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

Machine Learning Algorithms for Molecular Imaging

A

Adam Optimizer – a stochastic gradient‑based method that adapts learning rates for each parameter using
estimates of first and second moments of gradients. Related terms: Learning rate, momentum, RMSprop.
Explanation: Adam combines the advantages of AdaGrad (per‑parameter learning rates) and RMSprop
(exponential decay of past squared gradients) to accelerate convergence in deep networks used for
molecular imaging. Example: Training a 3‑D convolutional neural network (CNN) to segment PET images of
amyloid plaques often converges faster with Adam than with vanilla SGD. Practical application: Rapid model
fine‑tuning on limited biopsy‑derived imaging datasets, where computational efficiency is critical.
Challenges: Sensitivity to hyper‑parameter settings (β1, β2) can lead to over‑fitting on small cohorts; careful
validation is required.

B

Batch Normalization – a technique that normalizes layer inputs across a mini‑batch to reduce internal
covariate shift. Related terms: Activation function, layer normalization, dropout. Explanation: By scaling and
shifting activations to zero mean and unit variance, batch normalization stabilizes training of deep networks
that predict molecular signatures from MRI or SPECT data. Example: Incorporating batch normalization in a
ResNet‑based model improves classification accuracy of tumor grade from multiparametric MRI. Practical
application: Enables deeper architectures without exploding gradients, facilitating extraction of subtle
molecular patterns. Challenges: Inference on single‑sample predictions (e.G., Real‑time intra‑operative
imaging) may require population statistics or moving averages, affecting reproducibility.

C

Convolutional Neural Network (CNN) – a class of deep learning models that apply learnable filters to
spatially structured data. Related terms: Convolutional layer, pooling, receptive field. Explanation: CNNs
automatically learn hierarchical features such as edges, textures, and molecular‑level heterogeneities from
imaging modalities like CT, PET, and optical microscopy. Example: A 3‑D U‑Net CNN segments
hyper‑metabolic regions in FDG‑PET scans of glioblastoma, revealing metabolic hotspots linked to EGFR
mutation. Practical application: Automated lesion delineation for radiotherapy planning, reducing
inter‑observer variability. Challenges: Requires large annotated datasets; over‑parameterization can cause
memorization of scanner‑specific artifacts rather than true biology.

D

Data Augmentation – synthetic generation of training examples by applying transformations to existing
images. Related terms: Rotation, elastic deformation, intensity scaling. Explanation: Augmentation expands
limited molecular imaging datasets, improving model generalization to unseen patients and scanner
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variations. Example: Randomly rotating and flipping whole‑body PET scans while adjusting SUV
(Standardized Uptake Value) intensities yields a more robust classifier for metastatic burden. Practical
application: Enables training of deep models on rare disease cohorts where acquisition is costly. Challenges:
Improper augmentation (e.G., Unrealistic intensity shifts) can introduce biologically implausible patterns,
misleading the algorithm.

E

Ensemble Learning – combining predictions from multiple models to improve overall performance. Related
terms: Bagging, boosting, stacking. Explanation: Ensembles mitigate individual model bias and variance, a
valuable strategy when single algorithms struggle with heterogeneous molecular imaging data. Example:
Averaging outputs of a CNN, a random forest, and a support vector machine yields higher accuracy in
predicting HER2 status from multimodal MRI‑PET fusion images. Practical application: Provides confidence
intervals for clinical decision support, essential for regulatory acceptance. Challenges: Increased
computational cost and difficulty interpreting which model contributes most to the final prediction.

F

Feature Extraction – process of deriving informative descriptors from raw imaging data. Related terms:
Radiomics, texture analysis, dimensionality reduction. Explanation: Hand‑crafted features such as
histogram‑based intensity metrics, GLCM (Gray Level Co‑occurrence Matrix) textures, and shape descriptors
capture molecular heterogeneity before feeding into machine learning classifiers. Example: Extracting 150
radiomic features from contrast‑enhanced MRI and selecting the top 20 via LASSO regression improves
prediction of IDH mutation. Practical application: Enables interpretable biomarkers that can be correlated
with underlying genomics. Challenges: High‑dimensional feature spaces increase risk of over‑fitting;
reproducibility across scanners demands strict standardization.

G

Gradient Boosting Machine (GBM) – an ensemble of decision trees built sequentially, where each tree
corrects errors of its predecessor. Related terms: XGBoost, LightGBM, learning rate. Explanation: GBMs excel
at handling heterogeneous tabular data, such as combined imaging radiomics and clinical variables, to
predict molecular phenotypes. Example: An XGBoost model predicts KRAS mutation status from a mix of
PET SUV metrics and patient age, achieving AUC = 0.87. Practical application: Rapid prototyping of
predictive models without extensive deep‑learning infrastructure. Challenges: Sensitive to noisy labels;
hyper‑parameter tuning (e.G., Number of estimators, max depth) can be time‑consuming.

H

Hybrid Model – integration of deep learning and classical machine‑learning components within a single
pipeline. Related terms: Feature fusion, multi‑modal learning, cascade architecture. Explanation: Hybrid
models leverage CNN‑derived feature maps alongside radiomic descriptors, improving robustness in
molecular imaging where both pixel‑level and global patterns matter. Example: A pipeline that feeds CNN
embeddings into a random forest classifier refines prediction of BRAF mutation from melanoma PET/CT
scans. Practical application: Balances interpretability (via tree‑based importance) with representation power
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of deep networks. Challenges: Requires careful alignment of feature dimensions and may amplify
propagation of errors from one stage to the next.

I

Instance Segmentation – pixel‑wise classification that distinguishes individual objects (e.G., Cells, lesions)
within an image. Related terms: Mask R‑CNN, semantic segmentation, object detection. Explanation: In
molecular imaging, instance segmentation isolates each tumor nodule, allowing per‑lesion molecular
analysis (e.G., SUV heterogeneity). Example: Mask R‑CNN applied to high‑resolution microscopy images
delineates individual cancer cells expressing a fluorescent reporter of p53 activity. Practical application:
Enables quantitative assessment of intratumoral molecular diversity for precision oncology. Challenges:
Requires dense annotation for training; overlapping structures can confuse the model, especially in
low‑contrast PET images.

J

Joint Embedding – learning a shared latent space where data from different modalities (e.G., MRI and
genomics) are co‑represented. Related terms: Multimodal learning, canonical correlation analysis,
contrastive loss. Explanation: Joint embeddings align imaging phenotypes with molecular signatures,
facilitating cross‑modal retrieval and integrative analysis. Example: A contrastive learning framework maps
PET images and RNA‑seq profiles into a 128‑dimensional space, allowing nearest‑neighbor search to find
patients with similar molecular profiles. Practical application: Supports hypothesis generation for drug
repurposing based on imaging‑derived molecular similarity. Challenges: Requires large paired datasets;
modality‑specific noise can dominate the shared representation if not balanced.

K

K‑Nearest Neighbors (KNN) – a non‑parametric classifier that assigns a label based on the majority vote of
the k closest training samples in feature space. Related terms: Distance metric, curse of dimensionality,
instance‑based learning. Explanation: KNN can be applied to radiomic feature vectors extracted from
molecular imaging to provide quick, interpretable baselines. Example: Using Euclidean distance on a
reduced set of 30 radiomic features, KNN predicts ALK rearrangement status in lung adenocarcinoma with
75 % accuracy. Practical application: Serves as a transparent benchmark for more complex models, useful in
early‑stage research. Challenges: Performance degrades with high‑dimensional data; requires careful feature
scaling and selection.

L

Layer Normalization – normalization technique applied across the features of a single sample rather than
across a batch. Related terms: Batch normalization, instance normalization, transformer. Explanation:
Particularly useful for recurrent or transformer architectures processing molecular imaging sequences (e.G.,
Dynamic PET frames). Example: Incorporating layer normalization in a transformer encoder improves
stability when modeling time‑activity curves for tracer kinetic analysis. Practical application: Enables training
on single‑patient longitudinal datasets without batch size constraints. Challenges: May not provide the
same regularization benefits as batch normalization in large image datasets; tuning of epsilon parameter is
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required.

M

Multimodal Fusion – combining data from distinct imaging modalities (e.G., MRI, PET, optical) into a unified
representation. Related terms: Early fusion, late fusion, attention mechanisms. Explanation: Fusion strategies
range from simple concatenation of channel‑wise inputs to sophisticated attention‑driven weighting,
enhancing molecular insight by leveraging complementary contrast mechanisms. Example: Early fusion of
T1‑weighted MRI and FDG‑PET into a 2‑channel 3‑D CNN improves prediction of MGMT promoter
methylation in glioblastoma. Practical application: Generates comprehensive biomarkers that capture both
anatomical and metabolic information for therapy selection. Challenges: Aligning images with differing
spatial resolution and acquisition timing; risk of over‑fitting to modality‑specific artifacts.

N

Neural Architecture Search (NAS) – automated method for discovering optimal network topologies for a
given task. Related terms: Reinforcement learning, evolutionary algorithms, search space. Explanation: NAS
can tailor CNN architectures to the unique characteristics of molecular imaging datasets, such as varying
voxel sizes and contrast dynamics. Example: A NAS‑derived lightweight network achieves comparable
performance to a manually designed ResNet while reducing inference time for intra‑operative fluorescence
imaging. Practical application: Facilitates deployment on edge devices (e.G., Surgical consoles) where
computational resources are limited. Challenges: Computationally expensive search; discovered
architectures may be sensitive to dataset shifts.

O

Optimizer – algorithm that updates model parameters based on gradients of a loss function. Related terms:
Stochastic gradient descent, learning rate scheduler, momentum. Explanation: Choice of optimizer
influences convergence speed and final accuracy of models trained on molecular imaging data, where loss
landscapes can be complex due to high dimensionality. Example: Switching from SGD with momentum to
Adam reduces training epochs for a 3‑D CNN segmenting PET lesions from 120 to 45 epochs. Practical
application: Enables rapid prototyping in time‑critical research environments, such as pandemic‑related
imaging studies. Challenges: Hyper‑parameter sensitivity; some optimizers may converge to sharp minima
that generalize poorly across scanners.

P

Patch‑Based Learning – training models on small sub‑volumes (patches) extracted from larger images.
Related terms: Sliding window, context aggregation, patch size. Explanation: Patch‑based approaches
mitigate memory constraints of 3‑D imaging and focus learning on local molecular features (e.G.,
Micro‑calcifications). Example: Training a CNN on 64 × 64 × 64 voxel patches from whole‑body PET improves
detection of small metastatic lesions while reducing GPU memory usage. Practical application: Allows
high‑resolution processing of whole‑organ scans without downsampling critical details. Challenges: Patch
selection bias; need for strategies to aggregate patch predictions into whole‑image decisions.
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Q

Quantile Regression – predictive modeling that estimates conditional quantiles of the target distribution
rather than the mean. Related terms: Pinball loss, heteroscedasticity, confidence interval. Explanation: In
molecular imaging, quantile regression can provide uncertainty estimates for predicted tracer uptake, aiding
risk‑aware clinical decisions. Example: A quantile‑regressing neural network predicts the 5th and 95th
percentile of SUV values for liver lesions, offering a confidence band around the point estimate. Practical
application: Supports treatment planning where dosage depends on predicted metabolic activity ranges.
Challenges: Requires larger datasets to accurately learn distribution tails; loss function can be unstable if
quantiles are poorly calibrated.

R

Radiomics – extraction of large numbers of quantitative features from medical images to characterize tumor
phenotype. Related terms: Texture analysis, high‑throughput imaging, feature selection. Explanation:
Radiomic features capture intensity, shape, and texture that correlate with underlying molecular alterations
such as gene expression or protein markers. Example: A radiomics signature comprising 12 features from
contrast‑enhanced MRI predicts PD‑L1 expression with AUC = 0.81 In head‑and‑neck cancer. Practical
application: Provides non‑invasive biomarkers to stratify patients for immunotherapy. Challenges: Feature
reproducibility across scanners; need for robust preprocessing (e.G., Resampling, intensity normalization).

S

Semi‑Supervised Learning – training paradigm that leverages both labeled and unlabeled data to improve
model performance. Related terms: Pseudo‑labeling, consistency regularization, graph-based methods.
Explanation: Molecular imaging datasets often contain abundant unlabeled scans; semi‑supervised methods
can exploit this wealth to learn richer representations. Example: A consistency‑regularized CNN trained on a
small set of annotated PET scans and a larger pool of unlabeled scans achieves higher accuracy in detecting
amyloid plaques than a fully supervised baseline. Practical application: Reduces annotation burden for rare
molecular targets, accelerating biomarker discovery. Challenges: Risk of propagating incorrect
pseudo‑labels; requires careful design of regularization strength.

T

Transfer Learning – reusing a model pretrained on a source task/domain for a target task/domain, often
with fine‑tuning. Related terms: Fine‑tuning, domain adaptation, pretrained weights. Explanation: Transfer
learning mitigates data scarcity in molecular imaging by leveraging knowledge from large natural‑image
datasets (e.G., ImageNet) or from related imaging modalities. Example: Fine‑tuning a ResNet‑50 pretrained
on chest X‑rays improves classification of HER2 status from breast PET scans, even with only 200 labeled
cases. Practical application: Shortens development cycles for new molecular imaging agents. Challenges:
Domain shift may cause negative transfer if source and target modalities differ substantially; requires careful
layer freezing strategies.

U
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Uncertainty Quantification – estimating the confidence of model predictions, often via Bayesian methods or
ensemble techniques. Related terms: Monte Carlo dropout, Bayesian neural networks, predictive variance.
Explanation: Quantifying uncertainty is crucial in clinical settings where erroneous molecular predictions can
lead to inappropriate therapy. Example: Applying Monte Carlo dropout during inference of a CNN yields a
variance map over PET uptake predictions, highlighting regions with low confidence. Practical application:
Allows clinicians to request additional imaging or biopsy for high‑uncertainty areas. Challenges: Additional
computational overhead; calibration of uncertainty scores to real‑world error rates is non‑trivial.

V

Variational Autoencoder (VAE) – generative model that learns a probabilistic latent representation of input
data by optimizing a reconstruction loss plus a KL‑divergence regularizer. Related terms: Latent space,
generative modeling, reconstruction loss. Explanation: VAEs can synthesize realistic molecular imaging data
(e.G., PET scans) for data augmentation or simulate disease progression. Example: A VAE trained on
FDG‑PET scans generates plausible synthetic images of early‑stage Alzheimer’s disease, expanding the
training set for downstream classifiers. Practical application: Enables privacy‑preserving data sharing by
distributing synthetic datasets instead of patient scans. Challenges: Generated images may lack fine‑grained
molecular detail; balancing reconstruction fidelity and latent regularization requires careful tuning.

W

Weighted Loss Function – loss formulation that assigns different importance to samples or classes, often to
address class imbalance. Related terms: Class weighting, focal loss, cost‑sensitive learning. Explanation: In
molecular imaging, rare molecular subtypes (e.G., NTRK fusions) may be under‑represented; weighting
ensures the model learns discriminative features for these classes. Example: Using a focal loss with γ = 2
emphasizes hard‑to‑classify PET lesions, improving detection of low‑SUV tumors. Practical application:
Improves sensitivity for clinically critical but scarce molecular markers. Challenges: Determining appropriate
weights; excessive weighting can cause instability or over‑fitting to minority class noise.

X

X‑ray Computed Tomography (CT) Radiomics – subset of radiomics focused on extracting features from CT
images, often combined with molecular data. Related terms: Hounsfield unit normalization, texture features,
segmentation. Explanation: CT radiomics captures density and texture that can correlate with genomic
alterations such as KRAS mutation in colorectal cancer. Example: A CT radiomic signature predicts KRAS
status with AUC = 0.78, Complementing PET metabolic information for comprehensive molecular profiling.
Practical application: Provides a low‑cost, widely available imaging biomarker when PET is unavailable.
Challenges: CT intensity variability across scanners; need for robust standardization pipelines.

Y

Yield Optimization – process of maximizing the number of high‑quality training samples obtained from
imaging experiments. Related terms: Acquisition protocol, contrast timing, image quality metrics.
Explanation: Optimizing acquisition parameters (e.G., Tracer dose, scan duration) improves signal‑to‑noise
ratio, enhancing downstream machine‑learning performance. Example: Adjusting PET scan time from 2 min
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to 4 min per bed position increases lesion detectability, leading to higher classification accuracy for EGFR
mutation prediction. Practical application: Balances patient radiation exposure with data richness required
for reliable molecular inference. Challenges: Institutional constraints on scan time; patient comfort may limit
prolonged acquisitions.

Z

Z‑Score Normalization – standardizing features by subtracting the mean and dividing by the standard
deviation. Related terms: Standardization, scaling, feature preprocessing. Explanation: Z‑score normalization
ensures that radiomic features from different imaging modalities have comparable scales, facilitating joint
modeling. Example: Applying Z‑score normalization to combined MRI texture features and PET SUV values
improves convergence of a logistic regression model predicting tumor hypoxia. Practical application:
Essential preprocessing step for most machine‑learning pipelines in molecular imaging. Challenges:
Requires computation of mean and variance on a representative training cohort; outlier‑heavy distributions
may benefit from robust scaling alternatives.
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