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Global Certificate in Computational Pathology

Introduction to Computational Pathology

Computational pathology is an interdisciplinary field that merges traditional pathology with advanced
computational techniques to extract quantitative information from digitized tissue specimens. The following
glossary presents the essential terms and vocabulary that form the foundation of an introductory module in
the Global Certificate in Computational Pathology. Each entry includes a definition, illustrative example,
typical practical application, and common challenges associated with the concept. The material is organized
into thematic clusters for ease of learning and reference.

Digital pathology refers to the acquisition, management, and interpretation of pathology information in a
digital environment. The process begins with the conversion of glass slides into high‑resolution images
using whole slide scanners. For example, a histology slide stained with hematoxylin and eosin (H&E) can be
scanned at 40× magnification to produce a multi‑gigapixel image that can be viewed on a computer
monitor. Practical applications include remote consultation, archival storage, and integration with image
analysis algorithms. Challenges involve large file sizes, network bandwidth constraints, and the need for
standardized image formats.

Whole slide imaging (WSI) is the technology that captures an entire tissue section on a single digital image,
preserving spatial context and morphological detail. A typical WSI file may be stored in formats such as SVS,
NDPI, or DICOM. In practice, WSI enables pathologists to navigate a slide virtually, zooming in on regions of
interest (ROIs) as they would with a microscope. The main challenges are the high computational cost of
processing multi‑gigapixel data, and ensuring that scanner calibration maintains consistent color and
resolution across institutions.

Image preprocessing encompasses a set of operations applied to raw digital pathology images to improve
downstream analysis. Common steps include color normalization, noise reduction, and artifact removal. For
instance, stain normalization algorithms adjust the intensity of H&E components so that a model trained on
images from one laboratory can perform reliably on images from another. Practical applications involve
preparing data for segmentation and classification tasks. Challenges include selecting appropriate
preprocessing pipelines for diverse staining protocols and managing the trade‑off between data fidelity and
computational efficiency.

Color deconvolution is a technique used to separate the contributions of individual stains in a multiplexed
image. By modeling the optical density of each stain, the algorithm produces separate grayscale images
representing, for example, hematoxylin (nuclei) and eosin (cytoplasm). In practice, color deconvolution
allows a researcher to quantify nuclear size distribution without interference from the cytoplasmic
background. A common challenge is the variability of stain intensity and the presence of overlapping

Read online: https://shortcourses.lsibonline.com/guides/3401325/
introduction-to-computational-pathology

London School of International Business · 26 Jun 2026



G U I D E

spectral characteristics that can reduce separation accuracy.

Stain normalization aims to reduce variability introduced by differences in staining protocols, scanner
settings, and reagent batches. One widely used method is the Reinhard approach, which aligns the mean
and standard deviation of each color channel to a target image. An example application is training a deep
learning model on a normalized dataset to improve generalization across multiple hospitals. The challenge
lies in preserving biologically relevant variations while eliminating technical artifacts.

Annotation denotes the process of labeling image regions with descriptive information such as tissue type,
disease grade, or cellular structures. Annotations can be performed manually by expert pathologists or
semi‑automatically using computer‑assisted tools. For example, a pathologist may outline tumor
boundaries on an H&E slide to create a ground‑truth mask for supervised learning. Practical applications
include creating training datasets for segmentation models. The primary challenges are the time‑intensive
nature of manual annotation, inter‑observer variability, and the need for large, accurately labeled datasets.

Ground truth refers to the reference standard against which computational predictions are evaluated. In
computational pathology, ground truth is typically established by expert consensus or validated laboratory
assays. For instance, a set of slides annotated with tumor grades by three senior pathologists can serve as
ground truth for training a classification algorithm. Challenges include the subjectivity of certain
pathological assessments and the difficulty of obtaining consensus for rare disease subtypes.

Segmentation is the computational process of partitioning an image into meaningful regions, such as
separating nuclei from background or delineating tumor from stroma. Traditional methods include
thresholding, watershed, and active contour models, while modern approaches rely on deep learning
architectures like U‑Net. A practical example is the automated detection of mitotic figures in breast cancer
tissue to assist in grading. Challenges involve handling heterogeneous tissue morphology, overlapping
structures, and the need for high‑quality annotated masks for supervised training.

Classification involves assigning a categorical label to an image or an image region based on learned
features. In pathology, classification tasks range from binary decisions (e.G., Benign vs. Malignant) to
multi‑class problems (e.G., Histologic subtypes of lung cancer). A typical workflow uses a convolutional
neural network (CNN) to learn discriminative patterns from labeled patches. Applications include triaging
cases for priority review or predicting molecular alterations from morphology. Challenges include class
imbalance, limited labeled data for rare classes, and ensuring model interpretability.

Feature extraction is the step of deriving quantitative descriptors from raw image data that capture relevant
biological information. Features can be handcrafted, such as texture metrics derived from gray‑level
co‑occurrence matrices, or learned automatically by neural networks. An example of a handcrafted feature
is nuclear pleomorphism measured by the variance of nuclear area across a slide. Feature extraction enables
downstream statistical analysis and integration with clinical data. The challenge is selecting features that are
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robust to staining variability and that correlate with clinical outcomes.

Texture analysis examines the spatial arrangement of pixel intensities to characterize tissue patterns.
Common texture descriptors include Haralick features, Gabor filters, and local binary patterns. For instance,
high entropy in a texture map may indicate a heterogeneous tumor microenvironment. Texture analysis is
often used to differentiate tumor grades or to predict response to therapy. Challenges involve the sensitivity
of texture measures to image resolution and preprocessing choices.

Morphological features capture shape‑related properties of structures such as cells, nuclei, or glands.
Examples include area, perimeter, circularity, aspect ratio, and fractal dimension. In practice, morphological
features are used to quantify nuclear atypia in prostate cancer, where increased nuclear irregularity
correlates with higher Gleason scores. The main challenges are accurate segmentation of individual
structures and handling overlapping or crowded cells.

Machine learning is a subset of artificial intelligence that enables computers to learn patterns from data
without being explicitly programmed. In computational pathology, machine learning encompasses
algorithms ranging from linear classifiers to ensemble methods and deep neural networks. A practical
application is using a random forest to predict patient survival based on histologic features extracted from
colon cancer slides. Challenges include overfitting to limited datasets, selecting appropriate
hyperparameters, and ensuring reproducibility.

Deep learning refers to a class of machine learning models that use multiple layers of nonlinear
transformations to automatically learn hierarchical representations from raw data. Convolutional neural
networks (CNNs) are the most common deep learning architecture for image analysis. For example, a CNN
trained on thousands of annotated breast cancer patches can achieve high accuracy in detecting invasive
carcinoma. Deep learning excels at capturing complex visual patterns but demands large annotated
datasets and substantial computational resources. Challenges include interpretability, data bias, and the risk
of over‑parameterization.

Convolutional neural network (CNN) is a deep learning architecture designed to process grid‑like data such
as images. CNNs consist of convolutional layers that apply learnable filters, pooling layers that reduce
spatial resolution, and fully connected layers that perform classification. An example is a ResNet‑50 model
fine‑tuned on digitized prostate biopsies to predict Gleason grade. Practical applications extend to
segmentation (via encoder‑decoder structures), detection, and feature extraction. Challenges include the
need for extensive training data, vulnerability to adversarial perturbations, and difficulty in explaining model
decisions.

Supervised learning involves training a model using input–output pairs where the correct answer (label) is
known. In pathology, supervised learning is used for tasks such as tumor detection, where each image patch
is labeled as tumor or normal. A typical workflow includes splitting the dataset into training, validation, and
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test subsets, training the model on the training set, tuning hyperparameters on the validation set, and
finally assessing performance on the test set. Challenges include obtaining high‑quality labels, dealing with
class imbalance, and preventing overfitting.

Unsupervised learning discovers patterns in data without explicit labels. Common unsupervised techniques
in computational pathology include clustering, dimensionality reduction, and generative modeling. For
example, k‑means clustering applied to feature vectors extracted from lung adenocarcinoma slides may
reveal distinct morphological subclusters that correlate with patient outcomes. Practical applications involve
exploratory data analysis and anomaly detection. Challenges include interpreting the meaning of discovered
clusters and ensuring that the algorithm captures biologically relevant variation rather than technical noise.

Reinforcement learning is a learning paradigm where an agent interacts with an environment and receives
feedback in the form of rewards or penalties. Although less common in pathology, reinforcement learning
can be applied to tasks such as active learning, where the algorithm selects the most informative image
patches for annotation to maximize model performance while minimizing labeling effort. Practical
challenges include defining appropriate reward functions and managing the exploration‑exploitation
trade‑off.

Transfer learning leverages knowledge gained from training on a large source dataset to improve
performance on a target dataset with limited samples. In computational pathology, a CNN pretrained on
ImageNet can be fine‑tuned on a relatively small set of annotated colorectal cancer slides, accelerating
convergence and improving accuracy. Transfer learning reduces the need for massive labeled datasets but
may introduce bias if the source domain differs substantially from the target domain. Careful fine‑tuning
and domain adaptation are required to mitigate these issues.

Domain adaptation addresses the problem of distribution shift between training and deployment data, such
as differences in staining, scanner type, or patient demographics. Techniques include adversarial training,
feature alignment, and style transfer. For instance, a model trained on slides from Hospital A can be
adapted to work on slides from Hospital B by minimizing the discrepancy between feature distributions.
Challenges involve measuring and correcting subtle domain differences without degrading the model’s
ability to capture disease‑specific signals.

Data augmentation artificially expands the training dataset by applying transformations such as rotation,
scaling, flipping, color jitter, and elastic deformation. Augmentation helps improve model robustness to
variations encountered in real‑world data. A typical augmentation pipeline for histopathology might include
random rotations of 0–360 degrees, random cropping, and stain perturbation. The challenge is to ensure
that augmentations do not create unrealistic artifacts that could mislead the model.

Training set is the portion of data used to fit the parameters of a machine learning model. In computational
pathology, the training set often consists of thousands of image tiles with associated labels. A well‑balanced
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training set should represent the full spectrum of morphological variability. Challenges include curating a
representative sample, handling class imbalance, and managing data privacy concerns.

Validation set is a separate subset of data used to tune hyperparameters and assess model performance
during development. The validation set provides an unbiased estimate of how changes to the model
architecture affect generalization. For example, early stopping based on validation loss can prevent
overfitting. Challenges involve ensuring the validation set is independent of the training data and that it
captures the same distribution as the eventual test set.

Test set is a hold‑out dataset reserved for final performance evaluation after model development is
complete. The test set must not be used for any model tuning to avoid optimistic bias. In pathology, the
test set may be drawn from a different institution to assess external validity. Challenges include acquiring
sufficiently large, diverse test data and maintaining data integrity throughout the evaluation process.

Cross‑validation is a statistical technique for assessing model performance by repeatedly partitioning the
data into training and validation folds. A common scheme is k‑fold cross‑validation, where the dataset is
divided into k subsets, and each subset serves as the validation set once. Cross‑validation provides a more
reliable estimate of model generalization, especially when data are limited. Challenges include the
computational overhead of training multiple models and the risk of data leakage if preprocessing steps are
not applied independently within each fold.

Overfitting occurs when a model learns noise and specific patterns in the training data that do not
generalize to new data. In pathology, an overfitted model might memorize the staining characteristics of a
particular scanner, leading to poor performance on slides from a different scanner. Mitigation strategies
include regularization, dropout, early stopping, and data augmentation. The challenge is to balance model
complexity with the amount of available data.

Underfitting describes a model that is too simple to capture the underlying structure of the data, resulting
in poor performance on both training and validation sets. For example, a linear classifier may be unable to
distinguish subtle morphological differences between tumor grades. Addressing underfitting may involve
increasing model capacity, adding more informative features, or reducing excessive regularization.

Regularization introduces additional constraints to the learning process to prevent overfitting. Common
regularization techniques include L1 (lasso) and L2 (ridge) penalties, dropout, and data augmentation. In a
CNN for breast cancer detection, applying L2 regularization to the weights can encourage smoother filters.
The challenge lies in selecting appropriate regularization strength; too much can lead to underfitting, while
too little may not sufficiently control overfitting.

Dropout is a regularization method where a random subset of neurons is temporarily deactivated during
each training iteration. This forces the network to develop redundant representations and reduces reliance
on any single pathway. For instance, a dropout rate of 0.5 Applied to fully connected layers of a tumor
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classification network can improve robustness. Challenges include determining optimal dropout rates and
ensuring convergence during training.

Learning rate controls the step size taken during gradient descent optimization. A learning rate that is too
high may cause the model to diverge, while a rate that is too low can result in slow convergence. Adaptive
learning rate methods such as Adam or RMSprop automatically adjust the learning rate during training.
Choosing an appropriate learning rate schedule is critical for stable training of deep networks on pathology
data. Challenges include the sensitivity of deep models to learning rate settings and the need for extensive
hyperparameter tuning.

Optimizer is an algorithm that updates model parameters based on the computed gradients. Popular
optimizers in computational pathology include stochastic gradient descent (SGD) with momentum, Adam,
and AdaGrad. For example, using SGD with a momentum of 0.9 Can accelerate convergence when training a
ResNet on lung cancer slides. The choice of optimizer influences training speed, stability, and final model
performance. Challenges involve selecting the right optimizer for a given architecture and dataset.

Loss function quantifies the discrepancy between the model’s predictions and the true labels, guiding the
optimization process. Common loss functions for classification include cross‑entropy loss, while
segmentation tasks often use dice loss or a combination of cross‑entropy and dice. In a multi‑class tumor
grading problem, categorical cross‑entropy provides a smooth gradient for learning. Challenges include
handling class imbalance (e.G., Using focal loss) and ensuring that the loss aligns with the clinical objective.

Evaluation metrics are quantitative measures used to assess model performance. In pathology, typical
metrics include accuracy, precision, recall, F1 score, area under the receiver operating characteristic curve
(AUC‑ROC), and mean intersection‑over‑union (mIoU) for segmentation. For instance, a high AUC‑ROC
indicates strong discriminative ability for a binary cancer detection model. The challenge is to select metrics
that reflect clinical relevance; for example, high recall may be prioritized in screening applications to
minimize missed cancers.

Precision (also called positive predictive value) is the proportion of true positive predictions among all
positive predictions. In a model detecting metastatic lymph nodes, high precision means that most
predicted metastases are truly present, reducing unnecessary follow‑up procedures. Precision can be
compromised by class imbalance, where a model may achieve high precision by predicting few positives.
Balancing precision with recall is often necessary to meet clinical requirements.

Recall (also called sensitivity) measures the proportion of true positives correctly identified among all actual
positives. In a screening setting, high recall is essential to ensure that few cancer cases are missed. However,
maximizing recall alone may increase false positives, lowering precision. Designing a model with an
appropriate trade‑off depends on the clinical context and the acceptable cost of false alarms.

F1 score is the harmonic mean of precision and recall, providing a single metric that balances both aspects.
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An F1 score of 0.85 Indicates that the model maintains a good equilibrium between detecting true cases
and limiting false alarms. The F1 score is especially useful when class distribution is uneven. The challenge is
that the F1 score does not reflect the confidence of predictions, and may not capture nuances such as
varying misclassification costs.

Confusion matrix is a tabular representation of classification outcomes, showing true positives, false
positives, true negatives, and false negatives. In a four‑class tumor subtype classification, the matrix reveals
which subtypes are commonly confused. Analyzing the confusion matrix helps identify systematic errors and
guide model refinement. Challenges include interpreting large matrices for multi‑class problems and
translating matrix insights into actionable improvements.

Receiver operating characteristic (ROC) curve plots the true positive rate (recall) against the false positive
rate at various threshold settings. The area under the ROC curve (AUC) summarizes the model’s
discriminative ability across all thresholds. For a binary classification of melanoma versus benign nevi, an
AUC of 0.95 Suggests excellent performance. However, ROC curves can be misleading in highly imbalanced
datasets, where precision‑recall curves may provide a clearer picture.

Precision‑recall (PR) curve visualizes the trade‑off between precision and recall for different thresholds. In
pathology tasks with low prevalence of positive cases, the PR curve is more informative than the ROC curve.
The area under the PR curve (AUPRC) quantifies overall performance. Challenges include selecting an
operating point that satisfies both clinical sensitivity and specificity requirements.

Area under the curve (AUC) is a scalar value summarizing the performance of a classifier across all possible
thresholds. A higher AUC indicates better overall discriminative power. AUC values are often reported for
model comparison. However, AUC does not convey information about calibration, i.E., How well predicted
probabilities reflect true outcome frequencies. Calibration may be assessed using reliability diagrams or
Brier scores.

Calibration measures the agreement between predicted probabilities and observed outcomes. A
well‑calibrated model predicting a 70% chance of cancer should have cancer present in roughly 70% of
those cases. Calibration is crucial for risk stratification and decision support. Techniques such as Platt scaling
or isotonic regression can improve calibration. Challenges include maintaining calibration after model
updates or when applying the model to new populations.

Explainability refers to the ability to interpret and understand how a model arrives at its predictions. In
computational pathology, explainability is essential for gaining clinician trust and meeting regulatory
requirements. Common methods include saliency maps, Grad‑CAM, and SHAP values, which highlight
image regions that most influence the model’s decision. For example, a Grad‑CAM heatmap over a breast
biopsy may show that the model focuses on ductal structures when predicting carcinoma. Challenges
include the potential for misleading explanations and the need for rigorous validation of interpretability
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tools.

Interpretability is related to explainability but emphasizes models that are inherently understandable, such
as decision trees or rule‑based systems. In some pathology applications, using interpretable models can
facilitate clinical adoption, especially when regulatory bodies demand transparent decision logic. However,
interpretable models may lack the performance of deep learning approaches on complex visual tasks.
Balancing interpretability with accuracy is an ongoing research challenge.

Model interpretability combines both explainability techniques for black‑box models and the use of
inherently transparent algorithms. In practice, a hybrid approach may involve training a high‑performing
CNN and then fitting a surrogate decision tree to approximate its predictions for a specific subset of cases.
This can provide clinicians with a simplified rationale while retaining overall model performance. Challenges
include ensuring that the surrogate model faithfully represents the original model’s behavior.

Black‑box model describes a system whose internal workings are opaque to users, making it difficult to
understand how inputs are transformed into outputs. Deep neural networks are often considered black
boxes due to their complex, non‑linear architecture. In computational pathology, black‑box models can
achieve state‑of‑the‑art accuracy but may encounter resistance from pathologists who require clear
justification for diagnoses. Strategies to mitigate this include post‑hoc explainability methods and
incorporating domain knowledge into model design.

Ensemble learning combines predictions from multiple models to improve robustness and accuracy.
Techniques such as bagging, boosting, and stacking are commonly used. For example, an ensemble of three
CNNs trained on different stain‑normalized datasets can achieve higher AUC than any individual model.
Ensembles can reduce variance and mitigate the impact of outliers. Challenges include increased
computational cost and the difficulty of interpreting aggregated predictions.

Bagging (bootstrap aggregating) trains multiple models on different random subsets of the training data
and averages their predictions. In pathology, bagging can be applied to random forests, where each tree is
built on a bootstrap sample of image patches. Bagging reduces overfitting and improves stability. The
challenge is that individual models may still share similar biases if the underlying data are homogeneous.

Boosting sequentially trains models, each focusing on the errors of the previous one, and combines them to
form a strong learner. Gradient boosting machines (GBM) and XGBoost are popular implementations. In
computational pathology, boosting can be used to integrate handcrafted features with deep features for
improved classification of colorectal polyps. Boosting is sensitive to noisy labels and may overfit if not
properly regularized.

Stacking involves training a meta‑learner to combine the outputs of several base models. For instance, a
logistic regression meta‑learner may integrate predictions from a CNN, a random forest, and a support
vector machine to predict tumor grade. Stacking can capture complementary strengths of diverse
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algorithms. Challenges include the risk of data leakage if the meta‑learner is trained on the same data used
to train base models, and the need for careful cross‑validation.

Support vector machine (SVM) is a supervised learning algorithm that finds a hyperplane maximizing the
margin between classes. Kernel functions enable SVMs to handle non‑linear relationships. In pathology, an
SVM trained on texture and morphological features can differentiate between low‑grade and high‑grade
gliomas. SVMs perform well on small to medium‑sized datasets but may struggle with very large image
collections due to computational scaling.

Random forest is an ensemble of decision trees built using random subsets of features and data samples.
Random forests are robust to overfitting and can handle high‑dimensional feature spaces. In computational
pathology, a random forest may be employed to classify tumor subtypes based on a combination of
handcrafted and deep features. The model provides feature importance scores that aid interpretability.
Challenges include the need for sufficient trees to achieve stable performance and the tendency to favor
features with many possible split points.

Feature importance quantifies the contribution of each input variable to the model’s predictions. In random
forests, importance can be measured by the mean decrease in impurity or by permutation importance. For
example, nuclear area may emerge as the most important feature for predicting breast cancer grade.
Feature importance helps identify biologically relevant markers and guides further research. However,
importance scores can be biased toward variables with higher cardinality or more missing values.

Dimensionality reduction techniques reduce the number of variables while preserving essential structure.
Principal component analysis (PCA) and t‑distributed stochastic neighbor embedding (t‑SNE) are commonly
used. In pathology, PCA applied to high‑dimensional feature vectors can reveal clusters corresponding to
distinct histologic patterns. Dimensionality reduction facilitates visualization and may improve classifier
performance. Challenges include loss of interpretability and the risk of discarding subtle but clinically
important information.

Principal component analysis (PCA) transforms correlated variables into a set of orthogonal components
ordered by variance explained. In computational pathology, PCA can compress a 1024‑dimensional deep
feature vector into the top 50 components for downstream clustering. PCA is linear and may not capture
complex non‑linear relationships, prompting the use of alternative methods such as autoencoders for
non‑linear reduction.

t‑distributed stochastic neighbor embedding (t‑SNE) is a non‑linear technique for visualizing
high‑dimensional data in two or three dimensions, preserving local structure. A t‑SNE plot of feature
embeddings from a breast cancer dataset may reveal distinct clusters for luminal A and triple‑negative
subtypes. T‑SNE is valuable for exploratory analysis but can be sensitive to perplexity parameters and does
not preserve global distances. It is primarily a visualization tool rather than a preprocessing step for
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classification.

Autoencoder is a neural network trained to reconstruct its input, learning a compressed latent
representation in the process. Variational autoencoders (VAEs) add a probabilistic component to the latent
space. In pathology, autoencoders can be used to learn unsupervised representations of tumor
morphology, which can then be fed into downstream classifiers. Challenges include ensuring that the latent
space captures biologically meaningful features rather than merely reconstructing low‑level pixel details.

Generative adversarial network (GAN) consists of a generator that creates synthetic data and a discriminator
that distinguishes real from synthetic data. GANs have been applied to generate realistic histopathology
images for data augmentation and to perform stain translation (e.G., Converting H&E to
immunohistochemistry). While GANs can enrich training datasets, they may also introduce artifacts that
mislead downstream models. Ensuring the fidelity of synthetic images is a critical challenge.

Stain translation uses image‑to‑image translation models, often based on GANs, to convert one staining
modality to another. For example, a CycleGAN can transform H&E images into virtual immunohistochemical
(IHC) images predicting Ki‑67 expression. This enables virtual multiplexing without the need for additional
lab work. Challenges include preserving anatomical accuracy and avoiding hallucination of structures that
do not exist in the original slide.

Virtual staining is a specific case of stain translation where computational methods generate a synthetic
stain from an unstained or differently stained image. Virtual H&E from fluorescence microscopy is an
emerging application that can reduce the need for physical sectioning. Practical uses include rapid
intra‑operative assessment and reducing reagent costs. Validation against real stained slides is essential to
ensure diagnostic reliability.

Patch‑based analysis divides a whole slide image into smaller, manageable tiles (patches) for processing by
machine learning models. A typical patch size ranges from 224 × 224 pixels to 512 × 512 pixels, depending
on the resolution and the target structures. Patch‑based approaches enable the use of standard CNN
architectures and reduce memory requirements. However, the aggregation of patch predictions to
slide‑level conclusions introduces challenges such as handling class imbalance across patches and defining
appropriate pooling strategies.

Slide‑level aggregation combines predictions from individual patches to generate a diagnosis for the entire
slide. Common aggregation methods include majority voting, average probability, and attention‑based
pooling where the model learns to weight patches according to their relevance. For instance, an
attention‑weighted average may prioritize patches containing tumor nests when estimating overall tumor
burden. Designing robust aggregation schemes is critical for accurate slide‑level reporting.

Attention mechanism allows a model to focus on specific parts of an input when making predictions. In
computational pathology, attention modules can be integrated into CNNs to highlight regions that
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contribute most to a classification decision. An attention map over a lung biopsy may reveal that the model
concentrates on the periphery of tumor nests when predicting adenocarcinoma. Attention mechanisms
improve interpretability but add complexity to the model architecture.

Multiple instance learning (MIL) is a framework where a bag (e.G., A whole slide) contains many instances
(e.G., Patches), and only the bag label is known. MIL models learn to infer instance‑level relevance from
bag‑level supervision. In pathology, MIL can be used to predict patient outcomes from whole slide images
without requiring exhaustive patch annotations. Challenges include designing effective pooling operators
and handling the high variability of instance contributions within a bag.

Pooling operator in MIL aggregates instance‑level features into a bag‑level representation. Common
operators include max pooling, mean pooling, and attention‑based pooling. Max pooling assumes that a
single positive instance determines the bag label, while mean pooling assumes a collective effect. Selecting
an appropriate pooling operator influences model sensitivity to focal versus diffuse disease patterns.

Spatial transcriptomics combines spatially resolved gene expression profiling with histology images,
providing a molecular map of tissue architecture. Computational pathology tools can integrate spatial
transcriptomics data with image features to correlate morphological patterns with gene expression. Practical
applications include identifying tumor‑immune interaction zones and discovering spatial biomarkers.
Challenges involve aligning modalities with differing resolutions and handling the high dimensionality of
transcriptomic data.

Radiomics is the extraction of quantitative features from medical imaging modalities such as CT, MRI, or
PET. While radiomics traditionally focuses on radiology, the concept extends to pathology where
image‑based features are termed “pathomics.” Pathomics can be combined with radiomics for multimodal
predictive models. For example, integrating CT‑derived tumor texture with histopathology‑derived nuclear
features can improve survival prediction in lung cancer. Challenges include harmonizing feature definitions
across modalities and ensuring reproducibility.

Pathomics specifically denotes the quantitative analysis of pathology images, analogous to radiomics.
Pathomics pipelines typically involve segmentation, feature extraction, and statistical modeling. A pathomics
study may extract 200 morphological and textural features from prostate biopsies to develop a risk score for
aggressive disease. Standardization of feature calculation and validation across cohorts are major
challenges.

Ontologies provide structured vocabularies that enable consistent annotation and data integration. In
pathology, the SNOMED CT and the Cancer Ontology are commonly used. Ontologies facilitate
interoperability between electronic health records, laboratory information systems, and computational
pipelines. For instance, mapping a model’s output to SNOMED CT codes allows seamless integration into
clinical decision support systems. Maintaining up‑to‑date ontologies and handling ambiguous terms are
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ongoing challenges.

Standardization refers to the adoption of uniform protocols for data acquisition, processing, and reporting.
In computational pathology, standardization encompasses scanner calibration, stain protocols, image file
formats, and annotation guidelines. Standardized datasets, such as the TCGA histology collection, enable
reproducible research and fair benchmarking. Barriers to standardization include institutional preferences,
legacy equipment, and regulatory constraints.

Health Level Seven (HL7) is a set of international standards for the exchange of clinical and administrative
data. In pathology informatics, HL7 messages can convey diagnostic reports, specimen metadata, and
imaging references. Integrating computational pathology outputs into HL7 workflows enables automated
report generation and decision support. Implementation challenges include mapping model predictions to
appropriate HL7 fields and ensuring compliance with privacy regulations.

DICOM (Digital Imaging and Communications in Medicine) is the standard format for storing and
transmitting medical images, including whole slide images. DICOM supports metadata such as patient
identifiers, acquisition parameters, and image annotations. Using DICOM for pathology images facilitates
interoperability with radiology systems and enables seamless integration into Picture Archiving and
Communication Systems (PACS). Challenges include the need for DICOM‑compatible scanners and handling
large WSI files within DICOM’s hierarchical structure.

Picture Archiving and Communication System (PACS) is a networked system that stores, retrieves, and
shares medical images. Incorporating computational pathology tools into PACS allows pathologists to view
AI‑generated overlays directly alongside the original slide. For example, a PACS integration may display a
heatmap of predicted tumor regions over a scanned biopsy. Technical challenges involve ensuring low
latency, maintaining data security, and providing user‑friendly interfaces.

Electronic health record (EHR) systems contain patient clinical data, laboratory results, and imaging reports.
Linking computational pathology outputs to the EHR enables holistic patient management and facilitates
research. A model predicting molecular subtypes from H&E images can automatically populate the
corresponding fields in the EHR, reducing manual entry. Integration must respect interoperability standards
and protect patient privacy under regulations such as GDPR and HIPAA.

Regulatory compliance in computational pathology involves adhering to legal frameworks governing
medical devices, data protection, and clinical validation. In many jurisdictions, AI algorithms used for
diagnosis are classified as medical devices and must undergo conformity assessment (e.G., CE marking in
Europe or FDA clearance in the United States). Compliance requires documented performance evaluation,
risk analysis, and post‑market surveillance. Challenges include navigating evolving regulatory landscapes
and providing transparent documentation of model development.

Data privacy protects patient information from unauthorized access and disclosure. In computational
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pathology, privacy concerns arise when sharing digitized slides for collaborative research. De‑identification
techniques, such as removing patient identifiers from image metadata and applying pixel‑level
anonymization, are employed to safeguard privacy. However, re‑identification risks persist, especially when
combined with genomic data. Robust governance policies and secure data enclaves are essential.

Federated learning enables collaborative model training across multiple institutions without sharing raw
data. Each site trains a local model on its own data and shares model updates (gradients) with a central
server that aggregates them. This approach preserves patient privacy while leveraging diverse datasets. In
pathology, federated learning can improve model generalization across hospitals with different staining
practices. Challenges include communication overhead, handling heterogeneous data distributions, and
ensuring convergence.

Model drift describes the gradual degradation of model performance over time due to changes in data
distribution, such as new staining protocols or emerging disease variants. Continuous monitoring of model
metrics in production environments is required to detect drift. Retraining or updating the model with recent
data can mitigate drift. Establishing automated drift detection pipelines and defining acceptable
performance thresholds are key challenges.

Explainable AI (XAI) encompasses a suite of methods designed to make AI decisions understandable to
human users. In computational pathology, XAI techniques such as class activation mapping, SHAP values,
and counterfactual explanations help pathologists trust algorithmic outputs. For instance, a SHAP analysis
may reveal that nuclear irregularity and stromal density are the most influential features for predicting
high‑grade sarcoma. XAI must be validated to ensure that explanations are faithful and not merely
plausible.

Counterfactual explanation provides an example of how input features would need to change to alter the
model’s prediction. In a diagnostic model, a counterfactual may indicate that reducing the proportion of
atypical nuclei below a threshold would change the prediction from “high‑grade” to “low‑grade.” This type
of explanation can guide further investigation and inform therapeutic decisions. Generating realistic
counterfactuals that respect biological constraints is a non‑trivial challenge.

Model interpretability toolbox includes software packages such as Captum, LIME, and DeepExplain that
implement XAI methods. These tools can be integrated into pathology pipelines to generate visual
explanations alongside predictions. Selecting appropriate tools and configuring them for large‑scale WSI
data requires careful engineering. Interpreting the outputs of multiple XAI methods and reconciling
conflicting explanations adds another layer of complexity.

Clinical decision support system (CDSS) integrates AI predictions into the clinical workflow to assist
healthcare providers. A CDSS for computational pathology might present a confidence‑weighted diagnosis,
highlight suspicious regions, and suggest ancillary tests. Effective CDSS design balances automation with
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clinician oversight, ensuring that the AI serves as an augmentative tool rather than a replacement.
Challenges include user interface design, alert fatigue, and maintaining accountability.

Risk stratification involves categorizing patients based on predicted likelihood of adverse outcomes.
Computational pathology models can stratify patients into low, intermediate, and high‑risk groups based
on morphological features.
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