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Professional Certificate in Quantum Al Solutions for Biomedical Engineering (United States)

Machine Learning Algorithms for Molecular Imaging

Machine Learning algorithms have become essential tools for extracting quantitative information from
molecular imaging data. In the context of biomedical engineering, these algorithms enable the
transformation of raw pixel or voxel intensities into clinically actionable insights. The following glossary
presents the most important terms and concepts that students will encounter in the Professional Certificate
in Quantum Al Solutions for Biomedical Engineering. Each entry includes a concise definition, illustrative
example, practical application, and discussion of typical challenges. The goal is to provide a ready-to-use
reference that can be consulted while designing, implementing, or evaluating a molecular imaging
workflow.

Supervised Learning — A learning paradigm in which the algorithm is trained on a dataset that includes both
input data (e.G., Images) and corresponding target labels (e.G., Disease status). The model learns a mapping
from inputs to outputs by minimizing a predefined loss function. Example: Training a convolutional neural
network (CNN) to classify PET scans as “tumor” or “normal”. Practical application: Automated detection of
metastatic lesions in whole-body PET/CT. Challenge: Acquiring enough accurately annotated images,
especially for rare disease subtypes, can be costly and time-consuming.

Unsupervised Learning — Algorithms that operate on unlabeled data, seeking to discover inherent structure
such as clusters or low-dimensional manifolds. Example: Applying k-means clustering to radiomic feature
vectors extracted from MRI to identify subpopulations of glioma patients. Practical application:
Unsupervised phenotyping of tumor microenvironments based on multiplexed fluorescence imaging.
Challenge: Interpreting the meaning of clusters without external validation, and ensuring that discovered
patterns are not artifacts of noise or preprocessing.

Reinforcement Learning — A framework where an agent learns to make sequential decisions by interacting
with an environment and receiving scalar rewards. In molecular imaging, reinforcement learning can be
used to optimize acquisition parameters in real time. Example: A policy network that adjusts MRI pulse
sequence timings to maximize contrast-to-noise ratio while respecting safety limits. Practical application:
Autonomous control of PET scanner timing to reduce patient radiation dose. Challenge: Defining a reward
that balances image quality, acquisition speed, and patient safety, and ensuring stable convergence in
high-dimensional parameter spaces.

Classification — The task of assigning discrete labels to input samples. In imaging, common labels include
disease presence, molecular subtype, or imaging modality. Example: A support vector machine (SVM)
trained on texture features from fluorescence microscopy to differentiate between apoptotic and necrotic
cells. Practical application: Triaging pathology slides for rapid review. Challenge: Handling class imbalance
when one label (e.G., “Positive”) is far less frequent than the other.
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Regression — Predicting a continuous value from input data. Example: Using a random forest regressor to
estimate standardized uptake value (SUV) from low-dose PET images. Practical application: Dose-reduction
strategies that reconstruct full-dose quantitative metrics from sparse data. Challenge: Ensuring that
regression errors do not propagate into clinical decision thresholds.

Clustering — Grouping similar data points without prior labels. Example: Hierarchical clustering of
mass-spectrometry imaging (MSI) spectra to delineate metabolic zones within a tumor. Practical application:
Identifying tumor heterogeneity for targeted therapy planning. Challenge: Selecting the appropriate
distance metric and number of clusters, especially when data are high-dimensional and noisy.

Dimensionality Reduction — Techniques that compress high-dimensional data into a lower-dimensional
representation while preserving essential information. Example: principal component analysis (PCA) applied
to 3-D MRI voxels to reduce computational load before feeding data to a deep network. Practical
application: Accelerating training of volumetric models for whole-body imaging. Challenge: Loss of subtle
molecular signatures that may be crucial for diagnosis.

Feature Extraction — The process of computing informative descriptors from raw images. Features can be
handcrafted (e.G., Histogram of oriented gradients) or learned automatically by deep networks. Example:
Extracting first-order statistics (mean, variance) and texture features (GLCM) from PET images to feed a
logistic regression model. Practical application: Radiomics pipelines that predict therapy response.
Challenge: Ensuring reproducibility across scanners and imaging protocols.

Overfitting — When a model captures noise or spurious patterns in the training data, resulting in poor
generalization to new data. Example: A deep CNN with many layers that achieves 99 % accuracy on the
training set but only 70 % on an independent test set of PET scans. Practical application: Detecting
overfitting early using validation curves. Challenge: Distinguishing genuine performance gains from
memorization, especially when data are limited.

Underfitting — A model that is too simple to capture the underlying relationship, leading to high error on
both training and test data. Example: Using a linear regression model on highly non-linear fluorescence
intensity curves. Practical application: Choosing a more expressive architecture (e.G., Adding hidden layers)
to improve fit. Challenge: Balancing model complexity with computational resources.

Cross-Validation — A statistical technique for estimating model performance by partitioning data into
multiple train-test splits. Example: 5-Fold cross-validation of a radiomics classifier on a cohort of 200 PET/CT
studies. Practical application: Robust hyperparameter tuning when a separate validation set is unavailable.
Challenge: Ensuring that patient-level splits prevent data leakage, especially when multiple scans per patient
exist.

Training Set — The subset of data used to fit model parameters. Example: 80 % Of a curated MRI dataset
used to train a U-Net segmentation network. Practical application: Building a strong baseline model before
fine-tuning on a target domain. Challenge: Maintaining a representative distribution of disease stages and
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scanner types.

Test Set — A held-out dataset reserved for final performance assessment, never seen by the model during
training or hyperparameter selection. Example: A set of 50 unseen PET scans used to report final
classification accuracy. Practical application: Providing unbiased performance metrics for regulatory
submissions. Challenge: Acquiring a test set that matches the intended clinical population.

Validation Set — A subset used to monitor learning progress and guide hyperparameter choices. Example: A
10 % split from the training data used to evaluate early-stopping criteria for a deep network. Practical
application: Preventing over-training by stopping when validation loss plateaus. Challenge: Avoiding
indirect leakage through repeated hyperparameter sweeps.

Hyperparameter — Configuration settings that are not learned from data but control the learning process
(e.G., Learning rate, number of trees). Example: Setting the depth of a gradient-boosted decision tree to 6.
Practical application: Grid or Bayesian search to identify optimal hyperparameters for a radiomics model.
Challenge: High-dimensional hyperparameter spaces can be computationally expensive to explore.

Loss Function — A scalar measure of model error that the optimization algorithm seeks to minimize.
Example: Binary cross-entropy for tumor vs. Normal classification. Practical application: Customizing loss
functions (e.G., Focal loss) to address class imbalance in rare disease detection. Challenge: Selecting a loss
that aligns with clinical objectives, such as maximizing sensitivity while controlling false positives.

Gradient Descent — An iterative optimization algorithm that updates model parameters in the direction of
steepest descent of the loss. Example: Standard stochastic gradient descent (SGD) used to train a 3-D CNN
on PET volumes. Practical application: Enabling end-to-end learning of feature extraction and classification.
Challenge: Choosing appropriate learning rates to avoid divergence or stagnation.

Stochastic Gradient Descent — A variant of gradient descent that computes gradients on mini-batches rather
than the full dataset, improving speed and generalization. Example: Updating weights after each batch of 32
MRI slices. Practical application: Scaling training to large imaging repositories. Challenge: Variance in
gradient estimates can cause noisy convergence, requiring learning-rate schedules.

Adam Optimizer — An adaptive learning-rate algorithm that combines momentum and RMSProp ideas.
Example: Using Adam with a base learning rate of 1e-4 to fine-tune a pretrained ResNet on fluorescence
microscopy images. Practical application: Accelerating convergence on heterogeneous molecular imaging
data. Challenge: Adam’s default settings may lead to over-fitting; careful tuning of epsilon and weight decay
is often needed.

Learning Rate — The step size for parameter updates during optimization. Example: A learning rate decay
schedule that reduces the rate by 10 % every 5 epochs. Practical application: Preventing overshooting of
minima in complex loss landscapes. Challenge: Too high a learning rate can cause divergence; too low can
stall training.
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Regularization — Techniques that add constraints to the loss to discourage complex models, thereby
reducing over-fitting. Example: L2 weight decay applied to a deep CNN for PET segmentation. Practical
application: Improving robustness of models to noise in low-dose imaging. Challenge: Selecting the
regularization strength that balances bias and variance.

L1 Regularization — Adds the absolute value of weights to the loss, promoting sparsity. Example: L1 penalty
on a linear model to select a small subset of radiomic features. Practical application: Creating interpretable
models that highlight the most predictive biomarkers. Challenge: Sparse solutions may discard subtle but
clinically relevant features.

L2 Regularization — Adds the squared magnitude of weights to the loss, encouraging small but non-zero
coefficients. Example: L2 regularization applied to the fully connected layers of a 3-D U-Net. Practical
application: Stabilizing training on high-resolution molecular images. Challenge: Excessive L2 can overly
shrink weights, reducing model capacity.

Dropout — Randomly disables a fraction of neurons during each training iteration, preventing co-adaptation.
Example: 0.5 Dropout applied after each convolutional block in a CNN for PET classification. Practical
application: Improving generalization when training on limited datasets. Challenge: Dropout may interfere
with batch-norm statistics if not handled correctly.

Batch Normalization — Normalizes activations within a mini-batch to accelerate training and reduce internal
covariate shift. Example: Inserting batch-norm layers after each convolution in a 3-D encoder. Practical
application: Enabling higher learning rates for faster convergence on large imaging volumes. Challenge:
Batch-norm behavior differs during inference; careful handling of running statistics is required.

Activation Function — A non-linear transformation applied to neuron outputs. Common examples include
RelLU, sigmoid, and softmax. Example: ReLU used in hidden layers of a CNN for fluorescence image
segmentation. Practical application: Ensuring model non-linearity necessary for complex pattern
recognition. Challenge: Choosing activations that avoid vanishing gradients, especially in deep architectures.

RelLU — Rectified Linear Unit, defined as max(0, x). Example: ReLU after each convolution in a PET-to-CT
translation network. Practical application: Sparse activations that speed up inference on GPUs. Challenge:
"Dead” ReLU units can appear if learning rates are too high.

Sigmoid — A squashing function mapping inputs to (0, 1), often used for binary classification outputs.
Example: Sigmoid output layer predicting presence of a molecular marker in a PET scan. Practical
application: Direct probabilistic interpretation of model predictions. Challenge: Sigmoid saturates for large
magnitude inputs, leading to slow learning.

Softmax — Generalization of sigmoid for multi-class problems, producing a probability distribution across
classes. Example: Softmax layer in a CNN that distinguishes among three tumor subtypes on multimodal
MRI. Practical application: Enabling confidence-based decision support. Challenge: Softmax can be
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over-confident; calibration techniques may be needed.

Pooling — Down-sampling operation that reduces spatial resolution while retaining salient features. Example:
Max-pooling with a 2 x 2 window in a CNN processing PET slices. Practical application: Decreasing memory
footprint for volumetric networks. Challenge: Excessive pooling may discard fine-grained molecular details
crucial for diagnosis.

Encoder-Decoder — Architecture that first compresses input data (encoder) and then reconstructs it
(decoder). Example: A U-Net that encodes a high-resolution fluorescence image and decodes a
segmentation mask. Practical application: Pixel-wise labeling of tumor boundaries in molecular imaging.
Challenge: Balancing encoder depth with decoder capacity to avoid bottleneck artifacts.

Autoencoder — An unsupervised encoder-decoder that learns to reconstruct its input, often used for
denoising or dimensionality reduction. Example: A convolutional autoencoder trained on noisy MRI volumes
to produce clean reconstructions. Practical application: Preprocessing low-dose PET images before
downstream classification. Challenge: Autoencoders may learn identity mapping without meaningful
compression if not regularized.

Generative Adversarial Network — Consists of a generator that creates synthetic data and a discriminator
that distinguishes real from fake. Example: A GAN that synthesizes missing CT slices from paired PET data.
Practical application: Data augmentation for rare molecular imaging modalities. Challenge: Training
instability, mode collapse, and difficulty ensuring generated images preserve quantitative fidelity.

Transfer Learning — Reusing knowledge from a source task (often trained on large natural image datasets) to
improve performance on a target task with limited data. Example: Fine-tuning a pretrained ResNet-50 on a
small set of fluorescent microscopy images. Practical application: Accelerating model deployment for new
molecular probes. Challenge: Domain shift between source and target modalities can limit transferability;
careful layer freezing is required.

Domain Adaptation — Techniques that reduce discrepancy between source and target data distributions.
Example: Adversarial domain adaptation that aligns feature distributions from preclinical mouse PET and
human PET scans. Practical application: Enabling models trained on animal data to be applied clinically.
Challenge: Measuring and validating that adapted features retain biological relevance.

Data Augmentation — Artificially expanding training datasets by applying transformations such as rotation,
scaling, or intensity jitter. Example: Random elastic deformations applied to MRI patches during CNN
training. Practical application: Mitigating over-fitting when only a few annotated scans are available.
Challenge: Augmentations must respect physical constraints of molecular imaging (e.G., Preserving
anatomical relationships).

Image Preprocessing — Steps applied to raw images before analysis, including normalization, registration,
and artifact removal. Example: Intensity normalization of PET scans to a common SUV range. Practical
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application: Ensuring that models receive consistent input across sites. Challenge: Variations in scanner
calibration and reconstruction algorithms can introduce systematic bias.

Normalization — Scaling image intensities to a standard range, often zero-mean and unit-variance. Example:
Z-score normalization of voxel intensities across a cohort of MRI volumes. Practical application: Improving
convergence of gradient-based optimizers. Challenge: Outlier voxels (e.G., Due to motion) can skew
normalization; robust statistics may be needed.

Histogram Equalization — Adjusts the intensity distribution to enhance contrast. Example: Applying CLAHE
(contrast-limited adaptive histogram equalization) to fluorescence images before segmentation. Practical
application: Revealing faint molecular signals that would otherwise be invisible. Challenge: Can amplify
noise, leading to false positives in downstream classification.

Denoising — Removing random noise while preserving signal. Example: Using a non-local means filter on
low-dose PET data. Practical application: Improving quantitative accuracy of SUV measurements. Challenge:
Over-smoothing can erase subtle molecular heterogeneity.

Segmentation — Partitioning an image into regions of interest (ROIs) that correspond to anatomical or
functional structures. Example: A U-Net that segments tumor volume on PET/CT. Practical application:
Automated tumor delineation for radiotherapy planning. Challenge: Inter-observer variability in
ground-truth masks creates noisy training labels.

Registration — Aligning images from different modalities or time points into a common coordinate system.
Example: Rigid registration of PET to MRI for multimodal fusion. Practical application: Enabling voxel-wise
comparison of molecular signatures across modalities. Challenge: Non-rigid deformations due to patient
movement or organ motion require sophisticated algorithms.

Atlas-Based Segmentation — Uses a pre-defined anatomical atlas to guide segmentation. Example: Applying
a brain atlas to segment PET images into gray matter, white matter, and cerebrospinal fluid. Practical
application: Standardizing ROI definitions across studies. Challenge: Atlas mismatch for diseased anatomy
can lead to inaccurate labeling.

Region of Interest — A specific area selected for focused analysis. Example: A spherical ROl placed around a
suspected metastasis in a PET scan. Practical application: Extracting quantitative metrics (e.G., Mean SUV) for
statistical testing. Challenge: Manual ROI placement introduces user bias; automated methods must be
validated.

Voxel — The three-dimensional analogue of a pixel, representing a volume element in 3-D imaging. Example:
A 2mm x 2mm x 2mm voxel in a PET scan. Practical application: Voxel-wise statistical maps in functional
imaging. Challenge: Partial-volume effects cause mixing of tissue types within a voxel, complicating
quantitative analysis.
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Pixel — The smallest unit in a 2-D image. Example: A 512 x 512 pixel fluorescence image. Practical
application: Pixel-level classification of cellular phenotypes. Challenge: Limited spatial resolution can hinder
detection of sub-cellular molecular patterns.

Resolution — The smallest distinguishable detail in an image, often expressed in millimeters or micrometers.
Example: A PET scanner with 4 mm spatial resolution. Practical application: Determining the feasibility of
detecting small lesions. Challenge: Trade-off between resolution and signal-to-noise ratio; higher resolution
often reduces counts per voxel.

Signal-to-Noise Ratio — Ratio of meaningful signal intensity to background noise. Example: SNR of 20dB in
a low-dose CT scan. Practical application: Guiding acquisition parameters to achieve diagnostic quality.
Challenge: Low SNR can degrade model performance; advanced denoising algorithms may be required.

Contrast — Visual distinction between structures based on intensity differences. Example: High contrast
between tumor and surrounding tissue in a Gadolinium-enhanced MRI. Practical application: Leveraging
contrast agents to highlight molecular targets. Challenge: Variable contrast uptake across patients can
confound model generalization.

Positron Emission Tomography — A nuclear imaging modality that detects gamma photons emitted from
radiotracers. Example: ~18F-FDG PET used to assess glucose metabolism in tumors. Practical application:
Quantifying metabolic activity for treatment response monitoring. Challenge: Limited spatial resolution and
radiation dose constraints.

SINGLE-Photon Emission Computed Tomography — Imaging technique that captures gamma photons from
radionuclides without coincidence detection. Example: A99MTc-based SPECT for myocardial perfusion
imaging. Practical application: Functional assessment of cardiac tissue. Challenge: Lower sensitivity than PET,
requiring robust reconstruction algorithms.

Magnetic Resonance Imaging — Non-ionizing imaging method that exploits nuclear spin properties.
Example: Diffusion-weighted MRI for mapping cell density. Practical application: Multiparametric MRI for
prostate cancer grading. Challenge: Susceptibility artifacts and long acquisition times can limit throughput.

Computed Tomography — X-ray based imaging that reconstructs cross-sectional anatomy. Example:
Low-dose CT for lung nodule detection. Practical application: Providing anatomical context for PET
functional data. Challenge: Radiation exposure necessitates dose-reduction strategies.

Optical Imaging — Techniques that use visible or near-infrared light to visualize molecular probes. Example:
Fluorescence microscopy with a targeted antibody conjugated to a near-infrared dye. Practical application:
Intra-operative guidance of tumor resection. Challenge: Limited tissue penetration depth and
autofluorescence background.

Fluorescence Imaging — Subtype of optical imaging that detects emitted light from excited fluorophores.
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Example: Multiplexed imaging of immune cell markers in tumor biopsies. Practical application: Spatial
mapping of the tumor microenvironment. Challenge: Spectral overlap among fluorophores requires careful
unmixing algorithms.

Raman Spectroscopy — Measures vibrational energy shifts to identify molecular composition. Example:
Raman imaging of lipid distribution in breast tissue. Practical application: Label-free detection of
biochemical alterations. Challenge: Weak signal intensity demands long acquisition times and sophisticated
denoising.

Mass Spectrometry Imaging — Generates spatially resolved mass spectra, revealing molecular distribution.
Example: MALDI-MSI of drug metabolites across a tumor section. Practical application: Pharmacokinetic
mapping at the tissue level. Challenge: Large data volumes and complex preprocessing pipelines.

Radiomics — Extraction of high-throughput quantitative features from medical images. Example: Shape,
texture, and intensity features derived from PET lesions. Practical application: Building predictive models of
therapy response. Challenge: Feature reproducibility across scanners and segmentation methods.

Radiogenomics — Integration of radiomic features with genomic data to uncover genotype-phenotype
relationships. Example: Correlating PET texture features with EGFR mutation status in lung cancer. Practical
application: Non-invasive molecular profiling. Challenge: Aligning imaging and genomic datasets, handling
high dimensionality.

Feature Selection — Process of identifying a subset of relevant features for model building. Example: Using
recursive feature elimination to pick the top 15 radiomic features for a survival model. Practical application:
Reducing model complexity and improving interpretability. Challenge: Avoiding selection bias and ensuring
selected features are biologically meaningful.

Principal Component Analysis — Linear dimensionality reduction that projects data onto orthogonal axes of
maximal variance. Example: Compressing 200 radiomic features into 10 principal components before
classification. Practical application: Visualizing feature space and reducing computational load. Challenge:
Components may mix heterogeneous biological signals, making interpretation difficult.

t-SNE — Non-linear technique for visualizing high-dimensional data in 2-D or 3-D. Example: Plotting clusters
of MSI spectra to reveal metabolic subtypes. Practical application: Exploratory data analysis to discover
hidden patterns. Challenge: Results are sensitive to perplexity and can misrepresent global structure.

UMAP — Uniform Manifold Approximation and Projection, another non-linear visualization tool. Example:
Embedding of deep feature vectors from PET images to assess separation between responders and
non-responders. Practical application: Rapid assessment of feature discriminability. Challenge: Parameter
tuning (n_neighbors, min_dist) is required for meaningful embeddings.

Random Forest — Ensemble of decision trees built on random subsets of data and features. Example: A
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random forest classifier that predicts tumor grade from radiomic features. Practical application: Robust
performance with limited hyperparameter tuning. Challenge: Trees may become correlated if features are
highly redundant, reducing ensemble benefit.

Support Vector Machine - Classifier that finds a hyperplane maximizing margin between classes. Example:
SVM with a radial basis function kernel applied to texture features from PET. Practical application: Effective
for high-dimensional, small-sample problems. Challenge: Kernel selection and scaling of features are critical
for good performance.

K-Nearest Neighbors — Non-parametric classifier that assigns labels based on the majority vote of the k
closest training samples. Example: K-NN used to classify fluorescence images of cells based on intensity
histograms. Practical application: Simple baseline for quick prototyping. Challenge: Computationally
expensive at inference time for large datasets, and sensitive to the choice of distance metric.

Decision Tree — Hierarchical model that splits data based on feature thresholds. Example: A shallow decision
tree that predicts high-risk lesions from SUVmax and tumor volume. Practical application: Easy
interpretability for clinicians. Challenge: Prone to over-fitting; pruning is often required.

Gradient Boosting — Sequentially builds weak learners (usually decision trees) where each new learner
corrects errors of the previous ensemble. Example: XGBoost model for predicting overall survival from
radiomic and clinical variables. Practical application: State-of-the-art performance on tabular imaging data.
Challenge: Careful regularization needed to avoid over-fitting, especially with noisy features.

XGBoost — An optimized implementation of gradient boosting that includes regularization, parallel
processing, and handling of missing values. Example: XGBoost applied to a combined radiomics-genomics
dataset for personalized therapy selection. Practical application: Fast training on large feature sets.
Challenge: Hyperparameter tuning (e.G., Max_depth, learning_rate) can be time-consuming.

LightGBM — Gradient boosting framework that grows trees leaf-wise rather than level-wise, offering speed
advantages. Example: LightGBM used to rank candidate biomarkers from PET image features. Practical
application: Efficient model training on high-dimensional data. Challenge: Leaf-wise growth may lead to
over-fitting on small datasets if not properly regularized.

CatBoost — Gradient boosting library that handles categorical features natively and reduces prediction shift.
Example: CatBoost model that incorporates categorical clinical variables (e.G., Smoking status) with imaging
features. Practical application: Seamless integration of mixed data types. Challenge: Requires careful
handling of missing values and feature preprocessing.

Ensemble Methods — Techniques that combine predictions from multiple models to improve robustness.
Example: Stacking a CNN, random forest, and logistic regression to predict treatment response. Practical
application: Achieving higher accuracy than any single model. Challenge: Increased complexity in model
management and interpretability.
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Bagging — Bootstrap aggregating, where multiple models are trained on random subsets of data and their
predictions are averaged. Example: Bagged decision trees for robust classification of PET lesions. Practical
application: Reducing variance of unstable learners. Challenge: May not improve performance if base
learners are already stable.

Boosting — Sequentially trains models where each focuses on the errors of the previous one. Example:
AdaBoost applied to weak classifiers for early detection of molecular signatures in fluorescence images.
Practical application: Improving sensitivity to subtle patterns. Challenge: Sensitive to noisy labels;
mislabelled samples can be amplified.

Stacking — Combines different models by using their outputs as inputs to a meta-learner. Example: A
meta-model that fuses predictions from a CNN, a random forest, and a support vector machine for PET/CT
tumor classification. Practical application: Leveraging complementary strengths of diverse algorithms.
Challenge: Requires careful cross-validation to avoid information leakage.

Model Interpretability — The degree to which a model's internal mechanics can be understood by humans.
Example: Using SHAP values to explain which radiomic features drive a gradient-boosted model's prediction
of tumor aggressiveness. Practical application: Gaining clinician trust and meeting regulatory transparency
requirements. Challenge: Deep neural networks are inherently opaque; post-hoc explanations may be
approximations.

SHAP Values — Shapley Additive exPlanations that attribute a contribution to each feature for a particular
prediction. Example: SHAP plot showing that SUVmax and texture heterogeneity contribute most to a
high-risk classification. Practical application: Feature-level insight for personalized medicine. Challenge:
Computationally intensive for large datasets and deep models.

LIME — Local Interpretable Model-agnostic Explanations that approximate the model locally with a simple
surrogate. Example: LIME applied to a CNN's prediction on a PET slice to highlight salient regions. Practical
application: Visual explanations for clinicians reviewing Al-assisted reports. Challenge: Explanations depend
on the locality definition and may vary across runs.

Saliency Maps — Gradient-based visualizations that indicate which input pixels most influence a model's
output. Example: A saliency map overlay on a fluorescence image showing the nucleus as the decisive
region for cell classification. Practical application: Confirming that the model focuses on biologically relevant
structures. Challenge: Noisy gradients can produce diffuse or misleading maps; smoothing techniques are
often needed.

Explainable Al — A broader field encompassing methods that make Al decisions transparent and
accountable. Example: Integrating SHAP, counterfactual analysis, and rule extraction into a radiomics
workflow for PET imaging. Practical application: Meeting FDA guidance on Al transparency for medical
devices. Challenge: Balancing explanation fidelity with computational overhead.
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Bias-Variance Trade-off — The relationship between model complexity, training error (bias), and sensitivity to
data fluctuations (variance). Example: A highly complex CNN may have low bias but high variance on a
limited PET dataset. Practical application: Selecting model capacity that minimizes total expected error.
Challenge: Quantifying bias and variance in practice requires repeated resampling experiments.

Model Deployment — The process of integrating a trained model into a production environment for
real-time or batch inference. Example: Deploying a TensorFlow serving instance that processes incoming
PET scans and returns segmented tumor masks. Practical application: Delivering Al-enhanced diagnostics to
radiology workstations. Challenge: Ensuring compatibility with hospital PACS, managing GPU resources, and
maintaining version control.

Cloud Computing — Use of remote servers to store data and run computational workloads. Example:
Training a large 3-D CNN on AWS EC2 GPU instances with distributed data parallelism. Practical application:
Scaling experiments to thousands of imaging studies without local hardware constraints. Challenge: Data
security, transfer latency, and compliance with HIPAA.

Edge Computing — Performing computation close to the data source, such as on a scanner’s onboard
hardware. Example: Running a lightweight inference engine on a PET scanner to provide immediate lesion
detection. Practical application: Reducing latency for intra-operative decision making. Challenge: Limited
memory and processing power compared to cloud resources.

GPU Acceleration — Leveraging graphics processing units for parallel computation, especially useful for deep
learning. Example: CuDNN-optimized training of a 3-D ResNet on PET volumes. Practical application:
Shortening training time from weeks to days. Challenge: Ensuring reproducibility across different GPU
architectures and driver versions.

Scalability — Ability of an algorithm to handle increasing data volume or model size without
disproportionate performance loss. Example: A distributed training pipeline that scales from a single GPU to
a multi-node cluster for high-resolution MSI datasets. Practical application: Future-proofing research
pipelines as imaging repositories grow. Challenge: Communication overhead and synchronization
bottlenecks can limit linear scaling.

Reproducibility — The capacity to obtain consistent results when the same analysis is repeated. Example:
Using Docker containers to encapsulate the environment for a PET radiomics study. Practical application:
Facilitating peer review and regulatory audit. Challenge: Stochastic elements (random seeds,
nondeterministic GPU operations) must be controlled.

Data Provenance — Documentation of the origin, transformations, and lineage of data. Example: Tracking the
sequence of preprocessing steps applied to a CT scan before feature extraction. Practical application:
Ensuring traceability for clinical validation. Challenge: Maintaining metadata across multiple software tools
and institutional repositories.
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Ethical Considerations — Issues related to fairness, accountability, and societal impact of Al in healthcare.
Example: Evaluating whether a model trained on predominantly Caucasian patients generalizes to
under-represented groups. Practical application: Bias mitigation strategies such as re-weighting or diverse
data collection. Challenge: Quantifying and correcting subtle biases that may affect treatment outcomes.

Privacy — Protecting patient information from unauthorized access. Example: Applying federated learning to
train a model across multiple hospitals without sharing raw imaging data. Practical application:
Collaborative model development while complying with privacy regulations. Challenge: Ensuring that model
updates do not inadvertently leak sensitive information.

HIPAA Compliance — Adherence to the U.S. Health Insurance Portability and Accountability Act standards for
protected health information. Example: Encrypting DICOM files before uploading to a cloud training
platform. Practical application: Lawful handling of patient imaging data in Al research. Challenge: Balancing
security measures with the need for efficient data access.

Convolutional Neural Network — A deep learning architecture that applies convolutional filters to capture
spatial hierarchies. Example: A 3-D CNN that ingests PET volumes and outputs voxel-wise probability maps
of hypoxia. Practical application: Non-invasive mapping of tumor oxygenation for radiotherapy planning.
Challenge: Designing appropriate kernel sizes to capture both fine-grained molecular signals and broader
anatomical context.

U-Net — An encoder-decoder CNN with skip connections designed for biomedical segmentation. Example: A
U-Net that delineates tumor boundaries on FDG-PET images. Practical application: Providing consistent
segmentations for radiotherapy dose calculation. Challenge: Limited annotated masks can lead to
over-fitting; data augmentation and transfer learning are often required.

ResNet — Residual network that introduces skip connections to alleviate vanishing gradients in deep models.
Example: ResNet-34 fine-tuned on fluorescence microscopy to classify immune cell subtypes. Practical
application: Leveraging deep architectures even with modest training data. Challenge: Residual blocks
increase model size, potentially exceeding memory limits for 3-D volumes.

DenseNet — Architecture where each layer receives inputs from all preceding layers, promoting feature
reuse. Example: DenseNet applied to multimodal PET/MRI fusion for simultaneous metabolic and structural
analysis. Practical application: Improving parameter efficiency while maintaining high accuracy. Challenge:
Dense connectivity can lead to high memory consumption during training.

Capsule Networks — Networks that encode spatial relationships via vector “capsules” and dynamic routing.
Example: Capsule network used to preserve pose information of molecular markers in fluorescence images.
Practical application: Robust recognition of rotated or deformed cellular structures. Challenge: Routing
algorithms are computationally intensive and not yet standard in mainstream frameworks.

Variational Autoencoder — Probabilistic autoencoder that learns a latent distribution, enabling generative
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sampling. Example: VAE trained on PET scans to generate synthetic lesions for augmenting a classification
dataset. Practical application: Expanding training sets for rare disease phenotypes. Challenge: Ensuring
generated images maintain quantitative fidelity required for downstream analysis.

Attention Mechanism — Module that allows the model to focus on relevant parts of the input when making
predictions. Example: Self-attention in a transformer-based model that integrates PET and MRI features for
multimodal diagnosis. Practical application: Improving interpretability by highlighting which image regions
influence the decision. Challenge: Attention weights can be diffuse; visualizing them meaningfully requires
additional processing.

Transformer — Architecture based on self-attention that excels in sequence modeling and has been adapted
for vision tasks. Example: Vision Transformer (ViT) applied to patches of whole-body PET for whole-organ
classification. Practical application: Handling large images without the inductive bias of convolutions.
Challenge: Requires large training datasets; otherwise, performance may lag behind CNNs.

Graph Neural Network — Networks that operate on graph-structured data, capturing relationships among
entities.
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