

on the log odds of the target variable. Information value, binning. WoE aids credit-scoring-style risk models
in OHS. Example: converting “training completed” into WoE improves logistic regression stability. Challenge:
requires careful binning to avoid over-fitting.

Zero-Shot Learning — A method where a model can recognize classes it has never seen during training by
leveraging semantic relationships. Attribute vectors, semantic embeddings. Useful for detecting emerging
incident types without labeled examples. Example: a zero-shot model flags a new chemical exposure
incident based on learned attribute similarities. Challenge: performance often lower than fully supervised
models, requiring robust semantic representations.
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