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The use of artificial intelligence (Al) within pathology and health care has advanced extensively. We
have accordingly witnessed an increased adoption of various Al tools that are transforming our
approach to clinical decision support, personalized medicine, predictive analytics, automation, and
discovery. The familiar and more reliable Al tools that have been incorporated within health care
thus far fall mostly under the nongenerative Al domain, which includes supervised and unsuper-
vised machine learning (ML) techniques. This review article explores how such nongenerative Al
methods, rooted in traditional rules-based systems, enhance diagnostic accuracy, efficiency, and
consistency within medicine. Key concepts and the application of supervised learning models (ie,
classification and regression) such as decision trees, support vector machines, linear and logistic
regression, K-nearest neighbor, and neural networks are explained along with the newer landscape
of neural network-based nongenerative foundation models. Unsupervised learning techniques,
including clustering, dimensionality reduction, and anomaly detection, are also discussed for their
roles in uncovering novel disease subtypes or identifying outliers. Technical details related to the
application of nongenerative Al algorithms for analyzing whole slide images are also highlighted.
The performance, explainability, and reliability of nongenerative Al models essential for clinical
decision-making is also reviewed, as well as challenges related to data quality, model interpret-
ability, and risk of data drift. An understanding of which AI-ML models to employ and which
shortcomings need to be addressed is imperative to safely and efficiently leverage, integrate, and
monitor these traditional Al tools in clinical practice and research.

© 2024 THE AUTHORS. Published by Elsevier Inc. on behalf of the United States & Canadian Academy
of Pathology. This is an open access article under the CC BY license (http://creativecommons.org/
licenses/by/4.0/).
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Introduction

In recent years, health care has seen a revolution owing to both
nongenerative and generative artificial intelligence (Al), with
machine learning (ML) playing a major role in this development.
Nongenerative Al (ie, traditional predictive analytics, rules-based

0893-3952/© 2024 THE AUTHORS. Published by Elsevier Inc. on behalf of the United States & Canadian Academy of Pathology. This is an open access article
under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

https://doi.org/10.1016/j.modpat.2024.100680


Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
mailto:pantanowitzl2@upmc.edu
mailto:rashidihh@upmc.edu
mailto:rashidihh@upmc.edu
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1016/j.modpat.2024.100680
https://doi.org/10.1016/j.modpat.2024.100680

Liron Pantanowitz et al. / Mod Pathol 38 (2025) 100680

or expert system) refers to ML models that carry out computations
based on patterns discovered from pre-existing input data (eg,
classifying a pathology image into benign or malignant). In
contrast to such nongenerative Al models that mainly serve our
predictive analytics needs, our generative Al models (as was
explained in article 2 within this series) predominantly revolve
around ML models that produce entirely new data (eg, generating
fake digital pathology or radiology images or new text outputs,
etc)."? The nongenerative Al models discussed within this review
have been in use for years within the health care system and have
benefited patient outcomes in numerous ways, including
improved workflow efficiency, diagnostic accuracy, and consis-
tency. These nongenerative Al models (ie, traditional ML) are
typically categorized into 3 main groups (unsupervised learning,
supervised learning, and reinforcement learning [RL]).>** Although
unsupervised learning looks for hidden patterns or structures
within “unlabeled” data, supervised learning uses models trained
on “labeled” data sets to predict particular outputs (eg, classifying
a pathology whole slide image (WSI) as benign or cancerous). In
contrast to the relatively simpler approaches used in supervised or
unsupervised learning methods, RL employs agents that can learn
by trial and error through interactions with their environment by
a rewards/penalty integrated process.” As the part 3 of our 7-part
Al review series (Fig. 1), which covers the topic of nongenerative
AI-ML in health care, this article will mainly focus on the super-
vised and unsupervised learning categories because currently RL
is less frequently used in medicine.

The history of nongenerative Al (eg, traditional predictive an-
alytics) in health care dates back several decades.®® Supervised
learning has its roots in the 1950s and 1960s, when pioneers like
Alan Turing explored the concept of “Computing Machinery and
Intelligence.”” The field then gained significant momentum in the
1980s with the development of various more advanced ML and
statistical methods along with backpropagation algorithms within
neural networks, which enabled efficient training of the multi-
layer perceptrons (ie, the start of the modern neural network ar-
chitecture).'® Deep learning (ie, deep neural networks), a subset of
Al methods, employs such neural networks with many layers to
learn from data.'" Many deep learning models, such as convolu-
tional neural networks (CNNs) used for classifying images, are
trained using supervised learning. Unsupervised learning has a
similarly rich history, with k-means clustering and hierarchical
clustering emerging as popular techniques in the 1960s and 1970s.
Deep learning techniques are also leveraged in some unsuper-
vised learning tasks.

In recent years, advances in computing power, data storage,
and algorithmic sophistication that have employed a variety of
deep neural networks (in addition to the classic non-neural
network ML approaches; Fig. 3) has also enabled nongenerative
Al models to tackle increasingly more complex challenges through
newer foundation models that are being increasingly used for
both supervised (eg, classification) and unsupervised tasks (eg,
anomaly detection, AD) within our pathology and medicine

arenas,'? including but not limited to image analysis and disease
diagnosis,'>'* as well as analyzing vast amounts of complex data
to make predictions in personalized medicine (see Fig. 2)."°

The supervised ML category, as mentioned, uses “labeled” data
that can be further subclassified as a classification or a regression
model (eg, if the supervised task is predicting a discrete class such
as cancer versus normal, it will likely employ a classification
model, whereas continuous numeric targets such as the predic-
tion of a patient’s number days stay in an intensive care unit will
most likely employ a regression ML model) .

In health care, supervised ML (specifically the classification
method) has been instrumental in developing diagnostic algo-
rithms for image analysis along with a multitude of other clinical
decision support tasks (eg, sepsis prediction, etc). Within the
image analysis deep learning tasks, CNNs have been used for many
needs including Al tools that diagnose diabetic retinopathy from
fundus photographs,'® detecting cardiac arrhythmias from elec-
trocardiogram signals,'” screening for breast cancer in mammo-
grams,'® and many other cases of innovative use.'>*? In pathology,
for example, CNNs have been trained to classify histopathologic
WSIs of tumors such as prostate adenocarcinoma into different
grades with a high level of accuracy, even outperforming human
pathologists in some studies.”?> However, as mentioned, classi-
fication tasks are not the only supervised ML models in use, as
regression studies have also been used in a variety of health care
domains. Other regression models that have been used in medi-
cine include, but are not limited to, predicting survival rates or
estimating disease severity scores based on various medical data,
including genomic profiles or those acquired through patient
electronic medical records.?®

Although supervised learning ML methods (using “labeled”
data) have become quite popular within our medical arena,
unsupervised ML methods (utilizing “unlabeled” data) have
also found numerous applications within the health care space.
These include, but are not limited to, methods such as clus-
tering algorithms (eg, k-means, hierarchical, etc), a type of
unsupervised learning that uses unlabeled data, where similar
(homogeneous) entities or patterns are eventually grouped (ie,
clustered) together to identify novel disease subtypes or pa-
tient subpopulations that may benefit from personalized
treatment strategies.”* For example, clustering analysis of im-
aging phenotypes,>® gene expression,’® or transcriptomics
data®’ has revealed distinct molecular subtypes of breast can-
cer that are associated with different clinical outcomes.
Another unsupervised approach that is frequently employed
within health care is the use of dimensionality reduction
techniques (eg, principal component analysis, PCA) that
remove irrelevant, noisy (eg, irrelevant features), or redundant
data to simplify the analysis of high-throughput “omics” data,
enabling researchers to visualize and identify patterns in
complex data sets.’®?? AD is yet another unsupervised method
used to identify unusual patterns, outliers, and rare or unusual
disease cases that may not be captured by traditional diagnostic
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(A) This hierarchical structure of artificial intelligence technologies illustrates the layered architecture of Al. At the broadest level, Al encompasses various approaches,
with ML forming a subset focusing on systems capable of learning and improving from data. Within ML, deep learning represents a specialized branch involving deep
neural networks designed for complex tasks. Nowadays, a significant portion of such tasks can be addressed through the use of Foundation Models (large-scale models
pretrained on vast data sets that include LLMs involving text data and vision models involving image data to address various Al applications). These foundation models
can be further stratified as those addressing generative Al tasks (eg, creating new data or content) and those involving nongenerative Al applications (eg, predictive and
classification tasks). (B) This highlights nongenerative Al foundation model tasks in pathology and medicine, which include “quality control” within pathology and
medical images, “classification” tasks (such as distinguishing cancerous from normal tissues from the whole image), “object detection” (eg, identifying specific objects
within the image such as in placing bounding boxes around blasts in a blood smear image), “segmentation” (eg, delineating tumor boundaries within a pathology WSI),
and “AD” (eg, detecting irregularities in radiology or pathology images). These tasks represent some of the critical applications that nongenerative Al foundation
models are improving diagnostic accuracy and workflow efficiency within pathology and medicine. Such foundation models are mostly based on pretrained general-
purpose models, trained on vast data sets that can be finetuned later on smaller task-specific data sets to perform a wide range of downstream tasks (eg, transfer
learning an image foundation model such as ResNet or the use of clustering-constrained attention multiple instance learning for applying attention mechanisms for
processing patch-level features of WSIs and make slide-level predictions. These can reduce the need for developing multiple models from scratch, saving time and

computational resources. LLM, large language model.

criteria.® In pathology, unsupervised learning has enabled the
discovery of novel features, protein signatures, and biomarkers
for disease diagnosis and monitoring.>' Several of these novel
findings revealed by deep learning algorithms identify not only
features associated with specific diseases and tumor biology
but also helps select certain patients for targeted therapy and/
or predict treatment responses. By uncovering hidden patterns
within large data sets, unsupervised ML approaches can not
only serve to provide more refined data features but also offer
the potential to revolutionize our understanding of some of
these disease mechanisms that can lead to improved patient
outcomes. Finally, in addition to the aforementioned non-
generative Al unsupervised tasks, certain layers of generative Al
frameworks (eg, ChatGPT) may also employ unsupervised
methods within their workflow (eg, pretraining phase of a large
language model), discussed in more detail in the other review
articles (eg, articles 1 and 2) within this series.

One of the primary advantages of nongenerative AI-ML tech-
niques is their relative simplicity of use and the potential for
interpretability. Unlike generative models, which have extremely
limited options for understanding the basis for an algorithm’s
output, traditional ML approaches are more amenable to
providing explainable results via a suite of techniques termed
“explainable AlI”.>>** Providing transparency is critical to allow
clinicians to trust the output of algorithms and understand how
they arrive at a decision, diagnosis, or prediction. High-quality
nongenerative AI-ML techniques also offer a higher degree of
reliability and robustness, as they may be less prone to overfitting
or generating spurious patterns. In contrast, generative Al models

can be more sensitive to biases incorporated into training data (or
such biases may be harder to detect and counteract) and may
therefore produce unrealistic or misleading results. Furthermore,
nongenerative AI-ML techniques are often more computationally
efficient and require fewer resources than generative models,
making them more accessible to researchers and clinicians with
limited computational infrastructure.

Finally, another significant advantage of nongenerative Al-
ML techniques is their ability to provide more reproducible
statistical reliability and assessment measures (see article 4 in
this series for more details). Traditional ML approaches (eg,
classification) can be rigorously evaluated using established
metrics (ie, confusion-matrix-based performance measures),
such as accuracy, precision (positive predictive value), recall
(sensitivity or true positive rate), specificity (ie, true negative
rate), receiver operator curve area under the curve (ROC-AUC),
precision-recall AUC, and F1-score, allowing for a more familiar
and transparent understanding of their performance measures
and limitations.*>* In contrast, generative Al models can be
challenging to evaluate, as they often produce complex outputs
that are difficult to quantify or compare. Nongenerative AI-ML
techniques also enable the use of established statistical
methods for hypothesis testing and confidence interval esti-
mation, providing a robust framework for assessing the sig-
nificance and uncertainty of results. This systematic reliability
is essential in health care, where clinicians need to make
informed decisions based on evidence. By leveraging non-
generative AI-ML techniques (eg, traditional predictive ana-
lytics such as classification or regression studies), researchers
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(A) This figure is an overview of common supervised learning categories (ie, classification and regression models), as well as examples of commonly used supervised algorithms
(eg, decision tree, SVM, neural network, etc). (B) An example of a deep learning (DL)-based image analysis algorithm. In this case, the model is applied to digitized Pap test slide
screening. Input data (left) include labeled images with both squamous and glandular cell classes. These data are used to train a deep neural network composed of computational
units called neurons that connect in different layers. This transforms the data into their final result. During the convolution process, filters are applied (manually or learned) to
detect certain patterns or features such as the geometric shape of cells, their nuclear-to-cytoplasmic (N:C) ratio, and even HPV-related changes. (HPV not defined in text) The
extracted features can be used for various output tasks (eg, quantification, classification, and segmentation).

and clinicians can thus develop more reliable and trustworthy Supervised Machine Learning

algorithms (ie, models) that improve disease diagnosis, pattern

identification, and patient outcomes. Supervised ML is a type of nongenerative Al that involves
Therefore, this review dives deep into the world of nongenerative training models on “labeled” data sets to make predictions (such

Al highlighting the various supervised and unsupervised algorithms a5 classification or regression) on new and unseen data. Common

employed within health care along with some common use casesin  to most supervised ML studies is the concept of “train-test split,”

each domain and known limitations within such platforms. in which a subset of the data set is used by the algorithm (eg, a



Liron Pantanowitz et al. / Mod Pathol 38 (2025) 100680

neural network or non-neural network ML method) to train the
model followed by testing the model with the remainder of the
data set; for example, 80-20 split, which means that 80% of the
data were used to train the model and 20% were used for initial
validation testing. In the context of pathology and health care,
supervised learning has been instrumental in developing diag-
nostic algorithms for image analysis, disease classification, and
risk prediction.

As mentioned earlier, there are 2 primary categories of super-
vised learning: classification and regression (Fig. 3A). Classifica-
tion models aim to predict categoric labels or classes, such as
tumor versus nontumor tissue or diseased versus healthy patient
outcomes. Examples of some commonly used classification algo-
rithms include support vector machines (SVMs), random forest (a
tree-based method), and CNNs (a deep neural network). Regres-
sion models, on the other hand, seek to predict continuous values
or numeric outputs, such as predicting patient survival rates or
estimating disease severity scores. Linear regression, decision
trees, and neural networks are popular examples of regression
algorithms. It is important to note that a special category of su-
pervised learning termed “self-supervised learning” does not
require explicit ground-truth labels for the training data (Fig. 5)
but instead learns to extract features useful for downstream
analysis tasks based on intrinsic statistical properties of the
training data.

Some of the common supervised algorithms/methods are
further described below, which include decision trees (eg, random
forest and Gradient Boosting Machines), SVMs, linear and logistic
regression, K-nearest neighbor (KNN), and the various neural
networks.

Decision Trees

Decision trees are a popular nonparametric choice for su-
pervised ML in medicine and pathology.>® With a flowchart-like
structure in which data get split, each internal node represents
a decision point, and each branch the outcome of this decision
(Fig. 3A). They are simple, versatile, and easy to comprehend
and visualize. Ensemble decision tree methods, such as Random
Forest and Gradient Boosting Machine (where multiple trees
are combined to improve performance), have become popular
methods in building such tree-based ML models that can pre-
dict patient outcomes, diagnose diseases, and sometimes help
identify new biomarkers.>® These more advanced ensemble
methods can be used for both classification and regression
tasks and can handle more complex patterns in high-
dimensional data compared with simpler methods such as lo-
gistic regression. However, disadvantages of simpler decision
trees are that they may overfit data, introduce instability (even
small data changes can result in very different trees), and be
biased toward dominant classes in certain data sets. Notably,
random forest and gradient boosting machine’s ensemble na-
ture helps minimize the overfitting and instability that are
typically inherent of the simpler decision trees, but they are not
completely immune to these issues and therefore will require
proper hyperparameter tuning and data preprocessing (eg,
balancing data sets) throughout the build phase to optimize
their generalizability and final performance.

Support Vector Machines

SVMs are another widely used algorithm in supervised
ML within medicine. They too excel at handling high-

dimensional data and can be used for classification tasks.
The main goal is to find the optimal boundary (so-called
hyperplane) that best separates labeled data points of
different classes. In a 2-dimensional space, the hyperplane is
a line. Data points closest to this line are referred to as
support vectors. The goal of the SVM is to maximize the
margin (gap) between these support vectors and the hyper-
plane (Fig. 3A). If a trained SVM model is presented with a
completely new data point, it can be used to predict on
which side of the hyperplane it will end up, thereby
assigning it the matching class. SVMs have been applied to
diagnose (classify) diseases such as cancer, diabetes, and
cardiovascular disease.>’*® To make predictions from
continuous data (eg, forecasting future values), a regression
approach can be used with SVMs, which is known as support
vector regression. SVM models unfortunately can be difficult
to interpret (especially if using higher dimension kernels, ie,
kernel trick), and they may be computationally intensive
when dealing with large data sets.

Linear and Logistic Regression

Logistic regression and linear regression are commonly used
supervised ML algorithms in medicine due to their simplicity and
interpretability. Linear regression is denoted by a straight line,
whereas logistic regression reveals an S-shaped curve. Both
methods can be used for predictive modeling.>° Several variations
and extensions of linear regression have commonly been applied
in medicine, which include but are not limited to ordinary least
squares regression, multiple linear regression, and polynomial
regression. In contrast to linear regression tasks, logistic regres-
sion is often employed for binary or ordinal classification tasks,
such as diagnosing the presence or absence of a disease, whereas
linear regression can be used in regression tasks to predict
continuous outcomes such as blood pressure measures or glucose
levels.

K-Nearest Neighbor

KNN is a very simple, yet sometimes effective, algorithm used
in certain supervised ML studies.>***! KNN can be employed for
both classification and regression tasks. Interestingly, unlike
other ML algorithms, the KNN model does not require a training
phase. These are also sometimes referred to as “lazy algorithms”
because the computation is delayed until the prediction phase.
As you can imagine, for large data sets, this can be computa-
tionally very expensive. The KNN approach can be useful in
certain circumstances and has been applied to diagnose (clas-
sify) certain disease states, especially within the tabular data
domains (eg, predicting acute kidney injury based on various
biomarkers such as neutrophil gelatinase-associated lipocalin,
creatinine, and urine output). KNN’s simplicity makes it an
attractive choice when dealing with smaller tabular data sets or
noisy features.

Neural Networks

Neural networks are a powerful tool in supervised ML that
have been exploited for AI-ML use in medicine and pathology,
particularly when dealing with complex patterns in high-
dimensional data. These computational models are composed of
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layers of interconnected nodes (artificial neurons), designed in a
manner that is akin to the human brain. Each neuron receives the
input data, processes these using weights, applies an activation
function (eg, sigmoid, rectified linear unit), and then passes the
result to the next layer of neurons. A neural network is typically
structured as follows: (1) input data flows first to an input layer,
(2) which then gets passed through multiple hidden layers that
perform computations and transformations (eg, where deep
learning of complex patterns occurs), and (iii) then reaches the
final output layer, which generates the final prediction or classi-
fication (Fig. 3B).

There are different types of neural networks including simple
feedforward neural networks, where the data flows in only 1
direction, and CNNs, which use convolutional layers.*> CNNs are
frequently employed for analyzing complex data, such as, but not
limited to, large image files (eg, WSIs) for tasks such as image
classification, object detection, or segmentation. To reduce the
spatial dimensions of feature maps within a CNN, pooling layers
are used, which help down-sample the data while retaining key
information within it. Learnable filters (kernels) are also used to
extract features (eg, edges, textures, and patterns) as they slide
(convolve) over the input data. These feature maps ultimately
help reduce the dimensionality of the data while preserving
important information. Certain features (eg, such as Haralick
features) may also be used to quantify the texture of an image
that are not directly interpretable by humans. Although these
processes help in providing a more capable model, their ele-
ments also contribute to the “black box” nature of such deep
learning platforms. Besides the aforementioned vision studies
(ie, image analysis), certain neural networks are also excellent for
natural language processing as well as other tasks that require
complex pattern recognition or generation needs (further described
in article 2 within this series).

Application and Performance of Supervised Learning Models

Supervised ML can be applied to solve many challenges in
pathology and laboratory medicine, such as predicting the cost of
lab tests based solely on certain patient characteristics and test
results. For instance, a regression model generating continuous
numerical value output can be trained on a data set of patient
demographics, medical history, and laboratory test results, along
with the corresponding costs of each test. The model learns to
identify patterns in the data that correlate with higher or lower
costs and can then be used to predict the cost of future tests. This
approach may help many laboratories optimize their resource
allocation and reduce health care expenditures. Mislabeling of
patient specimens is another major issue and a source of possible
patient harm, which often remains undetected using traditional
non-ML methods of verifying changes in a single analyte over
time. Use of supervised ML, specifically SVM, has been shown to
enable the robust detection of these errors by leveraging inputs
from multiple analytes over time.*?

In pathology, supervised ML can also be used to develop clas-
sification models (ie, discrete class outputs) that diagnose diseases
from labeled data. Today, CNNs have become a cornerstone of
modern Al within image classification studies. As explained above,
neural networks can learn to convert pixel data from images into
progressively higher-order visual features over the course of
sequential convolution and pooling steps. Using the features
extracted from an image, a classifier head, which is a set of fully
connected layers, learns to identify patterns that distinguish be-
tween 2 or more classes that the training data have been labeled

with. The trained model can then be used to classify new, unseen
images. For example, a deep learning model can be trained on a
data set of histopathologic images of breast tissue, where each
image is labeled as either benign or malignant, which may help
improve diagnostic accuracy.***>

To perform well, some AI-ML models (especially neural net-
works) require large amounts of data. In addition, training and
operating these algorithms can be computationally demanding.
Hence, they often require specialized hardware within local
computing platforms or a high-performance computing environ-
ment that uses supercomputers and computer clusters with
graphics processing units or tensor processing units.*® Comparing
the performance of different Al algorithms is also crucial for
ensuring accurate and reliable diagnostics. For a classification task,
confusion matrix-based metrics such as accuracy, precision (pos-
itive predictive value), recall (sensitivity or true positive rate),
specificity (ie, true negative rate), ROC-AUC, precision-recall AUC,
and F1-score can be used to evaluate and compare the true per-
formance and reproducibility of such algorithms. Details of these
measures and other related metrics can be found in article 4
(Statistics of generative and nongenerative AI-ML) within this
series.

Unsupervised Machine Learning

Figure 4 provides an overview of the commonly employed
unsupervised ML methods. In contrast to supervised ML, un-
supervised ML involves training models on “unlabeled” data
sets to uncover hidden patterns, relationships, or structures
within the data that are often neither intuitive nor easily
elucidated by standard statistical approaches or biological hy-
potheses. In medicine, unsupervised learning has been applied
to a range of tasks including clustering patient subpopulations
based on various profiles (eg, gene expression, diseases, etc),
reducing the dimensionality of high-throughput “omics” data
(eg, genomics, proteomics, transcriptomics, metabolomics, and
others), and detecting anomalous patterns in certain data sets
(eg, outliers in laboratory test results, rare objects in medical
images).*’>° Within the traditional nongenerative Al space,
unsupervised ML models can be categorized as follows: (1)
clustering algorithms that group samples (instances) of unla-
beled data, (2) summarization and dimension reduction algo-
rithms that aim to find a compact description for a data set, and
(3) association rules and AD mechanisms that help explore
meaningful or nonmeaningful relationships among different
variables in a data set.

Some of the most common clustering algorithms include
k-means and hierarchical clustering, which can identify novel
disease subtypes or personalized treatment strategies by
grouping similar data points into discrete clusters or segments.
The classic dimensionality reduction techniques include
PCA, t-distributed stochastic neighbor embedding, and uniform
manifold approximation and projection (UMAP). These methods
can help simplify complex data sets by projecting their original
data onto lower-dimensional spaces, which can facilitate
downstream visualization and feature selection needs. Finally,
AD methods may include local outlier factor, which can identify
unusual or outlier data points (eg, an unexpected treatment
response). By uncovering unexpected insights within large un-
labeled data sets, unsupervised learning has the potential to not
only feed and help optimize downstream supervised models but
to also help in uncovering certain disease mechanisms or
outcome measures.
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This figure presents a visual overview of the most common types of unsupervised learning models, as well as examples of some common algorithms which fall under the

category of unsupervised learning.

Clustering

As noted, clustering is an unsupervised learning algorithm
used to group similar data points into clusters based on their
characteristics.”">> One such approach is done through the k-
means clustering algorithm that is used to partition unlabeled
data into distinct clusters (groupings of data) based on their
feature similarities by randomly initializing K centroids (also
called cluster centers) within that feature space (Fig. 4). These
centroids represent the initial guesses for the cluster centers
and are used to group the data points into their respective
clusters based on the similarity measures or distance calcula-
tions (eg, Euclidean distance or Manhattan distance). In pa-
thology and medicine in general, k-means clustering has been
applied to identify subtypes of diseases, such as different can-
cer subtypes from patient subgroups with distinct clinical
features or gene expression profiles. Each cluster with unique
characteristics, such as specific genetic mutations or protein
expression, can inform treatment decisions and improve pa-
tient outcomes. By grouping similar data points into clusters, k-
means clustering therefore enables researchers and clinicians
to uncover hidden patterns in various data sets, thereby gaining
insights into the underlying biology of various disease pro-

cesses.”> >

Dimensionality Reduction

Dimensionality reduction is an unsupervised learning algo-
rithm used to reduce the number of dimensions (ie, features) in a

data set in relation to the original number of features while
preserving their most important information (ie, minimizing
useful data loss within the process). This process can be used to
simplify Al models, compress data, reduce noise, improve per-
formance, prevent overfitting, and reduce computational costs.
In other words, this method allows one to convert original data
into a smaller (ie, more compact) version that still maintains
most of the useful information. In medicine and pathology,
dimensionality reduction techniques, such as PCA, t-distributed
stochastic neighbor embedding, and UMAP, have been applied to
visualize high-dimensional digital images, genome-wide DNA
methylation patterns, identify patterns in gene expression pro-
files, and uncover hidden relationships between laboratory test
results.”®

Anomaly Detection

AD (or outlier) is an unsupervised learning algorithm used to
identify outliers, irregularities, or unusual data points that do
not conform to the expected pattern (ie, deviate from the norm).
Once a model is trained on archival data to learn what consti-
tutes “normal,” when presented with new data, it will evaluate
and compare this against learned patterns to discover any
anomalies. There may be a single data point anomaly or a
collection of data points that are anomalous. In medicine and
pathology, AD has been applied to pinpoint unusual patient
records with a particular health issue or error in data entry,
detect rare genetic mutations, identify errors or flags in labo-
ratory test results, and identify unusual patterns in medical
imaging data.’”>8
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This image highlights the 3 main approaches to WSI prediction tasks (fully supervised, weakly supervised, and self-supervised).

Specific Applications of Unsupervised Learning Models in Medicine

As mentioned, unsupervised learning has many use cases
within medicine, one of which within laboratory medicine in-
cludes the use of unlabeled data to identify patterns in laboratory
results, such as correlations between different test results or as-
sociations with patient outcomes. For example, a model can be
trained on a data set of complete blood count results from patients
with various diseases, along with their corresponding diagnoses
and treatment outcomes. The model can also learn to identify
patterns in the complete blood count data that are associated with
specific diseases or outcomes and can then be used to distinguish
high-risk patients from the lower-risk patient group. This
approach can help clinicians make more informed decisions and
improve patient care.

Another example could be in helping to reduce the risk of
intravenous (IV) fluid contamination when drawing blood sam-
ples from patients. Performing phlebotomy on hospitalized pa-
tients can risk contamination of the patient blood specimen with
IV fluids that can lead to potentially erroneous patient laboratory
results because the detection of this IV fluid contamination may

be very difficult to accurately assess. However, unsupervised
methods (eg, UMAP) have demonstrated success in this arena by
helping us to detect such IV fluid contamination. Additionally,
these unsupervised methods appear more robust to the multiple
fluid types, which can cause contamination, compared with prior
work using supervised methods that required expert labeling.””
Our research domains can also make use of such powerful Al
platforms. In experimental pathology, AI-ML studies using the
aforementioned techniques are increasingly being coupled with
advanced technologies (eg, multiplexed imaging and 3D imaging
like multiphoton microscopy or light-sheet fluorescence micro-
scopy) to analyze large data sets in order to elucidate complex
interactions between tumor cells, immune cells, and their sur-
rounding tumor microenvironment.®® Multiplexing refers to the
simultaneous (parallel) staining or analysis of multiple analytes or
biomarkers within a single tissue section/sample using various
techniques (eg, low-plex via immunohistochemistry or high-plex
with immunofluorescence). Multiplex assays today can generate
high-dimensional image data sets that require sophisticated
software with algorithms to manage, visualize, and analyze these
complex image files. Apart from quantifying multivariate
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parameters, correlations between markers and spatial relation-
ships can be evaluated. This helps investigators identify discrim-
inating patterns between experimental groups, as well as unravel
complex cellular interactions. Newer spatial biology techniques,
including spatial transcriptomics and imaging mass cytometry,
provide detailed spatial maps of gene expression and protein
distribution within tissues, which can also be analyzed using
unsupervised learning methods like k-means clustering or hier-
archical clustering to uncover hidden structures and relationships
within such data. Genomic studies, such as whole-exome
sequencing, RNA-seq, and genome-wide DNA methylation
profiling generate vast amounts of data that are amenable to
analysis by ML techniques such as PCA, tSNE and UMAP to identify
novel gene signatures or patterns associated with specific disease
states. Unsupervised methods can also be complementary to su-
pervised approaches. As an example, random forest classifiers
(supervised learning) applied to DNA methylation array data from
a patient’s tissue sample can be used to assign a methylation class
corresponding to known types and subtypes of brain tumors,
assisting in accurate diagnosis.®' The same data can also be fed to
an unsupervised method such as UMAP for dimensionality
reduction or a clustering method to identify putative new sub-
types of tumors which can further complement and enhance the
aforementioned supervised approach.®?

Digital Pathology and Nongenerative Artificial Intelligence-
Machine Learning

Digital pathology leverages technology known as whole slide
imaging to convert pathology glass slides into high-resolution
digital images (WSIs), which can subsequently be viewed
remotely, shared, and/or analyzed using AI-ML.%> WSI can be ac-
quired with a whole slide scanner using brightfield or fluores-
cence illumination. Image files come in various proprietary file
formats (eg, Aperio SVS, Hamamatsu NDPI, Philips TIFF, 3DHistech
MRXS, Motic MDS, Olympus VSI, Zeiss CZI), as well as Digital
Imaging and Communications in Medicine (DICOM). WSI file size
is generally very large and can vary depending on several factors
(eg, amount of tissue area scanned, optical lens magnification
used such as 10x vs 40x, Z-stacking or number of focal planes
scanned, and compression software applied to acquired images).
For example, a WSI file of a tissue sample measuring 20 mm x 15
mm scanned at 0.25 micrometers per pixel can be 4.8 gigapixels
(ie, approximately 80,000 x 60,000 pixels).>* WSIs typically also
contain various types of artifacts (eg, stain variation, regions out
of focus, etc), making it difficult to train algorithms, especially
when using homogeneous and small data sets.®> Although most
WSIs typically require dedicated image viewing software to
navigate, there are some universal viewers available (eg, Open-
Slide library).%®

WHSI files can be labeled and annotated. Labeling (ie, patient-
level) refers to linking the slide with a diagnosis (eg, benign
breast tissue or carcinoma and genomic subtype) and/or meta-
data (eg, patient demographics, clinical findings, tumor grade/
stage, immunohistochemical study results, response to therapy,
etc). These are important to document as deep learning algo-
rithms can be trained to predict some of these attributes solely
from an hematoxylin and eosin (H&E)-stained slide. Annotation
refers to the process of marking or labeling specific structures
(eg, cells, mitotic figures) or areas known as regions of interest or
objects of interest within these images. Creating annotated data
sets is important for supervised learning models to train each
algorithm to recognize and classify different structures/features

within these WSIs. Annotations can be performed using digital
tools (eg, overlaying bounding boxes of different colors on an
H&E image). These can be done through a dedicated viewer and
open-source software (eg, QuPath; https://qupath.github.io)®” or
commercial tools such as V7 whose annotations can be exported
in text format (eg, JSON and XML) and saved. Given the size of a
typical WSI, annotations of an entire slide performed at high
magnification can be time consuming and are subject to human
interpretation.

As noted, Gigapixel WSIs are difficult to work with because of
their large size. This is why graphics processing units or tensor
processing units are required when training and running an Al
system to evaluate WSIs. For this reason, WSIs can be broken
down into smaller and more manageable image patches (patch
sampling).?®% Downscaling images (eg, scanning at lower
magnification, compression, and cropping) as an alternative may
result in loss of important details. Once a patch size is defined,
image patches can be extracted by sliding this predefined patch
(window) across the entire WSI. Most image patches are 256 x
256 pixels. They cannot be too small, or they may not provide
sufficient context when classifying an objects of interest (ie,
overly small patches might lack necessary details). Image
patches (or tiles) can be selected randomly during each epoch of
training (Fig. 5) or, for supervised learning, can be picked from
annotated regions with class labels (eg, the bounding box of
tumor vs nontumor annotated by a pathologist). Because
patches (usually squares) form part of a grid, they may include
overlapping or nonoverlapping sections. A CNN can accordingly
be used to train and to predict such patient-, slide-, and/or
patch-level characteristics.

CNNs can sometimes be pretrained on very large and diverse
general (nonpathology image) benchmark data sets (eg, Image-
Net), which can expedite subsequent fine-tuning or retraining of
the pathology-specific model (transfer learning). This also im-
proves performance and generalization and reduces computa-
tional needs because the model will already have learned to detect
common features and patterns (eg, edges and textures). It is
important to be aware that skewed data due to class imbalances
(eg, when patches of only background white material outnumber
those with scanned tissue) could lead to biased models that may
not generalize well.”® This is similar to other classification-type
tasks that are sensitive to such imbalanced data sets (further
discussed in article 4 of this series). For limited data sets,
augmentation can be used to increase the size and diversity of
training data sets by modifying images including geometric
transformations (eg, rotating, flipping, and cropping), color
transformations (eg, adjusting brightness, contrast, saturation,
and hue), and other methods (eg, blurring and sharpening).
Additional preprocessing steps may be employed such as
normalization (eg, adjusting pixel values using techniques such as
color deconvolution) or removing artifacts including irrelevant
white space (eg, using image filters), which is especially important
for H&E-stained images due to the marked variability seen with
staining protocols and different scanners. Consistent color repre-
sentation in WSIs can also help enhance the performance of ML
models.

Once an entire WSI is converted into smaller patches, a CNN
can be trained using this patch-wise pipeline to learn hierarchical
features from these image patches (ie, input data). Sometimes
multiple labeled image patches (batches or instances) can be used,
even if individual instances are not labeled (multi-instance
learning). This is very useful when labeling is difficult or expen-
sive. Patches will need to be aggregated (eg, by feature or class) if
the task is to predict a label at the slide level or generate a


https://qupath.github.io

Liron Pantanowitz et al. / Mod Pathol 38 (2025) 100680

heatmap of objects of interest, and not just evaluate individual
patches (ie, patch-level analysis).”! Feature selection may be
necessary to eliminate useless features and thereby reduce the
dimensionality of the data set.”> CNNs rely on filters (ie, applica-
tion of a mathematic operation to each pixel) to detect and
enhance specific features (eg, shapes or edges in images), as well
as reduce noise. After a convolutional layer extracts features, a
pooling layer can also be applied to down-sample feature maps. A
ML model may involve many training cycles or epochs (eg, 10-
1,000), which are dependent on numerous factors (eg, model
complexity and data set quantity and quality). The final task of a
trained model can be to analyze a WSI for identification, classifi-
cation (eg, diagnosis), quantification, and/or segmentation.

The final model’s performance can be compared with that of
a pathologist (ie, the ground truth) and evaluated using metrics
such as accuracy, precision, recall, F1 score, ROC curves, and
calculating AUC. Heatmaps can be used to visualize the model’s
predictions. Figure 5 depicts a comparative analysis of fully
supervised, weakly supervised, and self-supervised ML for pa-
thology image classification. Fully supervised ML would refer to
scenarios where small regions within a slide are clearly anno-
tated. Such annotation could come from pixel-level annotation
or assigning individual labels to specific regions within the
image. The other approach is weakly supervised learning,
which allows for training of supervised models with labels
corresponding to the WSIL. Such a form of weak supervision,
where a gigapixel image would correspond to a supervisory
signal without explicit localization of where such a signal exists
within the image, is closer to how pathology data are clinically
collected, as these labels can be extracted from pathology re-
ports. Such weakly supervised learning often relies on pre-
extracted feature representations, which can be derived from
pretrained feature encoders. In contrast to fully supervised and
weakly supervised approaches, self-supervised learning drives
a supervisory signal from within the data, hoping that the
earlier layers of the model would be capable of rich abstract
feature extraction, which could be used for a host of down-
stream tasks, including being utilized for fully supervised and
weakly supervised learning. In essence, self-supervised
learning will try to create a strong foundation of feature
extraction that can be adapted to a wide range of tasks in
downstream fully supervised or weakly supervised tasks. This
may lead to a decreased reliance on large amounts of annotated
data, particularly valuable in scenarios where labeling is chal-
lenging or resource intensive.

Emerging Paradigms in Artificial Intelligence

Given the rapid pace at which advances in the field of Al are
occurring, emerging techniques are continuously being applied to
train deep learning models using larger data sets to solve complex
tasks within pathology and medicine (ie, foundation models).
Certain foundation models as described in Figure 2 are relatively
confined to nongenerative Al tasks, whereas others are the driving
force of many of our generative Al needs (described further in
article 2 of this series). As mentioned, certain nongenerative deep-
learning foundation models can be used to further fine-tune one’s
nongenerative Al needs (eg, transfer learning), and some may help
orchestrate some of our multimodal tasks that will populate our
future space soon (ie, our new generative Al capabilities as dis-
cussed in article 2 of this series).

Multimodal tasks can involve a variety of data types within
medicine. In today’s world, advances in omics testing (eg,
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genomics, transcriptomics, proteomics, and metabolomics) have
allowed us to more extensively characterize tissue samples.
Computational pathology has concomitantly evolved from
developing simple Al algorithms that merely extract only select
features from histopathology slides (called “histomics”) to those
able to analyze a hierarchy of novel features in entire WSIs (called
“pathomics,” “tissue phenomics,” or “next generation histo-
morphometry”).”>’4 These advanced Al models can accordingly
be trained to predict both biological (eg, tissue staining and/or
molecular results) and clinical endpoints (eg, patient survival and
therapy response).”” This is similar to radiomics, where Al is being
used to extract macroscopic features from radiology images to
predict clinical outcomes.

Vision transformers (ViTs), a type of neural network architec-
ture that uses a self-attention mechanism, have been utilized to
help process images. ViTs can perform both patch-level and slide-
level image classification, segmentation, and object detection.”®
These models also require a high-resolution input image to be
divided into fixed-size patches. However, after each patch is lin-
early embedded into a vector, positional information gets added to
retain the spatial relationships between patches. This allows
vectors to be fed into a transformer encoder to capture global
context and relationships within the entire image. For this reason,
ViTs may outperform traditional CNNs when tasked to recognize
subtle changes in histopathology that can affect large areas of
tissue. Also, it is easier to scale Al using ViTs when working with
large, diverse data sets.

As mentioned, the generative Al foundation models are also
revolutionizing the field of pathology. The well-known gener-
ative Al model ChatGPT (ie, GPT4) is based on a foundation
model called generative pretraining transformer (GPT).””’% As
noted, such generative Al foundation models may be ideal for
various multimodal Al orchestration tasks, which include, but
are not limited to, a combination of text, image, and multiomics
data.”®

In addition, as noted earlier, the classic nongenerative foun-
dation models are also of great value. These trained Al models
can later be adapted (finetuned) using transfer learning to
perform many new tasks using less, more task-specific, anno-
tated data (Fig. 2). They may enhance generalization and require
less extensive retraining (eg, these Al models can analyze new
external data sets despite variations in image quality, staining,
or tissue type).”> Of note, such foundation models may also be of
great value in detecting rare diseases, where traditional models
might struggle due to limited training data.”® Such foundation
models also offer in-context learning, can self-correct their
mistakes, and adjust to user feedback.””””® However, developing
foundation models not only requires massive data sets but also
depends on high-performance computing and technical exper-
tise. Ultimately, the most likely best solution for a responsible Al
approach is one that simplifies the approach as much as possible
but also may employ a combination of traditional and advanced
approaches (with or without generative Al) in addressing the
task at hand.

Limitations of Nongenerative Artificial Intelligence-Machine
Learning

Most nongenerative ML algorithms work well because of
human-designed (domain experts) representation and input fea-
tures. However, there are several key challenges to be aware of
when applying nongenerative AI-ML to medicine. One of the
significant challenges in applying nongenerative ML to medical
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and pathology data is the issue of poor data quality.®® Medical data
sets often suffer from noise, missing values, and inconsistencies,
which can significantly impact the performance and reliability of
ML models. Hence, it is imperative to continuously avoid using
poor-quality data when designing ML models. For instance, elec-
tronic health records may contain errors or omissions due to
manual entry or system glitches, whereas imaging data sets may
be affected by variations in image acquisition protocols or equip-
ment. Moreover, medical data are often heterogeneous,
comprising different data types such as numeric values, categoric
variables, and free-text notes, which can make it difficult to
integrate and analyze. Missing values are also a common problem,
particularly in longitudinal studies where patients may drop out
or miss appointments.

Additionally, in certain studies, the appropriate label (or
ground truth) can be flawed.®! Relying on experts to adjudicate
cases for labeling can limit the effectiveness of AI-ML algo-
rithms, which may be better equipped to identify patterns than
the experts themselves. Finding reliable measures that will
create validated data sets for use in the training phase of the
model is also a critical measure in the algorithm development
pipeline. These will include, but are not limited to, robust data
preprocessing approaches along with the appropriate cleaning
strategies within the model lifecycle. The intrinsic quality of
data (eg, does it represent the groups well or not, etc) can also
lead to a model that on the surface may appear functional but
biased in its nature when applied to a more diverse patient
population (ie, failing to appropriately generalize to all or most
new, unseen data).

Another challenge in nongenerative ML studies is the concern
around model interpretability. This is especially problematic
because the increase in data complexity typically translates to a
need for using less interpretable ML models (ie, black box algo-
rithms such as deep learning foundation models). Consequently,
as ML models grow more intricate, they become more challenging
to comprehend the process by which they generate their pre-
dictions or end results. This lack of transparency can be prob-
lematic in medical applications where accountability and trust are
crucial.®? For example, a model that predicts cancer diagnosis
based on genomic data may not provide insights into which
specific genetic mutations contribute to the prediction, making it
challenging for clinicians to understand the underlying biology.
Similarly, models that analyze medical images may not provide
clear explanations for their classification decisions, leading to
concerns around accountability and reproducibility. To address
these concerns, researchers are developing techniques such as
feature importance analysis, saliency mapping, and model
explainability methods to provide insights into ML decision-
making processes.®>%* However, more work is needed to
develop interpretable models that can be trusted in high-stakes
medical applications, especially as the data landscape becomes
more complex.

Finally, a fully validated deployed ML model may start to
deteriorate in its accuracy performance over time due to a
variety of reasons. One major reason could be due to the
introduction of “drift.” Decreases in the performance of a ML
model can occur due to either data drift or concept drift. Data
drift is the result of changes in input data or the relationships
between the data changing over time. This can be caused by
changes in an instrument used to obtain the input data,
changes in a lot of reagents used to stain a pathology slide, or
gradual changes in the performance of an assay. Concept drift
is when the relationship between the data and what it is
predicting or the clinical context change. This can be caused
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by the introduction of new analyses or tests, shifts in pop-
ulations, or refining of diagnostic outcomes to name just a
few (eg, the patient demographic or what they are now being
exposed to might have changed, which is currently deterio-
rating the performance of the original validated ML model
prediction tool). Therefore, continuous monitoring of all our
ML models in clinical use should remain a priority and a
required part of their monitoring framework (ie, within ML-
Ops; discussed further in article 7) to detect and correct
such drifts more safely.®’

The digital transformation witnessed in health care resulting in
large volumes of complex data is being increasingly addressed and
exploited with AI-ML methods. The type of AI-ML method utilized
to address these needs depends on a multitude of variables that
can be related to the problem, the data type, and their associated
computational needs. As shown, traditional (ie, predictive ana-
lytics) nongenerative Al methods can address many of these tasks.
As mentioned, based on the level of supervision used, such Al
methods can be grouped into 3 broad categories that include su-
pervised, unsupervised, and RL.

Supervised ML is a great solution when labeled (tagged or
delineated) data sets are available. In computational pathology,
supervised learning models can be used for a variety of tasks
including classification (eg, segmentation) and regression tasks.
nfortunately, manually annotating data is labor-intensive for
many of these studies (especially pixel-based labeling) and
subject to observer variability. Such labor-intensive annotation
can also be expensive, especially if it relies on subject-matter
experts (ie, experienced pathologists). For this reason, unsuper-
vised learning is sometimes employed where ML algorithms can
instead infer salient patterns from unlabeled data. With rapid
advances in the field of Al, semisupervized learning has also
emerged as a viable option (Fig. 5).8%” With this method, a small
amount of labeled data is combined with a large amount of
readily available but unlabeled data. Despite their benefit, sem-
isupervized learning models are also not without their own set of
limitations (eg, they are computationally intensive and not
readily available to implement). Another possible solution within
this space could involve the use of synthetic data to augment
some of our limited real-world data sets, ultimately enabling
researchers to generate realistic simulations that can improve
their model performance needs.’

As the practice of medicine and pathology becomes
increasingly reliant on Al, many shortcomings related to this
technology need to be addressed.®®%° This includes providing
sufficient amounts of labeled and unbiased data for data-
hungry deep learning algorithms. Over the years, several
grand challenges and competitions with public data sets (eg,
Kaggle, CAMELYON) were launched to promote Al algorithm
development and objectively compare the performance of such
algorithms.’® Other ways to label data have been sought,
including crowdsourcing (using a large network of people,
often nonmedical, to label data) and active learning (where the
learning algorithm interactively queries a user to expedite
annotation). Finally, to further unleash the power of AI-ML,
newer methods have surfaced, which include image search,’!
multimodal algorithms (fusion of multiple data sources), new
foundation models, and generative Al multiagent frameworks
as orchestrators.”®%2°%4 The future of health care Al is likely
going to be a multimodal approach that incorporates a combi-
nation of both nongenerative and generative Al models
orchestrated through a multiagent framework (ie, cross-talking
Al agents), which ultimately improves their adaptability, scal-
ability, and generalizability.
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