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Abstract: Artificial  intelligence  (AI)  and  digital  pathology  (DP)  are  transforming  the  landscape  of  diagnostic  histopathology.
This review provides an overview of how traditional  pathology workflows-long reliant  on physical  slides and subjective inter-
pretation-are  being reshaped by digital  slide  acquisition,  machine learning algorithms,  and multi-omics  integration.  The article
outlines  the  historical  foundations  of  diagnostic  pathology and the  shift  toward  digitization,  followed by an  exploration  of  the
practical challenges  in  implementing  AI  tools,  including  infrastructure  needs,  training  requirements,  and  regulatory  considera-
tions. The clinical applications of AI-such as automated cancer detection, mutation prediction, and deep learning-based classific-
ation-are discussed alongside recent developments in federated learning and explainable AI (XAI). Particular attention is given to
the integration of genomics and digital morphology, which allows for more accurate prognostic and predictive modeling. While
the implementation of AI raises concerns regarding cost, standardization, and interpretability, the conclusion emphasizes that AI
will serve as a powerful tool to support-not replace-the pathologist. By enhancing diagnostic reproducibility, reducing workload,
and expanding the analytical  scope of  histopathology,  AI has  the potential  to  advance precision medicine and improve patient
care.
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 Introduction

For  more  than  a  century,  diagnostic  pathology  has  relied  on  the
visual examination of stained tissue sections under a light micro-
scope.
Tissues  obtained  through  surgical  procedures  or  biopsies  are

processed  using  well-established techniques,  embedded  in   par-
affin,  sectioned,  stained-typically  with  hematoxylin  and  eosin-
and evaluated for cellular and structural features.
This workflow,  though largely  unchanged since  the  19th  cen-

tury, remains cost-effective and diagnostically powerful, forming
the  backbone  of  routine  pathological  assessment  across  a  wide
range of diseases[1].
In the last  decade,  diagnostic  pathology has undergone a  sub-

stantial transformation driven by advances in molecular profiling
(MP) and  digital  pathology  (DP).  Traditional  classification   sys-
tems, which  are  based  primarily  on  tissue  of  origin  and  histolo-

gical morphology, are increasingly being challenged by evidence
of molecular heterogeneity across tumors[2]. Tumors from differ-
ent anatomical sites may share common molecular features, while
tumors from the same site may differ significantly in their genet-
ic profiles. Recent evidence indicates that the use of artificial in-
telligence (AI)  can  improve  the  diagnostic  accuracy  of   patholo-
gical diagnosis[3].
This shift has prompted a growing interest in classification sys-

tems rooted  in  genomic  alterations  rather  than  histological   ap-
pearance alone. In parallel, digital pathology-characterized by the
conversion  of  glass  slides  into  high-resolution  whole-slide  im-
ages  (WSIs)-has  gained  regulatory  recognition.  The  FDA’s  ap-
proval  of  WSI  systems  in  2017  marked  a  pivotal  moment,  with
subsequent studies validating their diagnostic equivalence to tra-
ditional light microscopy in more than 2,000 cases[4].
Simultaneously,  the  integration  of  artificial  intelligence  (AI)

into digital  pathology  workflows  has  enabled  significant   im-
provements  in  diagnostic  performance  and  efficiency.  A  recent
meta-analysis involving over 150,000 WSIs demonstrated that AI-
based systems  achieved  a  mean  sensitivity  of  96.3%  and   spe-
cificity  of  93.3%  across  various  diagnostic  tasks.  However,  the
generalizability  of  these  high-performance metrics  can  be   influ-
enced  by  the  homogeneity  of  training  data,  often  derived  from
specific institutions and scanner models, necessitating robust ex-
ternal  validation[5].  In  the  context  of  breast  cancer  lymph  node
metastasis detection, AI-assisted workflows improved sensitivity
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from 74.5% to 93.5%, while reducing average slide review time
from 129 to 58 seconds[6,7].
Beyond diagnostic  accuracy,  AI  models  have shown potential

in  inferring  molecular  subtypes  and  genetic  alterations  directly
from  H&E-stained slides.  In  lung  cancer,  deep  learning   al-
gorithms have reached 83–97% accuracy in distinguishing adeno-
carcinoma  from  squamous  cell  carcinoma.  Some  models  have
also  predicted  gene  mutation  status  that  is  not  morphologically
visible.  Additionally,  large-scale  "foundation  models"  trained
over 1.5 million WSIs across 17 cancer types have demonstrated
robust  performance,  with  specimen-level  AUC  values  reaching
0.949[4].
Despite these  promising  developments,  several  challenges   re-

main.  The  lack  of  standardized  protocols  for  image  acquisition
and  annotation,  variability  in  staining  methods,  and  insufficient
external validation across institutions limit the generalizability of
many AI  solutions.  Another  critical  concern  is  the  limited   inter-
pretability of many AI models, often described as "black boxes".
This has led to the emergence of Explainable AI (XAI), which of-
fers visualizations such as heatmaps and attention maps to clarify
which features contributed to the model’s output, thereby facilit-
ating  clinical  trust  and  adoption  7.  While  methods  like  Grad-
CAM and  LIME  provide  visual  cues,  translating  these  into   ro-
bust,  pathologist-understandable rationales  for  complex   dia-
gnoses remains an active area of research[8]. Initial clinical imple-
mentation efforts have begun in select institutions.  For example,
AI  tools  are  being  evaluated  in  prostate  cancer  grading  and
colorectal polyp  classification  at  several  academic  medical   cen-
ters. These early efforts suggest that, with proper validation, AI-
assisted  digital  workflows  may  be  gradually  integrated  into
routine pathology practice[9].
In  conclusion,  the  convergence  of  AI  and  DP  represents  a

transformative  moment  in  diagnostic  medicine.  With  continued
technical refinement, regulatory oversight, and clinical validation,
AI-enhanced  pathology  has  the  potential  to  deliver  faster,  more
reproducible, and  more  precise  diagnoses,  ultimately   contribut-
ing to the advancement of personalized medicine[1].
Therefore, this narrative review systematically synthesizes cur-

rent  evidence  on  artificial-intelligence-driven  digital  pathology.
We conducted a comprehensive literature search across PubMed,
Scopus,  and  Web  of  Science  databases  using  keywords  such  as
"digital  pathology",  "artificial  intelligence",  "histopathological
diagnosis",  "deep  learning"  and  "precision  medicine",  focusing
on articles published between 2006 and 2025. Our selection pri-
oritized  peer-reviewed  original  research,  meta-analyses, and   au-
thoritative review  articles  addressing  diagnostic  accuracy,   mo-
lecular stratification,  and  explainability.  In  the  sections  that   fol-
low,  we first  delineate  how routine pathology workflows evolve
in the era of whole-slide imaging and cloud-based infrastructures,
then examine algorithmic performance across major tumor types,
discuss  validation  and  regulatory  pathways,  and  conclude  with
future research priorities.

 The pathology workflows in the era of digital imaging

The adoption of digital pathology has fundamentally transformed
organizational dynamics within pathology departments, affecting
diagnostic routines,  interprofessional  communication,  and   labor-
atory infrastructure. One of the most rapidly impacted areas is the

operational  framework  of  anatomical  pathology  units,  where
manual  handling  of  glass  slides  has  given  way  to  streamlined,
high-throughput digital  workflows  powered  by  advanced   ima-
ging systems[10].
Once glass slides are converted into digital format using high-

resolution  whole-slide scanners,  the  resulting  images  are   auto-
matically  uploaded  to  the  Laboratory  Information  Management
System (LIMS). This integration enables immediate access from
any  authorized  workstation,  allowing  pathologists  to  review  or
share cases without  waiting for  physical  slides  to  circulate.  This
paradigm shift  optimizes  workload  distribution  and  reduces   ad-
ministrative overhead associated with slide logistics[11].
Beyond  in-house accessibility,  digital  workflows  facilitate   re-

mote diagnostics and consultation. Early pioneering work in tele-
pathology by Weinstein et al.[12,13] laid the foundation, while mod-
ern advances  by  Krupinski  et  al.  and  others  demonstrate   im-
proved case turnaround and interobserver agreement-especially in
frozen-section  analysis[14].  This  capability  is  particularly  critical
for  community  or  rural  hospitals  that  lack specialist  expertise  in
subspecialties  such  as  hematopathology,  neuropathology,  or
dermatopathology.  Secure  sharing  of  digital  slides  permits  real-
time  expert  review  without  delays  and  risks  of  physical
transport[15].
A further  advantage  of  digital  pathology  lies  in  the   develop-

ment of centralized case repositories.  Digital images can be cur-
ated and indexed by diagnosis, staining technique, molecular pro-
file, or patient metadata, enabling efficient retrieval and compar-
ative  review.  This  allows  pathologists  to  easily  revisit  historical
cases  from  the  same  patient  or  review  morphologically  similar
cases across a patient's cohort. Such archives aid in reducing dia-
gnostic inconsistencies and support longitudinal disease monitor-
ing, resident  education,  proficiency  testing,  and  even   retrospect-
ive research studies[16].
Integration with computational image analysis tools is another

major strength of digital workflows. Validated software solutions
can accurately quantify histologic features including cellular mor-
phology,  mitotic  activity,  and  immunohistochemical  biomarker
expression. For  instance,  Yan  et  al  (2024)  validated  an  AI   al-
gorithm  for  PD-L1  scoring  in  diffuse  large  B-cell  lymphoma,
showing  high  concordance  with  expert  pathologist  assess-
ments[17]. Other studies confirm consistent quantification of Ki-67
and nuclear atypia across institutions, reducing observer variabil-
ity and enhancing reproducibility[18].
By delegating repetitive quantitative tasks to software, patholo-

gists can focus on diagnostic interpretation and contextualization,
while  ensuring  high fidelity  in  measurement.  This  hybrid  model
promotes greater objectivity and minimizes subjective bias, espe-
cially in biomarker-driven oncologic decision-making[4,19].
To further illustrate the operational shift introduced by digitiz-

ation, Table 1 summarizes key differences between conventional
and digital pathology workflows. The comparison highlights how
digital systems enhance efficiency, support remote collaboration,
and enable reproducible quantitative analysis.
Collectively, digital  pathology  redefines  the  spatial  and   tem-

poral  dimensions  of  diagnostic  work.  Real-time access,   intelli-
gent  data  organization,  computational  augmentation,  and  remote
collaboration create a robust, scalable diagnostic ecosystem. This
environment supports  standardized  practices,  accelerates   turn-
around  times,  and  fosters  interdisciplinary  collaboration-key
components of modern precision medicine initiatives[20].
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 Challenges for digital pathology

While digital  pathology  (DP)  has  brought  substantial   advance-
ments  in  diagnostics,  workflow efficiency,  and  interprofessional
collaboration,  several  significant  challenges  continue  to  limit  its
full  integration  into  routine  clinical  practice.  These  issues  span
technical, infrastructural, regulatory, and logistical domains.
An  early  misconception-analogous  to  the  rise  of  molecular

pathology-was that  digital  tools  could  completely  replace   tradi-
tional histopathology. However, this perspective overlooks a fun-
damental  dependency:  a  high-quality digital  image  is  only   pos-
sible if derived from an equally high-quality physical histologic-
al  slide.  The  pre-analytical phase  remains  a  cornerstone  of   dia-
gnostic accuracy. The technical staff must continue to apply rig-
orous  standards  in  tissue  processing,  sectioning,  and  staining  to
ensure that digitized material meets the resolution and fidelity re-
quirements for diagnostic interpretation[10,11].
A major unresolved barrier lies in the lack of standardized di-

gital  image  formats  across  scanner  vendors.  Unlike  radiology,
which has  widely  adopted  the  DICOM  format,  pathology   ima-
ging  still  suffers  from  fragmentation.  Each  digital  slide  scanner
manufacturer  typically  uses  proprietary  image  formats,  which
complicates  image  sharing  between  institutions,  particularly  in

multicenter studies or external consultations. This limits the inter-
operability of systems and hinders collaborative diagnostic work-
flows.  Initiatives  aiming  to  develop  a  unified  digital  pathology
standard are in progress,  but  widespread adoption has yet  to oc-
cur. Until then, inter-institutional diagnostic networks remain re-
stricted  mainly  to  research  collaboration  rather  than  real-time
clinical deployment[14,21].
Fig. 1  illustrates  a  typical  digital  pathology  workflow,  from

slide  preparation  and  scanning  to  data  archiving,  AI-assisted  in-
terpretation,  and  report  generation.  This  schematic  emphasizes
how technical  and  organizational  bottlenecks-such as  format   in-
compatibility and storage infrastructure-can affect the implement-
ation of digital systems across institutions.
Another constraint  is  related  to  workforce  dynamics.  As   dia-

gnostic  demand  rises-driven  by  an  aging  population,  increased
cancer  screening,  and  expanding  use  of  companion  diagnostics-
the volume and complexity of pathology cases continue to grow.
Paradoxically, many regions are facing a decline in the number of
practicing  pathologists.  Digital  pathology  offers  opportunities  to
mitigate workload through AI assistance and remote triaging, but
its successful  implementation  requires  strategic  workforce   plan-
ning, training, and resource allocation[15].
 

 

Table 1.  Comparison  of  Conventional  vs  Digital  Pathology  Workflows:  Comparison  of  key  workflow  components  between  conventional  and
digital pathology systems.

Feature Conventional Pathology Digital Pathology

Slide access Physical only, location-bound Remote, simultaneous multi-user access

Time to review Variable (logistics-dependent) Immediate, via digital workstation

Subspecialty consultation Delayed (slide shipment required) Real-time remote consultation

Quantitative analysis Manual, subjective Automated, reproducible

Archive and retrieval Physical storage, non-indexed Digitally indexed, searchable database

Educational use Limited storage and accessibility Global access to annotated archives

Digital pathology enables faster, scalable, and more collaborative diagnostic processes.

 

DIGITAL PATHOLOGY WORKFLOW

Glass slide

Prepare a

tissue sample

VNA or other storage

Save a
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Integration with EHR

Upload additional
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Report results

Capture an image
View and edit
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Fig. 1. Schematic  representation  of  the  digital  pathology  workflow,  including  slide  scanning,  LIMS  integration,  digital  archiving,  remote
consultation, and computational analysis.
Adapted from open-source materials (e.g., Kvalito Consulting Group [2023]; AltexSoft [2022]) under CC license[22]).
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Infrastructure  and  storage  requirements  also  pose  significant
challenges.  High-resolution  whole-slide images  generate   enorm-
ous  file  sizes-ranging  from  hundreds  of  megabytes  to  several
gigabytes  per  slide.  For  high-throughput  institutions,  this  can
amount  to  petabytes  of  data  annually,  necessitating  robust  and
scalable data  storage  solutions.  Moreover,  there  is  ongoing   de-
bate about the legal and regulatory requirements regarding long-
term  retention  of  digital  images  versus  physical  glass  slides.
While some institutions maintain both formats to satisfy compli-
ance and verification protocols,  others are exploring digital-only
archiving strategies. However, no universal consensus exists, and
practices vary  widely  depending  on  national  legislation,   institu-
tional policy, and technological capacity[16].
Additionally,  concerns  persist  regarding  long-term  accessibil-

ity and  digital  image  integrity.  Institutions  must  ensure  that   im-
ages  remain  retrievable  and  diagnostically  intact  over  extended
periods, which demand regular system maintenance, software up-
dates,  and  future-proof  data  migration  strategies.  These  factors
contribute to the total cost of ownership of digital pathology plat-
forms, potentially hindering adoption, especially in low-resource
settings[23].
Lastly, the  implementation  of  quality  control  protocols,   con-

sensus criteria, and validation studies is essential to establish dia-
gnostic  reliability  equivalent  to  or  better  than  that  of  traditional
light microscopy.  Without  regulatory  frameworks  and  multicen-
ter  validation,  the  routine  use  of  DP  in  primary  diagnosis  will
continue to face institutional hesitation.
In summary,  while  digital  pathology holds  transformative  po-

tential,  its  widespread  deployment  is  impeded  by  technological
fragmentation,  workforce  limitations,  storage  burdens,  and  the
absence  of  standardized  practices.  Addressing  these  challenges
will  be key to realizing the full  promise of digital  diagnostics in
the era of precision medicine.

 AI-driven decision support systems in digital pathology

The  transformation  enabled  by  digital  pathology  extends  well
beyond the digitization of histological slides. Once analog slides
are  converted  into  high-resolution  whole-slide  images  (WSIs),
they provide a foundation not only for remote access and archiv-
ing, but also for advanced computational analysis[4,24]. At the fore-
front  of  this  transformation is  the  integration of  AI-powered de-
cision  support  systems  (DSS),  which  leverage  machine  learning
and deep  learning  algorithms to  assist  pathologists  in  diagnostic
workflows[1,4,24].
These systems are designed to analyze complex tissue patterns

and  provide  interpretive  support  across  a  growing  number  of
pathological  conditions.  They  differ  from  traditional  diagnostic
aids  in  that  they  can  learn  from  vast  datasets  and  continuously
improve their  predictive  capabilities.  While  many  platforms   re-
main under  clinical  validation,  early  examples  demonstrate   sub-
stantial  potential.  For  instance,  commercially  available  systems
like Paige Prostate have received FDA clearance for prostate can-
cer  detection and grading,  demonstrating high concordance with
expert  pathologists  in  routine  clinical  settings.  Similarly,  Ibex
Galen™ has been successfully  deployed in  multiple  laboratories
for  real-time detection  of  various  cancer  types,  significantly   im-
proving  diagnostic  efficiency  and  accuracy  in  high-volume  set-

tings[25].  In controlled studies, some of these tools have achieved
diagnostic  accuracy  metrics  (AUC >  0.95)  comparable  to,  or  in
some cases exceeding, human experts in narrow domains such as
prostate or breast cancer screening[26,27].
Unlike fully  autonomous  AI,  these  tools  are  generally   inten-

ded to function in a complementary role, augmenting pathologic-
al decision-making rather than replacing it. They can help reduce
oversight  errors,  flag  atypical  regions  for  closer  inspection,  and
standardize interpretation,  particularly  in  borderline  or   ambigu-
ous  cases.  Their  utility  is  especially  pronounced in  high-volume
laboratories,  where  workload  and  time  pressure  pose  significant
challenges[28].
In addition to classification and detection tasks, AI-based sys-

tems are increasingly capable of predicting molecular profiles and
clinical outcomes from routine H&E images. Several recent stud-
ies  have  demonstrated  that  AI  can infer  the  presence  of  specific
mutations  (e.g.,  EGFR,  TP53)  and  even  patient  prognosis  based
on histological  features  alone,  without  requiring  additional  mo-
lecular  testing[29,30].  These  capabilities  may  eventually  support
pathology-driven treatment stratification in precision oncology.
Despite these advances, important challenges remain. Regulat-

ory  approval  is  limited  to  a  small  subset  of  applications,  and
many algorithms are trained on homogenous datasets, which may
not generalize across different institutions, scanner types, or pop-
ulation groups.  Moreover,  transparency  and  explainability   re-
main critical concerns. Without clear interpretability mechanisms-
such as heatmaps or confidence scoring-clinicians may hesitate to
fully trust algorithmic output.
Integration  into  routine  workflows  also  requires  compatibility

with  existing  laboratory  information  systems  (LIS)  and  digital
slide viewers.  Seamless interaction between AI tools and the di-
gital  pathology  ecosystem  (e.g.,  through  DICOM  standards  or
HL7  protocols)  is  essential  for  clinical  adoption.  Furthermore,
ethical  and  legal  issues  regarding  liability  in  case  of  AI-assisted
misdiagnosis are  yet  to  be  fully  addressed,  particularly  in   juris-
dictions where medical software is tightly regulated[31,32].
Nevertheless,  as  digital  pathology  becomes  the  standard  of

care, decision support systems powered by AI are poised to play
an increasingly central role. When rigorously validated and prop-
erly integrated, they offer a powerful means to enhance diagnost-
ic precision,  reduce variability,  and support  the  broader  shift   to-
ward computational and personalized medicine[33].

 Digital pathology and AI applications

The term "artificial  intelligence"  was  coined by McCarthy  et  al.
in 1956 during the Dartmouth Summer Research Project on Arti-
ficial Intelligence, marking a pivotal moment in the field's incep-
tion[34],  which has since taken on multiple connotations.  It  refers
broadly to  the  concept  that  machines  can  make  predictions,   re-
cognize  patterns,  or  solve  problems  in  ways  that  mimic  human
cognitive  processes.  Over  the  past  seven  decades,  this  idea  has
evolved from theoretical  speculation  to  widespread   implementa-
tion across various fields[11].
And,  after  70  years  of  predictions,  AI  has  indeed  become  a

reality.  However,  the  practical  application  of  AI  techniques  to
diagnostic pathology remains in its early stages. Despite rapid ad-
vances  in  computational  power,  algorithmic  sophistication,  and
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digital infrastructure, the integration of AI into routine diagnostic
workflows is still limited. As a result, predicting its long-term im-
pact  on diagnostic  practice-and especially  the  timeline  of  its  ad-
option-remains highly uncertain[35].
In clinical  practice,  histopathological  diagnosis  relies   funda-

mentally  on  visual  recognition  and  semi-quantitative  assessment
of  morphological  characteristics  within  tissue  sections.  The
pathologist performs this complex task by observing the slide un-
der a microscope (or digitally), recognizing and interpreting spe-
cific patterns that correspond to normal or pathological processes.
These visual impressions are then contextualized with clinical, ra-
diological, and molecular data to establish a diagnosis[9,36].
The ability to perform such tasks is not innate but the result of

extensive  medical  training  and  years  of  experience.  Through  a
rigorous  education  and  specialization  process,  pathologists  learn
to  recognize  diagnostically  relevant  morphological  features  and
to correlate them with disease classifications as defined by estab-
lished  criteria  in  scientific  literature.  Based  on  this  integration,
the pathologist formulates a diagnostic conclusion and conveys it
through  a  structured  histopathological  report,  which  becomes  a
cornerstone of clinical decision-making[37].
Standardized diagnostic frameworks,  such as the WHO tumor

classification and CAP protocols, help reduce interobserver vari-
ability and promote reproducibility. However, the diagnostic pro-
cess is  still  subject  to  individual  perception,  judgment,  and cog-
nitive bias.  In  fact,  interobserver  variability  remains  a   docu-
mented challenge in several subspecialties of pathology, particu-
larly in the grading of dysplasia,  tumor margins,  or subtle cellu-
lar atypia. Subjectivity in visual perception and cognitive fatigue
can influence diagnostic outcomes even among experienced prac-
titioners[38].
In this  context,  artificial  intelligence  offers  a  promising   com-

plementary  tool.  AI  systems-particularly  those  based  on  deep
learning-are  trained  on  thousands  of  annotated  images  and  can
perform  tasks  such  as  classification,  segmentation,  and  feature
extraction with  growing accuracy.  These  tools  may assist  in  ob-
jectifying measurements (e.g., mitotic count, nuclear atypia), de-
tecting patterns that are difficult for the human eye to quantify, or
even  predicting  molecular  alterations  from  H&E  slides.
Moreover, AI can contribute to quality control, triaging, and pre-
screening by highlighting regions of interest for further review[39].
Nevertheless, the current role of AI remains that of a support-

ive technology, augmenting but not replacing the diagnostic acu-
men  of  the  pathologist.  The  synergy  between  human  expertise
and machine precision represents the most realistic and ethically
grounded model for integrating AI into pathology[40].

 AI applications in low-volume tissue diagnostics

The evolution of diagnostic techniques has led to a growing reli-
ance  on  less  invasive  procedures  for  obtaining  tissue  samples.
Minimally  invasive  approaches  such  as  fine-needle  aspiration,
core  needle  biopsies,  and  image-guided  sampling  have  become
the standard in many clinical settings[41].  While these procedures
offer clear benefits in terms of patient safety, reduced complica-
tions, and faster recovery, they present new challenges for histo-
pathological assessment.
This shift toward smaller and more limited tissue specimens re-

quires pathologists to extract maximal diagnostic, prognostic, and
predictive  information  from  minimal  material.  Often,  tissue
samples  now consist  of  just  a  few millimeters  of  core  biopsy or
cytology smears, which must be analyzed not only for morpholo-
gical  features  but  also  for  immunohistochemistry  and,  in  many
cases,  molecular  profiling.  Consequently,  there  is  increasing
pressure  on  histopathology  services  to  deliver  comprehensive
and  accurate  diagnostic  reports  despite  constrained  sample
volumes[42,43].
In this context, artificial intelligence tools provide a promising

avenue for maintaining diagnostic accuracy in the face of limited
material.  AI  programs,  which  have  already  received  regulatory
approval for diagnostic use, can assist-and in certain settings, po-
tentially replace-pathologists in well-defined diagnostic tasks. By
leveraging pattern  recognition,  feature  quantification,  and   prob-
abilistic modeling, these systems can extract subtle histologic pat-
terns and make reproducible classifications even from small  and
fragmented samples[44].
Examples of this type of program, which can currently be util-

ized in clinical practice, include the diagnostic evaluation of pro-
state biopsies  for  the  identification  and  grading  of  prostatic   ad-
enocarcinoma[14], and  the  detection  of  lymph  node   micrometa-
stases  in  breast  cancer[21].  In  the  case  of  prostate  cancer,  deep
learning  algorithms  have  demonstrated  non-inferiority  to  expert
pathologists in identifying malignant foci and assigning Gleason
grades, particularly in standard H&E-stained core biopsies. Simil-
arly, in breast cancer, AI systems trained on tens of thousands of
annotated images have been able to reliably detect micrometastat-
ic tumor  deposits  in  sentinel  lymph  nodes,  which  may  be   over-
looked during routine slide examination due to their subtle mor-
phology and small size[26,45,46].
These applications demonstrate how AI can enhance diagnost-

ic  throughput  and  consistency,  especially  in  scenarios  where
sample  material  is  sparse,  and  precision  is  critical.  Moreover,
automated tools reduce the cognitive load on pathologists and en-
sure uniform interpretation across institutions, thereby contribut-
ing to diagnostic standardization and quality control[47].
Although  the  integration  of  such  technologies  into  routine

workflows  is  still  in  progress,  their  use  in  specific,  narrowly
defined  diagnostic  tasks  illustrates  the  growing  symbiosis
between  artificial  intelligence  and  modern  histopathology  in  an
era of minimally invasive medicine[28].
Table  2  summarizes  selected  AI-based diagnostic  tools   cur-

rently  used  or  validated  for  low-volume tissue  specimens,   high-
lighting their application areas and sample types.

 Training AI models through supervised learning

Artificial intelligence  in  histopathology  relies  heavily  on   super-
vised machine learning, a paradigm that closely mirrors the cog-
nitive  training  of  human  pathologists[48]. In  this  approach,   al-
gorithms  are  trained  using  large  datasets  composed  of  digital
slides labeled with known diagnoses. The system learns to asso-
ciate  specific  morphological  features  with  diagnostic  outcomes
by iteratively analyzing these annotated images[49].
This training process involves multiple cycles of pattern recog-

nition, prediction, and correction. Initially, the model evaluates a
set of labeled examples, adjusting its internal parameters to min-
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imize the difference between its predictions and the ground truth.
Over  time,  the  algorithm  “learns”  to  classify  or  segment  tissue
structures with  increasing  precision,  eventually  achieving   dia-
gnostic  performance comparable to that  of  expert  pathologists[1].

As  illustrated  in  Fig. 2,  supervised  learning  in  digital  pathology
follows a clearly defined workflow-from the initial  collection of
labeled data to model validation and clinical implementation[50].
 

 
 

Table 2.  Selected  examples  of  artificial  intelligence  applications  in  diagnostic  histopathology  involving  small  or  minimally  invasive  tissue
samples.

AI Tool / Study Application Sample Type Task Validation

Paige Prostate Prostate cancer Core needle biopsies Tumor detection, Gleason grading FDA-cleared, CE-marked

Lunit INSIGT MMG Breast cancer Sentinel lymph nodes Detection of micrometastases Multicenter validation

Ibex Galen™ Breast biopsy Small-volume biopsies Invasive carcinoma detection Peer-reviewed studies

PathAI General oncology Multiple sample types Triage, classification, biomarker AI Ongoing clinical trials

Adapted from published sources[26].
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Fig. 2. Workflow  of  supervised  machine  learning:  data  labeling,
training-validation-test split, algorithm training, and evaluation.
Adapted from Schmidt et al., under CC BY license[50].
 

Once trained, the algorithm must be validated using independ-
ent datasets  to  assess  its  generalizability.  This  validation   typic-
ally measures sensitivity, specificity, and overall accuracy in rep-
licating human-level diagnoses across diverse samples and insti-
tutions[4].
Despite promising results, these tools-many of which have re-

cently  received  regulatory  approval-are  still  not  widely  used  in

routine diagnostic  workflows.  However,  their  potential  to   en-
hance consistency, reduce interpretive variability, and support re-
producible diagnostic  outcomes  positions  them  as  valuable   ad-
juncts in modern histopathology[10,51].

 The federated learning network

To further  explore  the  integration  of  AI  into  diagnostic   work-
flows,  the  San  Donato  Institute  has  launched  a  multi-center  re-
search  initiative  funded  by  the  Italian  Ministry  of  Health.  The
study aims  to  evaluate  the  impact  of  artificial  intelligence   al-
gorithms on  the  detection  and  grading  of  prostatic   adenocar-
cinoma in patients undergoing core needle prostate biopsies.
In this project, the San Donato Institute serves as the coordinat-

ing center. Two additional institutions-Reggio Emilia and Trento-
will contribute to the analysis through a Federated Learning net-
work architecture.  This  decentralized  model  enables   collaborat-
ive algorithm training across institutions without direct sharing of
patient data, thereby ensuring data privacy and regulatory compli-
ance.
The study will  involve a combined caseload of approximately

1,200  patients.  Its  outcomes  are  expected  to  provide  real-world
insights into the clinical utility of AI-assisted diagnostic systems
in prostate cancer pathology.

 Deep learning  in  digital  pathology  and  omics  integra-
tion

While  traditional  supervised  learning  algorithms  have  laid  the
foundation for computational diagnostics, recent advances in pro-
cessing power  and  data  infrastructure  have  enabled  the   wide-
spread development of neural networks and deep learning. These
architectures represent a substantial leap in artificial intelligence,
capable of  analyzing  massive  amounts  of  unstructured  data   de-
rived from digital pathology slides and beyond[52].
In  contrast  to  earlier  rule-based or  feature-engineered models,

deep  neural  networks  are  designed  to  learn  hierarchical  feature
representations  directly  from raw input,  such as  whole-slide  im-
ages. This  capability  allows them not  only  to  detect  patterns   in-
visible  to  the  human eye,  but  also  to  integrate  complex  datasets
from diverse  biomedical  domains.  The  increasing  availability  of
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GPUs and high-performance computing infrastructure has played
a crucial role in making this computational complexity feasible in
real-world clinical and research environments[52,53].
Deep learning systems expand our ability to extract both qual-

itative and quantitative information from histopathological slides.
Beyond  cell  morphology  and  tissue  structure,  these  models  can
capture subtle  spatial  variations,  texture  gradients,  and   architec-
tural patterns  that  may  correlate  with  disease  behavior.   Import-
antly, deep learning also opens the door to multimodal integration-
the combination  of  digital  pathology  data  with  genomic,   tran-
scriptomic, proteomic,  or  radiomic  features  to  build  a   compre-
hensive and predictive biological framework[21].
The  conceptual  framework  of  multimodal  data  integration

through AI systems is illustrated in Fig. 3, highlighting the poten-
tial  of  deep  learning  to  unify  histological,  genomic,  proteomic,
and  radiological  inputs  for  enhanced  diagnostic  and  prognostic
accuracy.
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Fig. 3. Schematic representation of a deep learning pipeline integrat-
ing  digital  histopathology  slides  and  multi-omics  data  (genomics,
transcriptomics, proteomics) to predict diagnostic categories, molecu-
lar subtypes, and treatment response.
Adapted for illustrative purposes.
 

Indeed,  the  morphological  phenotype  observed  on  the  slide-
whether  physical  or  digital-is  the  visual  reflection  of  complex
biological  states  driven  by  molecular  alterations.  These  include
driver  mutations,  differential  gene  expression,  epigenetic  shifts,
and protein-level dysregulations[54]. By correlating these molecu-
lar profiles with image-based features, AI models can potentially
predict  underlying  genomic  events  or  treatment  responsiveness
without requiring additional molecular assays[55].
Such approaches are already being tested in several types of tu-

mors. For example, deep learning models have been trained to in-
fer  mutation  status  (e.g.,  EGFR,  KRAS,  TP53)  in  lung  and
colorectal  cancer  directly  from  H&E  images,  promising
accuracy[56]. Similar  efforts  are  underway  to  predict  microsatel-
lite  instability,  tumor  mutational  burden,  and  even  response  to
immunotherapy-all from routine histology[57].
In this  context,  neural  networks  do  not  merely  automate   dia-

gnostic  routines  but  extend  the  pathologist’s reach  into  the  mo-
lecular underpinnings  of  disease.  The  fusion  of  digital  morpho-
logy  with  “omics”  data  through  deep  learning  may  ultimately
transform histopathology into a truly predictive and personalized
discipline[58].

 Applicability of AI in digital pathology

While the  integration  of  artificial  intelligence  into  digital  patho-
logy presents exciting opportunities, it also introduces a range of
practical  challenges that  may hinder  widespread adoption across
diagnostic laboratories. The development and deployment of AI-
based  tools  require  not  only  substantial  financial  investment  but
also highly specialized technical infrastructure, which may not be
accessible to all healthcare institutions[59,60].
The  core  of  AI  system  development  lies  in  the  expertise  of

computer  engineers  and  data  scientists,  who  are  responsible  for
designing,  training,  and  validating  algorithmic  models[59].
However,  pathologists  remain  the  primary  end  users  of  these
tools  and  must  ultimately  oversee  their  clinical  implementa-
tion[60]. Their role extends beyond passive application; it includes
ensuring that the diagnostic outputs align with clinical standards
and real-world variability.
To  ensure  effective  and  safe  integration  of  AI  systems  into

routine  practice,  the  establishment  of  interdisciplinary  teams  is
essential[61].  These  teams  must  bring  together  professionals  with
diverse  backgrounds,  including  software  engineering,  machine
learning,  pathology,  and  clinical  medicine.  This  collaborative
structure enables a shared understanding of both technical limita-
tions and diagnostic priorities, thereby fostering the development
of clinically meaningful AI solutions.
At the same time, the incorporation of AI tools into diagnostic

workflows will require significant adjustments in medical educa-
tion and training[33]. New educational programs in pathology and
other  diagnostic  disciplines  must  be  introduced  to  equip  future
specialists with the necessary digital competencies[33]. The goal is
not to turn clinicians into programmers, but rather to ensure that
they are able to critically evaluate AI outputs,  understand model
limitations, and  maintain  clinical  oversight  over  automated   pro-
cesses.
Ultimately,  the  successful  implementation  of  AI  in  pathology

depends not  only  on  technological  innovation  but  also  on   struc-
tural and  cultural  readiness  within  healthcare  institutions.  A   co-
ordinated effort  involving policy makers,  educators,  hospital  ad-
ministrators,  and clinicians will  be necessary to ensure equitable
and effective adoption of this transformative technology[7].

 Conclusions

Although  the  integration  of  artificial  intelligence  into  digital
pathology holds  enormous  promise,  its  widespread   implementa-
tion still faces financial, technical, and regulatory challenges. De-
veloping clinically validated AI tools requires significant  invest-
ment in  data  acquisition,  algorithm  training,  and  quality   assur-
ance.  While  several  commercial  and  academic  groups  have
already  introduced  AI-powered systems  into  pathology   work-
flows,  cost-effectiveness and  scalability  remain  important   con-
cerns.
Despite  early  fears,  there  is  currently  no  realistic  scenario  in

which AI will replace the pathologist. The interpretation of com-
plex histological images still relies on expert knowledge, clinical
reasoning,  and nuanced judgment  that  cannot  be fully  replicated
by algorithms. Rather than replacing the human diagnostician, AI
will  increasingly serve as  an assistive tool-reducing workload in
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routine  or  repetitive  tasks,  minimizing  inter-observer  variability,
and enhancing reproducibility across institutions.
In  the  short  term,  AI  systems are  expected to  contribute  most

significantly  to  areas  such  as  pre-screening,  quality  control,  and
the prediction of prognostic or therapeutic biomarkers. This may
free pathologists  to  dedicate  more  attention  to  complex  or   am-
biguous cases, research, and interdisciplinary collaboration. Ulti-
mately, the convergence of digital pathology and artificial intelli-
gence  has  the  potential  to  elevate  the  diagnostic  process  to  new
levels  of  precision,  consistency,  and  clinical  utility-paving  the
way for a new era of personalized, data-driven medicine.
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