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Learning outcomes

Core learning points

e Explain how the digital workflow extends conventional morphologic diagnosis.

Distinguish image digitization, digital slide review, and algorithmic interpretation.

Interpret the four clinical application areas specifically discussed.

Identify where expert review and other diagnostic modalities remain relevant.



Morphology remains central to pathology

Clinical or technical implications
Core proposition

e Morphologic evaluation helps recognize disease

) entities.
Cells and tissue

architecture remain the e The diagnostic medium may change without

primary ObJ ects of eliminating the need to interpret tissue.
examination.

e Digital pathology is a change in how morphology is
captured, shared, and analyzed.



Traditional learning 1s apprenticeship-based

Conventional practice

Study tissue at the light microscope

Compare observations with an
experienced pathologist

Develop pattern recognition through
repeated cases

Digital extension

Review digitized tissue on a screen

Share image-based consultations with
authorized viewers

Add computer-assisted interpretation as
a distinct function



Recognizing a morphologic pattern 1s learned

Conceptual sequence

Examine cells and _, Identify discriminating __ Relate the pattern to a
architecture findings diagnostic category

Human expertise supplies the morphologic reference frame for the digital transition.



The microscope 1s a viewing method—not the diagnosis

Clinical or technical implications
Core proposition

. . . e The microscope presents optical tissue information.
A diagnosis is an

interpretation of

biologic material, not o A digitized image presents tissue information on a
the instrument display.
displaying it.

e Adequacy and clinical correlation remain questions
separate from the viewing medium.



Digital pathology: Operational definition

Clinical or technical implications
Core proposition

e A glass histology slide becomes a digital image.
Computer-assisted
interpretation of
digitized histology
slides.

e The image can be reviewed on high-resolution
computer displays.

e Software can analyze the image; This is distinct from
ordinary digital viewing.



Two transitions must be distinguished

Digitization Algorithmic interpretation
e Scan a prepared slide e Analyze digitized morphology
e Store a digital representation e Use learned computational patterns

e Assist interpretation of a defined

e Make the image accessible for review . :
diagnostic task



Step 1: Prepare the tissue information

Conceptual sequence

Image available for

Histology slide — Digital scannin — ]
&Y & & review

The scan represents the original slide; It does not create new tissue evidence.



Step 2: Build a retrievable image archive

Conceptual sequence

Digitized image — Electronic archive —  Authorized retrieval

Institutional pipelines that compile scanned slides into accessible archives.



Step 3: Review on a high-resolution display

Clinical or technical implications
Core proposition

e A pathologist evaluates morphologic findings from the

Digital examination image.

can be performed on

computer screens e The display-mediated process still involves recognition
instead of at the and interpretation.

microscope.

e Algorithmic assessment is optional to this viewing
process.



Digital access changes where review occurs

Conceptual sequence

Authorized remote . Morphologic

Archived digital case @ — . .
viewer consultation

Location need not be the barrier that it is for physical co-viewing of a glass slide.



Access 1s a condition of remote review

Core proposition

“Anywhere” is
conditional on

appropriate access to
the case images.

Clinical or technical implications

e Robbins explicitly qualifies availability by access
permissions.

e Sharing an image is not the same as releasing clinical
information publicly.

e Access management is part of the operational
workflow, not a diagnostic feature.



Optical and digital workflows: Shared task

At the microscope

Physical histology slide

Optical examination

Expert identification of morphology

Diagnosis in clinical context

At the workstation

Scanned histology slide

Screen-based examination

Expert identification of morphology

Diagnosis in clinical context



The digital image has two distinct uses

Direct examination Computational assessment
e Digital slide read by a pathologist e Digital slide processed by an algorithm
e Morphologic observations e Task-specific algorithmic output

e Pathologist-led interpretation e Interpretation requires diagnostic context



A digital pathology pipeline

Conceptual sequence

Review or analysis &

Glass slide - scan — Image - archive . .
interpretation

A pipeline connects tissue evidence to accessible review; A model is not required at every
step.



Potential failure points follow the workflow

Conceptual sequence

Human or machine

Tissue material —>  Digital representation — . .
interpretation

Teaching inference: A downstream conclusion cannot compensate for a nonrepresentative
upstream specimen.



Why digitization 1s not equivalent to Al

Clinical or technical implications
Core proposition

e Digitization creates an image that can be stored and
viewed.
A scanned slide may be

examined without an e Artificial intelligence adds computer-based
algorithm interpretation of morphology.

e A lecture should not use “digital” and “Al” as
interchangeable terms.



Machine learning: Meaning in this context

Clinical or technical implications
Core proposition

e Machine learning as the basis of the anticipated

) diagnostic shift.
Algorithms learn from

digitized examples to
perform a defined e The task may involve a category, grade, or quantity.

interpretive task.

e Alearned output still answers only the question for
which it was developed.



Conceptual machine-learning cycle

Conceptual sequence

Examples of digitized _ Learning a task-related __ Applying the learned
morphology pattern pattern to an image

Original teaching schematic: Not a specific model architecture or experimental result.



H&E slides are a major Al input

Clinical or technical implications
Core proposition

e Hematoxylin-and-eosin morphology remains familiar
diagnostic evidence.

Algorithmic
interpretation of H&E- e Digitization makes the same general image class
stained slides available to software.

e The four examples in the text represent different
clinical questions.



Digital image analysis answers different questions

Clinical task Type of output
Metastatic tumor workup Proposed site of origin
Prostate cancer assessment Grade assignment
Transplant biopsy Rejection assessment

Liver biopsy Fibrosis quantification



A predicted label 1s not the underlying tissue

Core proposition

The algorithmic
answer and the
morphologic evidence
are different objects.

Clinical or technical implications

e The tissue image is the observation to be interpreted.

e A model output is an inference about that
observation.

e Promise—not perfect accuracy or universal
replacement of experts.



Different model tasks need different questions

Category-oriented Measurement-oriented
e Which primary site is plausible? e How much fibrosis is present?
e |s the biopsy suggestive of rejection? e Which tissue regions contribute?

e How is the measured quantity

. _ : : 5
Which cancer grade is assigned: interpreted?



Four applications highlighted

Conceptual sequence

Metastatic cancer . Prostate grading / . Liver fibrosis
origin transplant rejection guantification

These are the textbook’s illustrative application areas, not an exhaustive list or performance
ranking.



Metastatic cancer: Primary site may be obscure

Clinical or technical implications
Core proposition

e The digital pathology section cites prediction of site of
origin.

A poorly differentiated
metastasis can be
difficult to classify by
morphology alone.

e The parent laboratory-diagnosis section describes IHC
as useful for obscure primary sites.

e Different methods can address overlapping questions
without being equivalent.



Morphology provides clues to tumor origin

Conceptual sequence

Metastatic tissue . Histologic image . Candidate origin
sampled evaluated considered

The computer-assisted task is a prediction of origin—not direct observation of a primary
tumor.



Poor differentiation limits pure morphology

Core proposition

Loss of distinctive
differentiation
complicates assignment
of lineage or origin.

Clinical or technical implications

e Morphologic ambiguity among some malignant
tumors.

e Proposed digital predictions address a clinically
important source of uncertainty.

e A plausible origin remains distinct from independent
confirmation.



IHC and image-based predictions address origin

Digital morphology prediction

e Uses scanned tissue appearance

e Suggests the site of origin

e Promising application

Immunohistochemistry

Uses antigen expression in tissue

Can identify lineage or organ-specific
markers

Established adjunct in parent Robbins
section



Teaching case: Metastatic malignancy

Hypothetical teaching scenario

An H&E biopsy shows a poorly differentiated metastatic tumor. The primary site is
clinically uncertain.

Interpretive question

What exact question might the digital algorithm address?

A predicted site of origin; The interpretation should be considered alongside morphology,
clinical information, and appropriate ancillary tests.



Prostate cancer: Image-assisted grading

Clinical or technical implications
Core proposition

e Grading converts morphologic appearances into a

disease assessment.
Prostate cancer

grading as a promising
algorithmic e Adigital algorithm may support the grading task.
application.

e The supplied excerpt does not report grade-specific
concordance or diagnostic thresholds.



What makes a grading task different?

Recognition Grading

e Detect or identify a morphological

e Assign a defined category to a pattern
pattern & sory P

e Requires application of an accepted

e Ask whether a feature is present :
grading framework



Grading reflects histologic differentiation

Clinical or technical implications
Core proposition

e Poor differentiation is generally associated with more

) aggressive behavior.
, tumor grade is based

on cytologic
appearance and
differentiation.

e Grading is not synonymous with staging.

e Adigital grader aims at an interpretive histologic task,
not clinical stage.



Grade and stage are not interchangeable

Grading Staging
Cytologic appearance / differentiation Extent of disease
Microscopic tumor characteristics Size, nodal and distant spread

Describes tumor phenotype Describes anatomic distribution



Teaching case: Grading disagreement

Hypothetical teaching scenario

A computer-assisted grader and the reviewing pathologist assign different grades to
a prostate biopsy.

Interpretive question

What has this disagreement established?

Only that the two interpretations differ. Robbins provides no basis for assuming which
interpretation is correct without independent review.



Transplant rejection: Another morphologic task

Clinical or technical implications
Core proposition

e The input remains histologic tissue.

Algorithmic

f‘ssessment of rejection e The task is to evaluate morphology relevant to
in transplanted-organ rejection.

biopsies.

e The source does not give an organ-specific rejection
classification or performance estimate.



Biopsy-to-rejection assessment pathway

Conceptual sequence

Rejection-related
interpretation

Transplant tissue

i — Digital histologic image

The digital model output is described as “calling” rejection; Clinical diagnosis remains a
contextual act.



Teaching case: Transplant biopsy

Hypothetical teaching scenario

A transplant biopsy has been digitized and the algorithm reports a rejection-
associated interpretation.

Interpretive question

What question must the reader still ask?

Whether the underlying tissue and clinical context support the interpretation; The excerpt does
not specify any diagnostic criteria.



Liver fibrosis: Quantitative image analysis

Clinical or technical implications
Core proposition

e Unlike a class label, quantification is a measurement-
oriented output.

Quantification of
fibrosis in liver
biopsies.

e Theinput is a digitized tissue section.

e The excerpt does not specify the stain, unit,
segmentation technique, or clinical cutoff.



Fibrosis quantification: Conceptual sequence

Conceptual sequence

Recognition of fibrosis-

Li . . — .
iver biopsy image related regions

Quantitative summary

Schematic only: No numeric area, grade, percentage, or cut-off is implied.



Teaching case: Fibrosis report

Hypothetical teaching scenario

A digital image-analysis result summarizes fibrosis in a liver biopsy.

Interpretive question

What information is missing before clinical interpretation?

The measurement definition, how the tissue was sampled, and the interpretive framework;
Robbins does not provide these details.



The four applications are not one algorithm

Application Clinical information sought
Metastatic cancer Likely tissue or site of origin
Prostate cancer Histologic grade

Transplant biopsy Rejection-related assessment

Liver biopsy Amount of fibrosis



Generalization across tissues cannot be presumed

Clinical or technical implications
Core proposition
e Diverse application areas separately.
Promise in one
histologic task does not e . L
S e Each asks a distinct diagnostic or quantitative

establish capability in question.
another.

e A useful evaluation must match the model output to
its clinical purpose.



More digitized slides can support learning

Conceptual sequence

Potentially better
algorithmic
performance

Slides available for . More examples of
learning morphology

This as an expectation; It does not state that sample size alone guarantees validity.



Volume is not a substitute for representative evidence

Core proposition

The quality of
examples matters to
what can be inferred
from them.

Clinical or technical implications

e Teaching inference’s emphasis on adequate,
representative specimens.

e Increasing image count need not resolve a systematic
sampling problem.

e The supplied excerpt reports no universal minimum
dataset size.



Evidence 1s needed for an algorithmic claim

Key Pathologic Findings

e Applications have shown promise

e Digitized material for training is
increasing

e Routine use is forecast as likely

What Robbins does not supply

Task-specific accuracy estimates

Study design and external validation
results

Clinical performance cutoffs or
deployment requirements



A forecast 1s not a measured outcome

Core proposition

The author anticipates
routine computer-
assisted morphology in
future practice.

Clinical or technical implications

e |tis a prospective assessment text.

e No implementation date, universal adoption rate, or
guaranteed benefit is measured.

e Describe the statement as the author’s expectation,
not a verified present-day fact.



Pathologists can use 1mages without automated diagnosis

Conceptual sequence

Image reviewed by . Morphologic

Glass slide digitized pathologist interpretation reported

This pathway already illustrates digital pathology even without machine learning.



Clinical interpretation remains multimodal

Conceptual sequence

Clinical history + _, Morphology * auxiliary

) Integrated diagnosis
specimen tests & 2

The adjacent Robbins sections establish that information beyond morphology may change
diagnosis.



Adequacy precedes digital analysis

Clinical or technical implications
Core proposition

e Adequate, representative and properly preserved

. o tissue.
A diagnosis is only as
reliable as the material
Supplied for e Scanning does not correct sampling inadequacy.

examination.

e Analytic sophistication and specimen sufficiency are
distinct questions.



Specimens may enter pathology in different forms

Sampling approach in Robbins Diagnostic material
Excision or tissue biopsy Tissue architecture available for histology
Fine-needle aspiration Aspirated cells for examination

Cytologic smears Cellular material spread onto slides



Clinical context affects morphologic interpretation

Clinical or technical implications
Core proposition

e Treatment-associated changes may mimic cancer.

Clinical data as
invaluable to accurate e Healing tissues may simulate neoplastic features.
diagnosis.

e Digital image review does not erase the need for
clinical information.



A reactive mimic can complicate a cancer diagnosis

Histologic image alone Image with clinical context
e Shows tissue changes at the sampled site e Adds history of radiation or injury
e May contain ambiguous or reactive e Allows more informed differential

findings diagnosis



H&E remains a foundation—not the only tool

Core proposition

Morphologic
examination anchors
cancer diagnosis, with
recognized limits.

Clinical or technical implications

e Histology and cytology as foundational.

e Certain poorly differentiated tumors remain difficult
to distinguish.

e |HC, flow cytometry, and molecular diagnostics can
add discriminating evidence.



IHC can define lineage in an ambiguous tumor

Example marker in Robbins Relevant interpretation
Cytokeratin Supports epithelial origin

Desmin Supports muscle differentiation
CDA45 Supports hematopoietic neoplasia

SOX10 Often associated with melanoma



Lineage detection and computer prediction differ

IHC finding ML morphology output

e Observed immunostaining pattern e Learned interpretation of an image

e Supports lineage or a tissue-associated

. . e Suggests a task-specific conclusion
diagnosis &8 P



Molecular information serves distinct purposes

Use described by Robbins Diagnostic role

Genomic alterations Classification and selected diagnosis
Tumor-associated alterations Prognostic or therapeutic stratification
Clone-associated sequences Minimal residual disease assessment

Germline variants Hereditary predisposition evaluation



Digital morphology does not replace tumor profiling

Clinical or technical implications
Core proposition
e Digitized H&E reflects tissue morphology.
Image interpretation
and molecular profilin . .
d . 0 60}1 pro 8 e Molecular studies interrogate genetic or RNA-related
examine different fegtures.
kinds of evidence.

e These as complementary laboratory modalities, not
interchangeable measurements.



Integrated diagnostic reasoning: Practical model

Conceptual sequence

Adequate specimen + Morphology and _,  Contextual diagnostic
history relevant adjuncts conclusion

Add digital review and algorithmic outputs where they genuinely address the clinical
question.



Teaching case: Uncertain primary site

Hypothetical teaching scenario

A metastatic biopsy is poorly differentiated. An image algorithm proposes an origin;
A selected IHC panel offers a different interpretation.

Interpretive question

Which result should automatically override the other?

Neither. The discrepancy calls for evaluation of tissue adequacy, morphology, clinical
information and the relevant diagnostic evidence.



Teaching case: A confident-looking algorithm

Hypothetical teaching scenario

A model returns a categorical answer on a digital image. No validation information
accompanies the output.

Interpretive question

Can the model output alone establish clinical reliability?

No. A categorical result is not proof of accuracy; The Robbins excerpt offers examples of promise
but no validated task-specific operating characteristics.



The central distinctions

Component

Histology slide

Digital scan and archive

Human digital review

Machine-learning algorithm

Its principal role

Holds sampled morphologic evidence

Stores and makes the image accessible

Interprets morphology on a workstation

Provides task-specific computer-assisted analysis



Synthesis: Promise and boundary

Core learning points

Digitization extends access to morphologic evidence.

e Machine learning adds interpretation of defined image-based tasks.

e Tumor origin, prostate grade, rejection, and liver fibrosis.

Sampling, clinical context, and complementary tests remain relevant to diagnosis.



Selected source and scope

Robbins, Cotran & Kumar. Pathologic Basis of Disease. 11th ed. 2026. Chapter 7, “Digital
Pathology,” p. 301.

Adjacent context: Chapter 7, “Laboratory Diagnosis of Cancer,” including histology/cytology, IHC,
molecular diagnostics and tumor markers, pp. 296-301.

Application cases and original diagrams are explicitly instructional schematics, not textbook
figures, validation studies or patient cases.
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