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Global Certificate in AI for Veterinary Medicine

Computer Vision in Veterinary Diagnostics

Computer Vision in veterinary diagnostics is a rapidly expanding field that combines image‑based
technology with artificial intelligence to assist clinicians in the detection, classification, and monitoring of
animal health conditions. This glossary‑style explanation covers the most important terms and concepts
that learners will encounter in the Global Certificate in AI for Veterinary Medicine. Each entry includes a
definition, practical examples relevant to veterinary practice, typical applications, and common challenges.
The material is organized to facilitate self‑study, allowing students to refer back to specific terms while
building a comprehensive mental model of how computer vision operates in a clinical context.

Pixel – The smallest unit of a digital image, representing a single point of color or intensity. In a radiograph
of a canine forearm, each pixel corresponds to a tiny area of bone or soft tissue. High‑resolution images
contain more pixels, providing finer detail that can improve the performance of segmentation algorithms
but also increase computational load.

Resolution – The total number of pixels in an image, often expressed as width × height (e.G., 1920 × 1080).
In veterinary imaging, higher resolution may be required for detecting subtle fractures in small animals,
while lower resolution can suffice for gross anatomical surveys. A trade‑off exists between resolution,
storage requirements, and processing speed.

Image Acquisition – The process of capturing raw visual data using devices such as digital radiography
units, ultrasound probes, CT scanners, or cameras. Proper acquisition protocols (consistent exposure,
positioning, and calibration) are essential to ensure that the data fed into computer‑vision models are of
sufficient quality. Poor acquisition can introduce noise, artifacts, or bias that degrade model performance.

Modality – The specific imaging technique employed, each providing distinct types of information. Common
veterinary modalities include:

- Radiography (plain X‑ray) – Useful for skeletal assessments, thoracic screening, and detecting foreign
bodies.
- Ultrasound – Provides real‑time soft‑tissue visualization, often used for abdominal organ evaluation or
reproductive monitoring.
- Computed Tomography (CT) – Offers cross‑sectional images with high contrast for bone, lung, and
complex anatomical structures.
- Magnetic Resonance Imaging (MRI) – Delivers superior soft‑tissue contrast, valuable for neurological and
musculoskeletal disorders.

Understanding the strengths and limitations of each modality helps learners select appropriate datasets for
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training and validation.

Annotation – The act of labeling images with ground‑truth information such as class names, bounding
boxes, masks, or key points. Annotations are created by veterinary experts or trained technicians using tools
like LabelImg or VGG Image Annotator. Accurate annotation is critical; mislabeled data can mislead a model,
leading to systematic diagnostic errors.

Bounding Box – A rectangular region that encloses an object of interest, defined by its top‑left and
bottom‑right coordinates. In a study of canine hip dysplasia, a bounding box might surround the femoral
head to indicate the area for further analysis. Bounding boxes are the simplest form of object localization
and are commonly used in detection pipelines such as YOLO.

Mask – A pixel‑wise binary map that delineates the exact shape of an object, used in segmentation tasks.
For example, a mask can outline a mammary tumor on a CT slice, enabling precise volumetric measurement.
Masks require more detailed annotation than bounding boxes but provide richer information for
downstream analysis.

Segmentation – The process of partitioning an image into meaningful regions, often separating foreground
(e.G., A lesion) from background (e.G., Surrounding tissue). Two primary types are:

- Semantic Segmentation – Assigns each pixel a class label (e.G., Bone, muscle, tumor).
- Instance Segmentation – Distinguishes individual objects of the same class (e.G., Multiple nodules in a
lung scan).

Segmentation models such as U‑Net or DeepLab are frequently employed in veterinary oncology to
quantify tumor burden.

Classification – Assigning a single label to an entire image or a region of interest. A classic veterinary
example is classifying skin lesions in a horse as benign or malignant based on a photograph. Classification
models output probabilities for each class, often using a softmax activation to ensure they sum to one.

Object Detection – Locating and classifying objects within an image, producing both a class label and a
bounding box. In dairy cattle health monitoring, object detection can automatically locate udder quarters in
infrared images to assess temperature asymmetry indicative of mastitis.

Training Set – The subset of annotated data used to teach a model the relationship between inputs (images)
and outputs (labels). In a veterinary dataset, the training set may contain 5,000 radiographs of cats and dogs
with annotated fractures. The diversity and representativeness of the training set influence the model’s
ability to generalize.

Validation Set – A separate portion of data used during model development to tune hyper‑parameters and
prevent overfitting. For instance, after each epoch of training a fracture detection model, performance on
the validation set is measured to decide whether to adjust learning rate or add regularization.
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Test Set – The final, untouched dataset used to evaluate the fully trained model’s performance. In a
certification exam, the test set might consist of 1,000 unseen images from multiple species to assess the
model’s robustness across different animal anatomies.

Overfitting – When a model learns the training data too well, including noise and irrelevant patterns,
causing poor performance on new data. Overfitting is a common pitfall in veterinary computer vision
because datasets are often limited in size and variety. Techniques such as dropout, early stopping, and data
augmentation help mitigate this risk.

Underfitting – Occurs when a model is too simple to capture the underlying structure of the data, resulting
in low accuracy even on the training set. An underfit model might be a shallow neural network applied to
complex CT images, failing to detect subtle tumor margins.

Data Augmentation – Artificially expanding the training set by applying transformations such as rotation,
scaling, flipping, or intensity shifts. For example, rotating a set of canine radiographs by small angles can
simulate different positioning, enhancing the model’s ability to handle real‑world variability. Care must be
taken to avoid unrealistic augmentations that could introduce bias.

Transfer Learning – Leveraging a model pre‑trained on a large generic dataset (e.G., ImageNet) and
fine‑tuning it on a specific veterinary task. This approach reduces the need for massive annotated veterinary
datasets. A common workflow involves taking a pre‑trained ResNet‑50 model and retraining the final layers
to detect avian wing fractures.

Pre‑trained Model – A neural network that has already learned generic visual features from a broad dataset.
Using a pre‑trained model accelerates development and often improves performance, especially when
veterinary data are scarce.

Feature Extraction – The process of deriving informative representations from raw pixel data, typically
performed by the early layers of a convolutional neural network (CNN). Features might capture edges,
textures, or more abstract patterns like bone trabeculae in a radiograph.

Deep Learning – A subset of machine learning that uses neural networks with many layers to automatically
learn hierarchical features. Deep learning has driven recent breakthroughs in veterinary image analysis,
enabling end‑to‑end pipelines from raw images to diagnostic predictions.

Neural Network – A computational model composed of interconnected nodes (neurons) organized in layers.
Each neuron applies a weighted sum of its inputs followed by an activation function. The network learns by
adjusting weights to minimize a loss function.

Layer – A collection of neurons that process input data in parallel. Common layer types include
convolutional, pooling, fully‑connected, and normalization layers.

Convolutional Layer – The core building block of CNNs, applying a set of learnable filters (kernels) across
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the image to detect local patterns. In veterinary imaging, early convolutional layers may detect edges of
bone, while deeper layers capture more complex anatomical structures.

Activation Function – A non‑linear transformation applied after each layer to introduce complexity. The
most widely used activation in modern vision models is ReLU (Rectified Linear Unit), which outputs zero for
negative inputs and passes positive values unchanged.

ReLU – Short for Rectified Linear Unit; a simple yet effective activation that speeds up training by avoiding
vanishing gradients.

Softmax – An activation applied to the final classification layer that converts raw scores (logits) into a
probability distribution over classes. Softmax ensures that the sum of probabilities equals one, facilitating
interpretation of model confidence.

Loss Function – A metric that quantifies the discrepancy between predicted outputs and ground‑truth
labels. The model aims to minimize this value during training. Common loss functions include cross‑entropy
for classification and Dice loss for segmentation.

Cross‑Entropy Loss – Measures the difference between two probability distributions; widely used for
multi‑class classification tasks such as differentiating between bacterial, viral, and fungal skin infections.

Dice Loss – A similarity metric derived from the Dice coefficient, emphasizing overlap between predicted
and true masks. Dice loss is especially useful when segmenting small structures like the feline pancreas,
where class imbalance is severe.

Optimizer – An algorithm that updates network weights based on gradients of the loss function. Popular
optimizers include Stochastic Gradient Descent (SGD) with momentum, Adam, and RMSprop.

Gradient Descent – The iterative process of moving weights in the direction that reduces loss, guided by the
gradient (partial derivative) of the loss with respect to each weight.

Learning Rate – A hyper‑parameter that controls the size of weight updates during optimization. A learning
rate that is too high can cause divergence, while a rate that is too low may lead to slow convergence.
Adaptive learning‑rate schedules (e.G., Cosine annealing) are often used in veterinary image training.

Batch Size – The number of training samples processed before the model’s weights are updated. Larger
batches provide more stable gradient estimates but require more memory. In practice, batch sizes of 16–32
images are common for 3‑D CT volumes due to GPU memory constraints.

Epoch – One full pass through the entire training dataset. Training a fracture detection model may require
50–100 epochs, with early stopping based on validation loss to avoid overfitting.

Inference – The stage where a trained model processes new, unseen data to generate predictions. In a
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clinical setting, inference must be fast enough to fit within typical workflow times, often requiring real‑time
or near‑real‑time performance.

Real‑Time – Processing that occurs with minimal latency, typically under 100 ms per image. Real‑time
inference enables applications such as live ultrasound guidance during bovine reproductive examinations.

Pipeline – The sequence of steps that transform raw images into actionable outputs, including acquisition,
preprocessing, model inference, and post‑processing. A well‑designed pipeline ensures reproducibility and
facilitates integration with veterinary information systems.

Preprocessing – Operations applied to raw images before feeding them into a model. Common steps
include normalization (scaling pixel values to a standard range), resizing, and noise reduction. For example,
histogram equalization can improve contrast in low‑quality radiographs of small rodents.

Post‑Processing – Techniques applied after model inference to refine results. Examples include
non‑maximum suppression to eliminate duplicate detections, morphological operations to smooth
segmentation masks, and thresholding to convert probability maps into binary decisions.

Ground Truth – The authoritative label or annotation used as a reference for training and evaluating models.
In veterinary research, ground truth may be established by consensus of board‑certified specialists
reviewing each image.

Annotation Tools – Software applications that facilitate the creation of ground‑truth data. Tools such as
CVAT or RectLabel allow veterinarians to draw bounding boxes, polygons, and keypoint markers directly on
diagnostic images.

Keypoint – A specific location of interest, often represented by coordinates. In gait analysis, keypoints might
correspond to the hip, knee, and ankle joints of a horse captured in a video sequence.

Region Proposal Network (RPN) – A component of two‑stage detectors (e.G., Faster R‑CNN) that generates
candidate object locations before classification. RPNs reduce the number of regions that need to be
examined, improving efficiency for complex veterinary images.

YOLO – Acronym for “You Only Look Once,” a family of single‑stage object detectors that predict bounding
boxes and class probabilities directly from the full image. YOLOv5 and its successors are popular for rapid
detection of lesions in veterinary ultrasound videos.

Faster R‑CNN – A two‑stage detector that first proposes regions via an RPN and then classifies each region.
Faster R‑CNN offers higher accuracy than single‑stage models but at greater computational cost, making it
suitable for offline analysis of high‑resolution CT scans.

SSD – “Single Shot MultiBox Detector,” another single‑stage architecture that balances speed and accuracy.
SSD models have been adapted for detecting parasites in fecal smear images due to their ability to handle
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multiple scales.

ResNet – A deep CNN architecture that introduces residual connections, allowing very deep networks (e.G.,
101 Layers) to be trained without degradation. ResNet variants are frequently fine‑tuned for veterinary bone
fracture detection because they preserve fine‑grained features.

VGG – An earlier CNN architecture characterized by a simple, uniform stack of convolutional layers. Though
less efficient than ResNet, VGG models remain useful for educational purposes and for tasks where
computational resources are limited.

Inception – A network that employs parallel convolutional kernels of different sizes within the same layer,
capturing multi‑scale information. Inception modules have been employed to analyze multi‑organ
ultrasound scans in exotic pets.

MobileNet – A lightweight CNN designed for mobile and edge devices, using depthwise separable
convolutions to reduce parameters. MobileNet enables on‑farm deployment of disease detection models
on smartphones or handheld ultrasound units.

Attention Mechanism – A method that allows a model to focus on the most relevant parts of an image
when making predictions. Vision Transformers (ViT) incorporate attention to achieve state‑of‑the‑art
performance on large datasets, and are beginning to be explored for veterinary histopathology.

Transformer – An architecture originally devised for natural language processing that relies on self‑attention
to model long‑range dependencies. Vision Transformers adapt this concept to image patches, offering
competitive accuracy for tasks such as whole‑slide tumor classification.

Explainability – The degree to which the internal workings of a model can be understood by humans. In
veterinary practice, explainability is crucial for gaining clinician trust and meeting regulatory standards.

Interpretability – Similar to explainability, but often refers to the ability to map model outputs to clinically
meaningful concepts. Techniques like Grad‑CAM provide visual explanations by highlighting image regions
that influenced a decision.

Saliency Map – A visual representation that shows which pixels most strongly affect a model’s output. For
example, a saliency map over a canine lung X‑ray may illuminate the area of a suspected pneumonia
infiltrate, supporting the veterinarian’s assessment.

Grad‑CAM – Gradient‑Weighted Class Activation Mapping, a method that produces coarse localization
maps using gradients flowing into the final convolutional layer. Grad‑CAM is widely used to validate that a
skin lesion classifier is focusing on the lesion rather than background fur.

Model Deployment – The process of integrating a trained model into a production environment where it
can be accessed by end users. Deployment may involve containerization (Docker), orchestration
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(Kubernetes), or direct embedding into veterinary imaging software.

Edge Computing – Performing inference on devices close to the data source (e.G., A farm‑mounted camera)
rather than sending data to a remote server. Edge computing reduces latency, conserves bandwidth, and
enhances privacy—important considerations when monitoring herd health in real time.

Cloud Computing – Using remote servers to store data and run computationally intensive tasks such as
model training. Cloud platforms provide scalable resources, making it feasible to train large 3‑D CT models
for equine orthopedic research.

Regulatory Considerations – Legal and compliance requirements governing the use of AI in veterinary
diagnostics. Regulations may address device classification, validation standards, data protection, and
post‑market surveillance. Understanding these rules is essential for translating a prototype model into a
marketable product.

Data Privacy – Protecting the confidentiality of animal owners’ and institutions’ data. Anonymization
techniques (removing owner identifiers, blurring faces) must be applied before sharing images for
collaborative research.

Ethical Issues – Concerns related to bias, accountability, and the impact of automation on veterinary jobs.
For instance, an AI system that performs poorly on under‑represented species could exacerbate health
disparities.

Clinical Workflow Integration – The manner in which AI tools are embedded into everyday veterinary
practice. Seamless integration requires user‑friendly interfaces, compatibility with picture archiving and
communication systems (PACS), and minimal disruption to existing procedures.

Validation Metrics – Quantitative measures used to assess model performance. Selecting appropriate
metrics depends on the clinical question and the cost of errors.

Accuracy – The proportion of correct predictions among all predictions. While intuitive, accuracy can be
misleading in imbalanced datasets common in veterinary imaging (e.G., Rare tumor types).

Precision – The fraction of true positive predictions among all positive predictions. High precision indicates
few false positives, which is critical when false alarms could lead to unnecessary invasive procedures.

Recall – The fraction of true positives identified among all actual positives. High recall ensures that few true
cases are missed, vital for screening tasks such as early detection of mastitis.

F1 Score – The harmonic mean of precision and recall, providing a single metric that balances both. The F1
score is often used when class distribution is skewed, as in rare disease detection.

ROC Curve – Receiver Operating Characteristic curve, plotting true‑positive rate (recall) against
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false‑positive rate at various threshold settings. The area under the ROC curve (AUC) summarizes overall
discriminative ability.

AUC – Area Under the ROC Curve; a value of 1.0 Denotes perfect discrimination, while 0.5 Indicates random
guessing. AUC is frequently reported for binary classification models such as “fracture vs. No fracture.”

Confusion Matrix – A table that displays counts of true positives, false positives, true negatives, and false
negatives. The matrix provides a detailed view of model errors, enabling targeted improvements (e.G.,
Reducing false negatives in a life‑threatening condition).

Sensitivity – Synonymous with recall; the ability of a test to correctly identify diseased animals.

Specificity – The ability of a test to correctly identify healthy animals (true negative rate). In mastitis
screening, high specificity reduces unnecessary antibiotic treatment.

Positive Predictive Value (PPV) – The probability that a positive test result corresponds to a true disease
case. PPV is influenced by disease prevalence; in low‑prevalence settings, even a model with high sensitivity
may have modest PPV.

Negative Predictive Value (NPV) – The probability that a negative test result truly indicates absence of
disease. High NPV is essential for ruling out serious conditions such as neoplasia.

False Positive – An incorrect prediction where the model indicates disease when none exists. Excessive false
positives can erode clinician confidence and increase costs.

False Negative – An incorrect prediction where the model fails to detect disease. False negatives are
especially dangerous in critical applications like detecting spinal cord compression.

Bias – Systematic error introduced by the data or model that leads to inaccurate predictions for certain
groups. In veterinary datasets, bias can arise from over‑representation of companion animals versus farm
animals.

Variance – The degree to which a model’s predictions fluctuate with changes in the training data. High
variance often manifests as overfitting, where performance on the training set is excellent but degrades on
new data.

Domain Shift – The change in data distribution between training and deployment environments. For
example, a model trained on high‑resolution CT scans from a university hospital may perform poorly on
lower‑field scans from a rural clinic.

Class Imbalance – A situation where some categories have many more examples than others. In veterinary
pathology, benign lesions may vastly outnumber malignant ones, requiring techniques such as weighted
loss or oversampling to avoid bias.
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Rare Disease Detection – The identification of infrequent conditions, which challenges models due to
limited training examples. Strategies include synthetic data generation (GANs), few‑shot learning, and
hierarchical classification.

Multi‑Modal Fusion – Combining information from different imaging modalities (e.G., CT and MRI) or from
imaging and non‑imaging sources (e.G., Lab results). Fusion can improve diagnostic accuracy, such as
integrating radiographic and blood‑test data to predict osteoarthritis severity.

Image Registration – Aligning images from different times, viewpoints, or modalities into a common
coordinate system. Registration is critical for longitudinal studies, such as tracking tumor shrinkage across
successive CT scans in a canine patient.

Stitching – Merging adjacent image tiles to create a larger field‑of‑view composite. In veterinary
dermatology, high‑resolution microscopy images of skin biopsies may be stitched to visualize the entire
lesion.

3D Reconstruction – Generating a volumetric representation from a series of 2D slices (e.G., CT or MRI). 3D
reconstructions allow veterinarians to visualize complex anatomy, such as the cranial cavity of a rabbit, and
to perform virtual measurements.

Volumetric Analysis – Quantifying the size of a structure in three dimensions. Volumetric tumor burden is a
key endpoint in oncology trials for dogs with osteosarcoma, and computer vision can automate this
measurement.

Histopathology – The microscopic examination of tissue sections to diagnose disease. Digital pathology
enables whole‑slide imaging, which can be processed by AI to classify neoplastic vs. Inflammatory lesions in
feline lymph nodes.

Digital Pathology – The practice of scanning histology slides into high‑resolution digital images. These
images serve as input for deep‑learning models that can assist pathologists by highlighting regions of
interest.

Whole Slide Imaging (WSI) – The acquisition of an entire microscope slide at high resolution, producing
gigapixel files. WSI requires specialized handling (tiling, memory management) for efficient AI processing.

Stain Normalization – Adjusting color variations caused by different laboratory staining protocols to a
common appearance. Normalization improves model generalization across slides prepared in different
veterinary labs.

Object Tracking – Following the movement of an object across frames in a video sequence. In equine gait
analysis, tracking the hoof trajectory can reveal subtle lameness that may be missed by visual inspection.

Motion Analysis – Quantifying movement patterns, often using keypoint trajectories. AI‑driven motion
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analysis can detect abnormal swimming patterns in aquatic mammals, aiding in the assessment of
musculoskeletal health.

Behavior Monitoring – Using video data to assess normal versus abnormal activities. Computer vision can
automatically detect signs of distress in farm animals, such as reduced feeding behavior, by analyzing
camera feeds.

Gait Analysis – The study of locomotion, typically involving high‑speed video or pressure‑sensing mats. AI
models can extract stride length, stance time, and limb symmetry, providing objective metrics for
orthopedic evaluation.

Thermal Imaging – Capturing infrared radiation to visualize temperature distribution. In dairy cows, thermal
imaging can reveal localized udder inflammation before clinical signs appear, enabling early intervention.

Infrared (IR) – A segment of the electromagnetic spectrum used for thermal imaging. IR cameras are
non‑invasive and can be deployed in barns for continuous health monitoring.

Hyperspectral Imaging – Acquiring images across many narrow wavelength bands, providing rich spectral
information. In veterinary dermatology, hyperspectral data can differentiate between fungal and bacterial
infections based on subtle spectral signatures.

Point Cloud – A set of data points defined in three‑dimensional space, often generated by LiDAR or
structured light scanners. Point clouds can be used to reconstruct the external surface of a horse’s limb for
precise prosthetic fitting.

LiDAR – Light Detection and Ranging, a technology that measures distance by illuminating a target with
laser light and analyzing the reflected pulses. LiDAR is being explored for creating detailed 3‑D models of
large animals in outdoor environments.

Segmentation Mask – A binary image where pixels belonging to a target structure are labeled ‘1’ and all
other pixels are ‘0’. Masks are essential for calculating volumetric measurements such as tumor size in a
canine CT scan.

Dice Coefficient – A similarity metric ranging from 0 to 1 that quantifies the overlap between predicted and
ground‑truth masks. A Dice score of 0.90 Indicates excellent agreement and is often used as a benchmark
for organ segmentation tasks.

Intersection over Union (IoU) – The ratio of the area of overlap between predicted and ground‑truth
bounding boxes to the area of their union. IoU thresholds (e.G., 0.5) Determine whether a detection is
considered correct.

Non‑Maximum Suppression (NMS) – A post‑processing step that removes redundant overlapping
detections, retaining only the highest‑scoring box for each object. NMS improves the clarity of detection
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outputs in crowded scenes, such as multiple nodules in a lung scan.

Anchor Box – Pre‑defined box shapes used by object detectors to predict object locations. Properly chosen
anchor sizes improve detection of objects with varying dimensions, such as small parasites versus large
organ lesions.

Feature Pyramid Network (FPN) – An architecture that combines features from multiple scales to enhance
detection of both small and large objects. FPNs are effective for detecting tiny lesions in high‑resolution
veterinary images.

Batch Normalization – A technique that normalizes layer inputs across a mini‑batch, stabilizing training and
allowing higher learning rates. Batch normalization is commonly incorporated into deep networks for
veterinary imaging to accelerate convergence.

Dropout – A regularization method that randomly disables a fraction of neurons during training, reducing
overfitting. Dropout rates of 0.2–0.5 Are typical when training models on limited veterinary datasets.

Ensemble Learning – Combining predictions from multiple models to improve robustness. An ensemble of
three different CNN architectures may yield higher accuracy for detecting spinal cord compression in dogs
than any single model alone.

Cross‑Validation – Partitioning data into multiple folds and training/testing across different splits to obtain a
more reliable performance estimate. K‑fold cross‑validation (e.G., K = 5) is often used when the dataset is
modest in size.

Hyper‑Parameter – A configuration setting that influences model training but is not learned from data (e.G.,
Learning rate, optimizer type, number of layers). Hyper‑parameter tuning can be performed using grid
search, random search, or Bayesian optimization.

Grid Search – Exhaustively evaluating a predefined set of hyper‑parameter combinations. While
computationally intensive, grid search can identify optimal settings for small parameter spaces in veterinary
projects.

Random Search – Sampling hyper‑parameter configurations randomly, often more efficient than grid search
for high‑dimensional spaces. Random search is useful when exploring many possible learning‑rate and
batch‑size values.

Bayesian Optimization – A probabilistic method that builds a surrogate model of the performance surface
to select promising hyper‑parameter settings. Bayesian optimization can reduce the number of training runs
needed to achieve high performance.

Model Compression – Reducing the size of a trained network while preserving accuracy, enabling
deployment on resource‑constrained devices. Techniques include pruning, quantization, and knowledge
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distillation.

Pruning – Removing redundant neurons or filters from a network to reduce computational load. Pruned
models can run faster on edge devices, such as a handheld ultrasound unit used in field triage.

Quantization – Converting weights from 32‑bit floating‑point to lower‑precision formats (e.G., 8‑Bit integer)
to accelerate inference. Quantized models retain most of their predictive power while using less memory,
facilitating on‑device deployment.

Knowledge Distillation – Training a smaller “student” model to mimic the outputs of a larger “teacher”
model. Distillation can produce lightweight models that achieve near‑teacher performance, useful for rapid
screening of skin lesions in small animal clinics.

Explainable AI (XAI) – A set of methods that make AI decisions transparent and understandable. In
veterinary diagnostics, XAI helps clinicians verify that a model’s focus aligns with anatomical knowledge,
thereby increasing trust.

Model Drift – The gradual degradation of model performance over time due to changes in data distribution.
Continuous monitoring and periodic retraining are necessary to address drift, especially when new imaging
equipment is introduced.

Continuous Learning – Updating a model incrementally as new labeled data become available, without
retraining from scratch. This approach can keep a fracture detection system current as novel imaging
protocols emerge.

Federated Learning – Training a shared model across multiple institutions while keeping each site’s data
locally, thereby preserving privacy. Federated learning enables collaborative development of a mastitis
detection model across dairy farms without exchanging raw images.

Model Interpretability – The extent to which a model’s internal mechanics can be mapped to
human‑readable concepts. Techniques such as concept activation vectors (CAVs) can reveal whether a
model associates certain texture patterns with disease.

Concept Activation Vector (CAV) – A vector that quantifies the relationship between a high‑level concept
(e.G., “Calcification”) and a model’s internal representation. CAVs can be used to test whether a
bone‑density classifier truly learns the intended concept.

Adversarial Attack – Deliberate manipulation of input images to cause a model to make incorrect
predictions. In veterinary contexts, an adversarially perturbed radiograph could falsely hide a fracture,
highlighting the need for robust defenses.

Robustness – The ability of a model to maintain performance under perturbations such as noise,
compression artifacts, or varying lighting conditions. Robust models are essential for field‑deployed devices
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that encounter uncontrolled environments.

Statistical Significance – A measure indicating that an observed effect is unlikely to be due to chance alone.
When comparing two diagnostic AI systems, statistical tests (e.G., McNemar’s test) can determine whether
performance differences are meaningful.

Confidence Interval – A range of values that likely contains the true metric (e.G., Sensitivity) with a given
probability (usually 95%). Reporting confidence intervals provides clinicians with an estimate of
measurement uncertainty.

Power Analysis – A calculation to determine the sample size needed to detect a given effect size with a
specified confidence level. Power analysis guides the design of veterinary AI studies, ensuring that results
are statistically reliable.

Dataset Bias – Systematic skew in the data that can lead to unfair or inaccurate predictions for certain
subpopulations. For instance, a dataset composed mainly of images from purebred dogs may not
generalize well to mixed‑breed populations.

Domain Adaptation – Techniques that adjust a model trained on one domain (source) to perform well on
another domain (target). Unsupervised domain adaptation can align feature distributions between
high‑field MRI scans and lower‑field scans common in community clinics.

Self‑Supervised Learning – Learning useful representations from unlabeled data by solving pretext tasks
(e.G., Image rotation prediction). This paradigm is valuable in veterinary AI where labeled data are scarce
but large collections of unlabeled images exist.

Contrastive Learning – A form of self‑supervised learning that pulls together representations of similar
images and pushes apart those of different images. Contrastive methods have been applied to learn
embeddings for clustering similar lesions across species.

Embedding – A compact vector representation of an image that captures its salient features. Embeddings
enable similarity search, such as retrieving past cases of similar fracture patterns from a veterinary image
archive.

Nearest Neighbor Search – Finding the most similar embeddings to a query image. This technique can
assist veterinarians by presenting analogous cases with known outcomes, supporting decision‑making.

Metric Learning – Training models to produce embeddings where distances reflect semantic similarity.
Metric learning can improve the retrieval of relevant cases in a veterinary diagnostic database.

Zero‑Shot Learning – Enabling a model to recognize classes it has never seen during training by leveraging
semantic descriptions. In veterinary medicine, zero‑shot learning could allow detection of a newly emerging
parasite species based on textual attributes.
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Few‑Shot Learning – Training models to generalize from only a few examples per class. Few‑shot techniques
are valuable for rare diseases where only limited annotated images exist.

Generative Adversarial Network (GAN) – A framework consisting of a generator that creates synthetic
images and a discriminator that distinguishes real from fake. GANs can augment veterinary datasets by
producing realistic-looking radiographs of uncommon conditions.
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