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Abstract: Background. Prostate cancer is spatially heterogeneous, multifocal, and architecturally varied. Conven-
tional biopsy and step-sectioned histopathology fragment the gland. This limits accurate assessment of dominant-
lesion identity, tumor volume, multifocality, extraprostatic extension, seminal vesicle invasion, and surgical margin 
status. Whole-mount histopathology (WMH) preserves the prostate as a continuous cross-sectional unit and is in-
creasingly used as the reference standard for radiology-pathology correlation and for validating artificial-intelligence 
(AI) models. Objective. This structured narrative review synthesizes evidence on the joint use of WMH and AI in 
prostate cancer pathology. For each clinical question, we examine what spatial information WMH preserves, what 
AI methods extract from that information, where the joint approach has been validated, and where validation gaps 
remain. The questions are index-lesion identification, tumor-volume estimation, multifocality, extraprostatic exten-
sion, seminal vesicle invasion, surgical margin assessment, Gleason grading, magnetic resonance imaging (MRI)-
pathology registration, and surgical quality assurance. Findings. WMH improves index-lesion identification, volumet-
ric reproducibility, and margin clarity, and provides a high-fidelity reference standard for training prostate-AI models. 
Registered to the patient’s presurgical MRI, these whole-mount labels have also been used to train preoperative 
tools and have been studied in research cohorts for focal-therapy margin definition and extraprostatic-extension 
prediction, extending the value of WMH beyond retrospective staging. AI systems built on WMH show improved per-
formance for tumor detection and Gleason classification. Most reported results, however, lack external validation, 
reporting against established medical-AI standards, and demonstrated robustness across scanners, stains, and 
patient populations. WMH is itself an imperfect ground truth, subject to orientation, registration, and interobserver 
variability that AI models inherit. Implications. WMH-grounded AI is a credible translational route, but routine adop-
tion requires standardized large-format scanning, shared annotation protocols, external validation, and regulatory 
clearance for autonomous use. We identify field priorities, including cross-institutional WMH datasets, domain-shift 
mitigation, bias auditing, and reimbursement parity with AI-augmented radiology.
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Introduction

Prostate cancer is one of the most prevalent 
malignancies among men worldwide [1]. Its 
clinical heterogeneity creates persistent chal-
lenges in diagnosis, staging, and treatment. 
Despite advances in screening and therapy, 
accurate characterization remains difficult be- 

cause of the disease’s complex biology and 
variable progression [2].

Histopathologic evaluation remains the diag-
nostic reference for prostate cancer staging 
and grading. Conventional approaches, howev-
er, rely on biopsy sampling and step-sectioned 
histology, which fragment the gland into smaller 
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blocks. This sampling strategy can disrupt the 
spatial relationships between tumor foci, the 
prostatic capsule, surgical margins, and sur-
rounding structures, relationships that influ-
ence grading and pathologic staging [3].

As management shifts toward precision on- 
cology, a spatially complete understanding of 
tumor morphology and distribution has become 
increasingly important for diagnostic accuracy 
and therapeutic decision-making. Whole-mount 
histopathology (WMH) addresses several limi-
tations of fragmented sampling by preserving 
large-format sections of the prostate gland 
(Figure 1). Whereas conventional histopatholo-
gy mounts tissue on standard 75 × 25 mm 
glass slides, WMH uses larger 75 × 50 mm 
slides, so that an entire cross-section of the 
prostatectomy specimen can be examined on  
a single slide. The principal advantage of WMH 
is a more spatially coherent assessment of 
tumor distribution, tumor volume, surgical mar-
gins, and relationships to adjacent anatomical 
structures [4-6].

Advances in artificial intelligence (AI), particu-
larly deep learning (DL)-based image analysis, 

Prior reviews have addressed WMH as a surgi-
cal-pathology technique [5, 6] and have sepa-
rately surveyed AI in prostate cancer at the 
methods level [10-12]. Benchmark studies 
such as the PANDA challenge have cataloged AI 
performance on biopsy-derived material [13], 
and radiology-pathology correlation work has 
begun to use whole-mount sections as align-
ment ground truth [9, 14]. This review comple-
ments that literature with a distinct lens: WMH 
is treated not only as a clinical artifact but as 
the spatial ground truth that determines what 
AI can and cannot validly measure on prosta-
tectomy specimens. Where prior reviews em- 
phasize either the technique or the models, this 
review systematically pairs the two. For each 
clinical question (index lesion, tumor volume, 
multifocality, extraprostatic extension (EPE), 
seminal vesicle invasion (SVI), margins, Glea- 
son grade, and magnetic resonance imaging 
(MRI)-pathology registration), we examine what 
spatial information WMH preserves, what AI 
can extract from it, where the joint approach 
has been validated, and where validation is 
still missing. We also identify the technical, 
regulatory, and operational bottlenecks that 
constrain real-world deployment in community 

Figure 1. From radical prostatectomy specimen to whole-mount slide. The 
intact radical prostatectomy specimen (left) is serially cross-sectioned from 
apex to base perpendicular to the urethra, preserving the zonal anatomy 
(peripheral, transition, and central zones) and the capsule. Each whole-
gland cross-section is mounted on a single large-format slide (75 × 50 mm), 
in contrast to the multiple fragmented blocks produced by conventional 
step-sectioning. The result is a continuous spatial map in which tumor foci, 
the capsule, ejaculatory ducts, and seminal vesicles remain in their true 
anatomical relationships, the property that makes whole-mount histopa-
thology usable as a spatial reference standard for downstream artificial-
intelligence analysis.

have transformed digital pa- 
thology [7]. Pathology AI mod-
els can analyze high-resolution 
histologic images to detect 
tumor regions, perform auto-
mated Gleason grading, and 
quantify morphologic features 
[8]. When applied to digitized 
whole-mount slides, these al- 
gorithms enable large-scale, 
reproducible analysis of the 
complex spatial patterns with-
in prostate cancer [9].

This review examines the com-
bined role of WMH and AI in 
prostate cancer evaluation. It 
details how WMH provides a 
spatially complete representa-
tion of tumor architecture, and 
how AI methods can use that 
information to improve tumor 
characterization, staging, sur-
gical quality assessment, and 
education.

Scope and contribution
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pathology, the constituency most likely to ben-
efit if WMH-grounded AI becomes routine.

Methods

This is a structured narrative review conducted 
in accordance with SANRA guidance for trans-
parent narrative reviews [15]; it is narrative 
rather than systematic, and no protocol was 
registered. Literature was identified through 
PubMed and supplementary citation screening 
between January 2010 and May 2026, using 
combinations of the terms whole-mount histo-
pathology, whole-mount prostatectomy, digital 
pathology, artificial intelligence, deep learn- 
ing, Gleason grading, extraprostatic extension, 
seminal vesicle invasion, surgical margin, MRI-
pathology correlation, and foundation model. 
Priority was given to (A) peer-reviewed articles 
from the last seven years, (B) higher-impact 
pathology, urology, and medical-AI venues, and 
(C) reporting-standards and regulatory docu-
ments relevant to medical AI [16-19]. Referen- 
ce lists of included articles were screened iter-
atively. Reporting of evidence syntheses was 
informed by PRISMA principles where applica-
ble [20].

Tumor characterization and AI applications

Tumor characterization in the radical-prosta-
tectomy (RP) specimen underpins risk stratifi-
cation, treatment planning, and prognostic as- 
sessment. Accurate identification of the domi-
nant lesion, estimation of tumor burden, and 
characterization of multifocal distribution influ-
ence decisions on active surveillance, focal 
therapy, nerve-sparing surgery, and postopera-
tive management. Conventional approaches, 
such as biopsy, MRI interpretation, and stan-
dard step-sectioned histology, are inherently 
limited by partial sampling and fragmented tis-
sue architecture, which may obscure the true 
extent and spatial organization of disease 
(Figure 2) [21].

Compared with fragmented sectioning, WMH 
gives clearer visualization of tumor location, 
extent, and relationships to adjacent struc-
tures, and it facilitates correlation with biopsy 
findings and imaging abnormalities. For this 
reason, WMH is increasingly used as a refer-
ence standard in studies that link pathology 
with MRI and computational modeling [5, 14]. 
WMH should not, however, be treated as an 
infallible ground truth. Its reliability depends 

Figure 2. The whole-mount-histopathology-grounded artificial-intelligence pipeline. A radical prostatectomy speci-
men undergoes whole-mount processing and digitized whole-slide imaging. Expert annotation on the spatially com-
plete whole-mount image creates the reference standard used for artificial-intelligence model development. Trained 
models feed three coupled output streams, namely tumor detection and grading, volume and margin quantification, 
and magnetic-resonance-imaging-histology registration, which in turn support risk stratification, surgical quality 
assurance, imaging validation, and ultimately multidisciplinary clinical decision support. The diagram emphasizes 
that every downstream artificial-intelligence output is only as valid as the spatial ground truth established at the 
annotation step.
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on specimen orientation, tissue processing, 
annotation protocol, and the quality of patholo-
gy-imaging registration, and interobserver vari-
ability remains relevant for complex character-
ization tasks. This underscores the need for 
standardized annotation when WMH is used to 
train or validate AI models [22].

When combined with AI, WMH provides a foun-
dation for more reproducible and quantitative 
tumor characterization. Models trained or vali-
dated on WMH datasets can support tumor 
detection, segmentation, grading, and spatial 
mapping across the gland [4, 9]. The strength 
of this framework lies not in automation alone 
but in the ability of WMH to provide spatially 
coherent labels against which AI outputs can 
be compared. WMH and AI together therefore 
offer a route to improving the accuracy, consis-
tency, and interpretability of prostate cancer 
characterization, while still requiring careful 
attention to validation and generalizability.

Index-lesion identification and spatial mapping

Identification of the index lesion is central to 
prostate cancer characterization because it 
informs prognostication, focal-therapy plan-
ning, radiologic targeting, and pathologic corre-
lation. In clinical practice, the index lesion is 
typically inferred from biopsy cores, MRI find-
ings, and histologic review. These approaches 
are useful but susceptible to sampling error 
and observer-dependent interpretation, partic-
ularly with multifocal disease or heterogeneous 
intraprostatic tumor distribution [21].

Whole-mount RP specimens allow the domi-
nant lesion to be defined with greater confi-
dence through integrated assessment of tu- 
mor size, grade, laterality, and spatial orienta-
tion across the entire gland. This is especially 
important because the index lesion often de- 
termines the dominant pathologic burden even 
when multiple foci are present. In a whole-
mount analysis of 100 RP specimens, tumors 
were multifocal in 78% of cases and bilateral in 
86%, yet tumor volume, Gleason score, and 
pathologic stage were almost invariably de- 
fined by the index lesion, while most satellite 
foci were small and low grade [23].

DL models, especially convolutional neural net-
works (CNNs), can detect and classify tumor 
regions on whole-mount images and learn  

complex features of tumor morphology and 
spatial distribution. DL pipelines have also 
been used to align histopathology images with 
MRI, integrating multimodal data for tumor 
mapping and localization [4, 14]. In external-
validation work, an AI Gleason-grading model 
was evaluated against expert genitourinary 
pathologists on digitized whole-mount RP spe- 
cimens and supported the potential utility of 
automated grading and lesion characterization, 
although performance should be read within 
the external-validation context rather than as 
evidence of solved localization [38]. An explain-
able CNN for prostate tumor segmentation on 
multiparametric MRI (mpMRI), validated aga- 
inst whole-mount histology, reported mean 
Dice similarity coefficients (DSC) of 0.31 to 
0.32 relative to radiologist- and histology-
based ground truth [30]. This is well below the 
threshold (commonly taken as a DSC of approx-
imately 0.70) conventionally regarded as indi-
cating clinically useful tumor segmentation. 
That result illustrates the difficulty of cross-
modal lesion localization on prostate mpMRI 
and motivates further work; it does not demon-
strate accurate tumor localization. The authors’ 
use of gradient-weighted class activation map-
ping (Grad-CAM) overlays nonetheless provi- 
des interpretability that is valuable for training 
and trust-building, independent of the segmen-
tation metric [30].

From a clinical perspective, more precise index-
lesion identification improves alignment be- 
tween imaging targets, pathology findings, and 
treatment strategies.

Tumor-volume estimation and quantitative 
burden

Tumor volume is an established predictor of 
adverse pathologic features and biochemical 
recurrence (BCR) after RP and remains an 
important component of postoperative risk as- 
sessment [25]. Traditional tumor-volume esti-
mation has relied on manual measurement 
that is labor-intensive and subject to interob-
server variability. Differences in contouring 
methods, reconstruction assumptions, and in- 
stitutional practice contribute to inconsistency 
in how tumor burden is measured and reported 
[31, 39].

WMH improves volumetric assessment by 
allowing more accurate mapping of tumor 
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boundaries than fragmented step-sectioned 
histology. This anatomical integrity reduces 
sampling distortion and improves reproduci- 
bility. AI further enhances this capability th- 
rough automated segmentation and quantita-
tive analysis. An AI cancer-mapping platform 
(Unfold AI; Avenda Health) was evaluated in 
204 men for AI-based estimation of prostate 
tumor volume and prediction of focal-therapy 
outcomes, illustrating the use of whole-mount-
anchored quantitative tools for treatment plan-
ning [26]. This matters preoperatively because 
imaging systematically understates disease 
extent. In patient-specific-mold studies that 
correlate MRI directly with whole-mount pa- 
thology, cancer foci averaged roughly 11 mm 
larger in maximal diameter and about three-
fold greater in volume than their T2-weighted 
MRI segmentation, so volume estimates that 
ignore this bias risk inadequate focal-therapy 
margins and undertreatment [40]. Building  
on whole-mount-validated tumor maps, an AI 
model that produces three-dimensional can-
cer-estimation maps was tested retrospectively 
in 50 RP specimens with whole-mount ground 
truth. Its focal-treatment margins captured 
more cancer-bearing tissue than conventional 
MRI regions of interest (97% vs 37% voxel  
sensitivity), and its predicted negative-margin 
probabilities agreed closely with observed rat- 
es. The same margins, however, did not signifi-
cantly outperform fixed 10 mm expansion mar-
gins [24]. DL image-analysis models have se- 
parately shown agreement with expert-pathol-
ogist assessments of tumor volume and per-
cent tumor involvement on whole-mount slides 
in validation studies [35]. A prior report des- 
cribing the NovinoAI digital-pathology informa-
tion system found that pathologist estimates of 
tumor volume in RP specimens varied by up to 
30% relative to AI-assisted quantification [41].

These findings indicate that WMH is useful 
both for more accurate direct measurement of 
tumor burden and as a high-fidelity reference 
standard for training and validating AI models 
that infer tumor extent from imaging or other 
incomplete data sources. This value is not lim-
ited to measuring tumor volume after RP.  
As detailed in Section 2.5, the same whole-
mount-validated models are being developed 
to improve preoperative estimation of whole-
gland disease burden from biopsy and imaging 
inputs, the setting in which they could inform 

treatment selection. As these workflows ma- 
ture, AI-based quantification grounded in WMH 
may support more standardized reporting and 
strengthen recurrence prediction when inte-
grated with grade, margin status, and stage.

Multifocal disease and spatial heterogeneity

Prostate cancer is frequently multifocal, with 
multiple discontinuous tumor foci that vary in 
size, grade, and spatial distribution. Conven- 
tional biopsy-based assessment may underes-
timate this complexity, because limited sam-
pling can miss smaller satellite lesions or fail  
to capture the relationship between dominant 
and secondary foci. Traditional workflows may 
therefore incompletely represent the true bur-
den and heterogeneity of disease [23].

WMH enables visualization of multifocal distri-
bution by revealing discontinuous tumor foci 
that may otherwise remain undetected. This 
allows pathologists to determine whether le- 
sions are separate, contiguous, or part of a 
broader heterogeneous pattern, and to charac-
terize lesion-to-lesion relationships and zonal 
distribution more reliably than fragmented 
sampling [5].

AI systems trained on whole-mount datasets 
can learn spatial patterns associated with mul-
tifocal disease and may detect subtle satellite 
lesions [4]. Explainable methods support inter-
pretability here: Grad-CAM can highlight ima- 
ge regions contributing to model predictions, 
improving transparency in how tumor foci are 
identified [30]. Technical systems that im- 
prove reproducibility of histopathology orienta-
tion and registration may further support con-
sistent digital workflows for spatial analysis of 
whole-mount data [14]. Clinically, improved 
characterization of multifocality may influence 
surgical planning, focal-therapy candidacy, and 
interpretation of recurrence risk; whole-mount-
validated AI tumor maps have been used in 
research to define focal-therapy margins that 
captured more of the histologic tumor extent 
than conventional imaging contours alone [24]. 
Nonetheless, better visualization of multifocal 
architecture does not automatically mean that 
all clinically relevant foci can be detected pre-
operatively or modelled reliably across institu-
tions [27].
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Staging: extraprostatic extension, seminal 
vesicle invasion, and lymph-node assessment

While tumor characterization focuses on the 
properties of the tumor itself, staging deter-
mines how far the tumor has spread. In pros-
tate cancer, staging uses the Tumor-Node-
Metastasis (TNM) system. Pathologic staging 
following RP provides the most accurate as- 
sessment of tumor spread, allowing deter- 
mination of EPE, SVI, and lymph-node involve-
ment, features critical to prognostication, re- 
currence-risk estimation, and therapy deci-
sions [3]. Traditional staging relies on a combi-
nation of biopsy results, imaging, and step-sec-
tioned histology, but these approaches are 
limited by partial sampling and fragmented tis-
sue architecture. WMH improves staging accu-
racy by preserving the spatial continuity of the 
gland and maintaining the relationship between 
tumor foci, the capsule, and surrounding struc-
tures. Combined with AI, this can support more 
reproducible and accurate staging [4].

Extraprostatic extension: EPE occurs when 
prostate cancer penetrates the prostatic cap-
sule and spreads into surrounding tissue. De- 
tecting EPE is important because it influences 
surgical strategy: when EPE can be confidently 
excluded, nerve-sparing RP may preserve erec-
tile and urinary function, whereas if EPE cannot 
be ruled out a wider resection may be required 
for complete tumor removal. mpMRI, the cur-
rent primary technique for preoperative EPE 
evaluation, has limited and variable sensitivity 
between radiologists, which constrains objec-
tive and reproducible preoperative assessment 
[28]. On the RP specimen, WMH improves  
this assessment by preserving the continuous 
interface between the prostatic capsule and 
surrounding tissue, allowing pathologists to fol-
low the capsule around the entire gland and 
directly observe where tumor cells extend [4]. 
In current practice this role is post-surgical: 
WMH refines pathologic (pT) staging of EPE  
and the resulting risk stratification, rather than 
guiding an operation already performed on 
that patient. AI systems trained on WMH da- 
tasets may improve the reproducibility of patho-
logic EPE classification and reduce interob- 
server variability. Critically, the inverse task, 
preoperative prediction of capsular status, is 
no longer only aspirational, and the bridge is 
spatial registration. Because RP whole-mounts 

can be aligned to the patient’s own presurgical 
MRI, the capsule-referenced labels they pro-
vide become the training target for models that 
act before surgery. EPENet, a DL model devel-
oped on mpMRI with EPE ground truth trans-
ferred from registered whole-mount histopa-
thology, detected EPE with higher sensitivity 
than radiologists (80% vs 50%) in an indepen-
dent test set drawn from a 123-patient regis-
tered cohort, albeit at lower specificity [29]. DL 
models reading diagnostic biopsy hematoxylin 
and eosin (H&E) slides have separately predict-
ed RP EPE from preoperative tissue alone [42]. 
A 2025 systematic review and meta-analysis 
reported a higher pooled area under the curve 
for AI-enabled imaging than for radiologists in 
preoperative EPE prediction, although pooled 
sensitivity and specificity did not differ signifi-
cantly [43]. These tools are still constrained  
by modest specificity and largely single-cohort 
validation, but they illustrate how WMH-derived 
spatial ground truth can be translated toward 
preoperative prediction rather than serving 
only retrospective pT staging.

Seminal vesicle invasion: SVI is among the 
most significant prognostic factors in prostate 
cancer; affected patients have higher rates of 
recurrence, metastatic progression, and can-
cer-specific mortality. Accurate identification  
of SVI requires distinguishing true invasion of 
the seminal vesicle from extension toward the 
prostate base. This distinction is challenging 
when limited tissue sections are examined, 
since small foci of invasion near the ejacula- 
tory ducts may be missed if this region is inad-
equately sampled [3]. Whole-mount sections 
improve SVI assessment by preserving the 
prostate base, ejaculatory ducts, and seminal 
vesicles in one continuous tissue plane. This 
makes it easier to determine whether the tu- 
mor is truly invading the vesicle wall rather than 
lying close to it, and it enhances detection of 
small or discontinuous foci that standard sam-
pling may miss [4]. As discussed in Section 2.1, 
AI segmentation of prostate tumor on mpMRI 
validated against whole-mount histology has so 
far yielded low cross-modal overlap (DSC 0.31 
to 0.32). This reinforces that WMH is valuable 
primarily as the reference standard against 
which such models are measured, rather than 
as evidence that cross-modal localization is 
solved [30].



Whole-mount histology as spatial ground truth

118	 Am J Clin Exp Urol 2026;14(4):112-129

Neurovascular bundle involvement and nerve-
sparing assessment: Neurovascular bundle 
involvement is closely tied to surgical quality 
and is discussed in Section 3.2 to avoid dupli-
cation. In brief, because WMH retains zonal ori-
entation, it can reveal whether nerve-sparing 
dissections produced capsular incisions or 
close margins in high-risk regions [28].

Lymph-node assessment: Lymph-node involve-
ment is associated with systemic progression, 
and conventional size-based imaging has li- 
mited sensitivity, because metastatic prostate 
cancer can occur in normal-sized nodes. WMH 
characterizes the prostate specimen only after 
surgery and therefore cannot itself guide intra-
operative decisions in the same patient. The 
spatial tumor features it captures, however, 
provide a high-fidelity training target for AI mod-
els. When such models are applied to preoper-
ative inputs, such as biopsy pathology, imaging, 
and prostate-specific antigen (PSA), they may 
refine estimation of nodal-metastasis risk and 
help identify, before surgery, the patients most 
likely to benefit from pelvic lymph-node dissec-
tion performed at the time of RP [4].

Together, WMH and AI may help standardize 
staging, reduce interobserver variability, and 
improve correlations between pathology, imag-
ing, and clinical outcomes as digital-pathology 
infrastructure expands.

Preoperative translation: WMH-trained AI for 
focal therapy and treatment planning

A recurring and legitimate objection to WMH is 
that, because it is obtained only from the RP 
specimen, it cannot itself benefit the patient it 
was taken from: the operation is already com-
plete, and the applications described above 
are, on their face, post-prostatectomy. Re- 
solving this objection requires distinguishing 
WMH as a direct intervention from WMH as the 
spatial ground truth that makes preoperative  
AI tools trustworthy. It is the latter role, not ret-
rospective staging, that can support preopera-
tive, patient-facing value, and a growing body of 
research now illustrates this chain.

The enabling step is registration. DL pipelines 
such as ProsRegNet and RAPHIA spatially align 
whole-mount histopathology with the patient’s 
presurgical mpMRI and transfer the histologic 
cancer labels onto the imaging, producing a 

voxel-level “answer key” that would otherwise 
be unobtainable in living patients [14, 44]. 
Models trained against this whole-mount-de- 
rived key learn to recognize disease on inputs 
that are available before surgery, namely MRI 
and biopsy, so the postoperative specimen 
becomes the teacher for preoperative predic-
tion rather than an end in itself.

This chain has been most fully realized for 
focal-therapy planning, where it speaks directly 
to overtreatment and undertreatment. MRI sy- 
stematically underestimates tumor geometry 
relative to whole-mount, by roughly 11 mm in 
maximal diameter and threefold in volume in 
mold-based correlation studies, so focal-treat-
ment margins drawn from imaging alone may 
transect undetected tumor, driving recurrence 
or, when compensated by overly wide ablation, 
unnecessary damage to continence and poten-
cy structures [40]. In a retrospective validation 
of 50 RP cases with whole-mount ground truth, 
an AI model generating three-dimensional can-
cer-estimation maps produced focal-treatment 
margins that captured more cancer-bearing tis-
sue than conventional MRI regions of interest 
and gave accurate estimates of negative-mar-
gin probability, although it did not significantly 
outperform fixed 10 mm expansion margins 
[24]. Because those margins were derived from 
preoperative imaging and biopsy inputs, the 
study illustrates how whole-mount labels can 
train tools intended to inform planning before 
treatment, even though the evidence so far is 
retrospective and single-institution. A separate 
204-man evaluation of one such platform as- 
sessed AI tumor-volume estimation together 
with prediction of focal-therapy outcomes [26]. 
These are preoperative decisions, such as who 
is a focal-therapy candidate and where the 
ablation boundary should fall, that such mo- 
dels may help inform, with the whole-mount 
serving to train and validate them.

The same logic extends to candidacy and tre- 
atment-selection decisions that hinge on local 
stage. EPENet, trained on mpMRI with EPE 
labels registered from whole-mount, predicted 
EPE preoperatively with higher sensitivity than 
radiologists, informing the nerve-sparing-ver-
sus-wide-excision decision before the opera-
tion [29]. DL analysis of diagnostic biopsy H&E 
has predicted RP EPE from preoperative tissue 
alone [42], and pooled analysis reported higher 
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area under the curve for AI-enabled imaging 
than for conventional reads, though without a 
significant difference in sensitivity or specificity 
[43]. In each case the whole-mount is the re- 
ference that makes the preoperative prediction 
credible.

These tools are not yet mature. Reported spe- 
cificity is often modest, most validation is sin-
gle-institution and retrospective, and prospec-
tive trials demonstrating improved patient out-
comes, not just improved concordance with 
pathology, are still needed. But the trajectory is 
concrete rather than aspirational. WMH does 
not treat the patient from whom it was taken; it 
is the spatial ground truth that may make pre-
operative focal-therapy planning, lesion target-
ing, and treatment selection more accurate for 
the next patient, a benefit that prospective tri-
als still need to confirm.

Surgical evaluation and quality assurance

The spatially complete representation of the 
prostate gland through WMH enables patholo-
gists and institutions to evaluate tumor volume, 
positive surgical margins, the oncological ade-
quacy of nerve-sparing surgery (the relation-
ship of tumor and margins to the neurovascular 
bundle, rather than functional outcomes such 
as erectile recovery, which are assessed clini-
cally), and Gleason grading in a structured, 
reproducible manner. Beyond diagnosis, WMH 
has been used in studies of quality assuran- 
ce (QA), surgical-performance evaluation, and 
institutional pathology audit.

Positive surgical margins

Alongside EPE and SVI assessment, evaluation 
of surgical-margin status is critical. Positive 
surgical margins (PSM) indicate that cancer 
cells extend to the inked surface of the pros-
tate, suggesting a risk of residual disease. In  
a study of minimally invasive RP, PSM were 
present in 30.6% of cases and were associated 
with higher tumor volume and more advanced 
stage, with BCR occurring in 10.7% of margin-
positive patients compared with 5.1% of those 
with negative margins. Although not all patients 
with PSM recur, the finding indicates disease 
aggressiveness and the need for closer follow-
up and potential adjuvant therapy [45].

Unlike standard step-sectioned histology, which 
may contain gaps or misalignment, WMH allows 
continuous localized visualization of tumor 
proximity to resection margins throughout the 
entire gland. This format facilitates identifica-
tion of PSM and more accurate measurement 
of their length and location [31]. The ability to 
examine the full perimeter of the gland, includ-
ing apex, base, posterolateral, and capsular 
zones, provides a comprehensive view of whe- 
ther tumor cells intersect inked margins or 
remain confined. This matters because both 
PSM length and location are determinants of 
BCR and clinical significance [46, 47]. WMH 
also reduces complications of histologic inter-
pretation such as cautery effects, ink smear-
ing, tissue distortion, and tangential cuts in- 
troduced as surgical artifacts, helping patholo-
gists more confidently distinguish true margin 
involvement from artifact and reducing mis-
classification of margins as positive [25].

Margin assessment nonetheless remains la- 
bor-intensive and subject to interobserver vari-
ability, influenced by surgical technique, tumor 
characteristics, patient factors, and specimen 
handling. Even subtle distinctions such as 
tumor “touching” versus “almost touching” ink 
can alter recurrence risk, so standardized, ob- 
jective criteria are needed [3, 36, 48]. DL mo- 
dels may address some of these limitations 
through pixel-level margin detection, mapping 
tumor relative to inked surfaces, and quantify-
ing margin length and multifocality. AI systems 
may also help distinguish true tumor involve-
ment from surgical artifact and assess tumor-
to-margin distance, supporting more precise 
orientation and risk assessment [9].

Nerve-sparing outcomes

Several reports describe WMH in evaluating 
the outcomes of nerve-sparing procedures. 
Because WMH retains zonal orientation, it can 
reveal whether neurovascular-bundle-preserv-
ing dissections resulted in capsular incisions 
or close margins in high-risk regions, and it  
can be used to assess whether nerve-sparing 
efforts were oncologically appropriate based 
on tumor proximity to the surgical plane [28]. 
AI-based spatial analysis may further enhance 
this evaluation by quantifying tumor-to-capsule 
distances and mapping tumor distribution rela-
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tive to critical anatomical structures across 
digitized whole-mount slides.

Gleason grading quality assurance

Gleason grading remains a cornerstone of 
prostate cancer prognosis and treatment plan-
ning [32]. Accurate assignment of Grade 
Groups informs surgical decisions, adjuvant-
therapy considerations, and active-surveillance 
eligibility. Even small high-grade foci, such as 
tertiary Gleason pattern 5 or cribriform glands, 
and features like intraductal carcinoma of the 
prostate (IDC-P), can substantially affect BCR, 
EPE, and cancer-specific survival [49, 50]. 
Despite its clinical importance, conventional 
Gleason grading shows considerable interob-
server variability. Pathologists may disagree on 
primary and secondary patterns, on the report-
ing of tertiary patterns, and on the integration 
of heterogeneous architectural features, which 
reduces reproducibility and may affect prog-
nostic accuracy [28, 37, 51].

AI offers a route to mitigate these challenges. 
DL models trained on digitized whole-mount 
slides can support Gleason grading by analyz-
ing architectural patterns, nuclear and cyto-
plasmic features, and spatial context across 
the entire gland [9, 37]. AI Gleason and tumor-
detection tools have shown agreement with 
expert pathologists and improved grading con-
sistency in validation and benchmark studies, 
including clinical-grade weakly supervised mo- 
dels and large multi-reader and multi-institu-
tional evaluations [13, 33, 34, 52-55]. While 
much of this evidence derives from prostate-
biopsy material, external-validation work has 
begun to assess such tools on whole-mount 
RP slides [38]. By combining whole-gland spa-
tial analysis with algorithmic consistency, these 
models provide a more objective and reproduc-
ible framework for tumor grading, though per-
formance figures should always be read aga- 
inst the cohort, reference standard, and exter-
nal-validation status of each study.

Quality-assurance applications

AI systems developed using WMH data have 
also been applied to surgical QA. Models have 
been developed to detect margins, grade 
tumors across whole-mount slides, measure 
tumor-to-margin distances automatically, quan-
tify margin involvement, and distinguish multi-

focal disease; these tools are being evaluated 
for their potential to support structured review 
of surgical specimens and provide standard-
ized reports at scale [35, 38]. Beyond individu-
al case review, WMH has been described as a 
useful resource for institutional and longitudi-
nal QA. By preserving the spatial distribution of 
tumors and margin involvement across patient 
cohorts, WMH supports tracking of surgical 
trends, margin-positivity rates, and grade distri-
bution over time, and WMH-based datasets 
have been proposed for integration into dash-
boards and analytic systems that allow bench-
marking of surgeon-level outcomes or depart-
mental QA efforts [35, 36]. Synthetic datasets 
have also been introduced as a training and 
audit resource, allowing institutions to train AI 
models and human reviewers using controlled 
data that represent specific edge cases, com-
plications, or rare morphologies [37].

Educational applications

WMH is a valuable format in teaching materials 
for pathology, urology, and radiology trainees, 
because it preserves the architecture of the 
prostate in its full cross-sectional form. This 
enables learners to review the continuity of 
anatomical zones, tumor growth patterns, and 
proximity to surrounding structures more clear-
ly than in fragmented or partial sections [4]. 
Features such as cribriform glands, tertiary 
Gleason patterns, and discontinuous tumor 
foci may be more readily visible on whole-mount 
slides owing to preserved gland-wide continu-
ity, which is particularly relevant for training in 
Gleason grading, Grade Group assignment, 
and evaluation of multifocality [37].

WMH has also been used as a reference for 
mpMRI radiologic-pathologic correlation in edu-
cation, allowing trainees to align imaging find-
ings with histopathologic reality and better un- 
derstand how radiologic features correspond  
to underlying tissue architecture [14]. AI-driven 
tools add further educational value: explain-
able methods such as Grad-CAM heatmaps 
make model reasoning more visually accessi-
ble and can help learners understand which 
image regions drive predictions, supporting 
teaching of tumor recognition and spatial rea-
soning [30]. Synthetic whole-mount data gener-
ated with generative models have additionally 
been explored as a means of expanding and 
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in variation, and population mix [58]. WMH-
trained models additionally face a 75 × 50 mm 
scanning constraint, since most clinical-grade 
scanners are built for 75 × 25 mm slides, which 
can fragment the very spatial continuity WMH 
is intended to preserve. Stain normalization, 
color augmentation, and foundation-model pre-
training mitigate but do not eliminate the gap 
[59].

External validation and reporting standards

Many WMH-AI studies report internal cross- 
validation only. Reporting frameworks for me- 
dical-AI research, including TRIPOD-AI [16], 
CLAIM [17], DECIDE-AI [18], and STARD-AI [19], 
call for prospective external validation, multi-
site cohorts, and predefined performance th- 
resholds. Compliance in the prostate-AI litera-
ture is uneven, and few WMH-based studies 
report conformance. Transparent evidence  
synthesis additionally benefits from PRISMA-
aligned reporting where systematic compo-
nents are present [20].

Algorithmic bias

Prostate-AI training cohorts remain dominat- 
ed by patients of Western-European ancestry, 
with underrepresentation of patients of African 
ancestry, a clinically critical gap given known 
differences in prostate-cancer incidence and 
mortality [2]. Bias audits are not yet standard 
practice, and equitable performance across 
age and ancestry should be reported explicitly.

Interpretability beyond saliency

Saliency methods such as Grad-CAM illustrate 
where a model attended but do not explain why 
a feature is causally informative [30]. Concept-
level and pathologist-collaborative interfaces 
remain research-stage, and regulatory review 
increasingly expects mechanistic plausibility or 
strong external validation in lieu of mecha- 
nism.

Regulatory, interoperability, and reimburse-
ment gaps

Clinical deployment of AI in prostate pathology 
is constrained by regulatory and interoperabili-
ty challenges. Although multiple studies report 
diagnostic performance comparable to expert 
pathologists in some respects [12, 38], few AI 
systems have achieved formal regulatory clear-

standardizing training resources, offering ex- 
posure to rare or high-grade patterns where 
real data are scarce, though further validation 
is needed to ensure synthetic cases reflect real 
clinical material [37]. The principal clinical and 
translational applications of WMH and AI are 
summarized in Table 1.

Limitations and implementation barriers

Whole-mount sectioning of prostatectomy spe- 
cimens provides unparalleled anatomical con-
text and margin visualization, yet it remains a 
labor-intensive and costly procedure (Table 2). 
The increased size of tissue sections demands 
more complex fixation, embedding, and stain-
ing, resulting in prolonged turnaround times 
and additional QA steps, and comparative 
workflow analyzes show that whole-mount 
preparation may increase processing time rela-
tive to standard sectioning [4, 6]. The spe- 
cialized large-format slides and high-resolution 
scanners required for whole-mount imaging 
substantially raise operational expenses [6].  
As such, these methods, while offering diag-
nostic precision, are often impractical for small-
er laboratories or community pathology centers 
with limited infrastructure [56].

Limits of WMH itself as a ground truth

WMH is a high-fidelity but not infallible ground 
truth. Specimen orientation, fixation, large-for-
mat embedding, and pathologist annotation 
introduce systematic and observer-dependent 
variability. Interobserver agreement for Glea- 
son pattern-4 subtypes (cribriform versus 
fused glands) and for the tumor-capsule inter-
face remains imperfect even on whole-mount 
slides [31, 50]. The reliability of whole-mount 
RP histopathology as the ground truth for AI 
has been examined directly and found to de- 
pend on registration quality and reader agree-
ment [22]. AI models trained or validated aga- 
inst WMH inherit these uncertainties, which is 
precisely why the framing of WMH as a refer-
ence standard must be qualified rather than 
absolute.

Domain shift across scanners, stains, and 
institutions

Performance of digital-pathology models train- 
ed on H&E whole-mount slides from one in- 
stitution frequently drops when deployed else-
where, because of scanner differences, sta- 
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Table 1. Clinical and translational applications of whole-mount histopathology and artificial intelligence in prostate cancer

Domain Role of whole-mount histopathol-
ogy

Role of artificial intelligence/
digital pathology Representative clinical value Representative 

sources
Index-lesion identification Preserves full-gland spatial anatomy; 

supports localization of dominant 
lesions across the entire prostate

Automates tumor detection, seg-
mentation, and lesion mapping on 
digitized whole-mount slides

Supplies the whole-mount-histopathology ground truth 
behind artificial-intelligence three-dimensional tumor 
maps that help define preoperative focal-therapy mar-
gins and magnetic-resonance-imaging targets

[23, 24]

Tumor-volume estimation Enables more accurate contouring 
of tumor extent than fragmented 
sectioning

Supports automated segmenta-
tion and quantitative burden 
assessment

Strengthens postoperative risk stratification; whole-
mount-validated artificial-intelligence volume maps 
also inform preoperative focal-therapy margins

[24-26]

Multifocal-disease charac-
terization

Reveals discontinuous tumor foci, 
bilateral disease, and lesion-to-lesion 
relationships

Learns spatial patterns of multifo-
cality; may detect subtle satellite 
lesions

Refines assessment of true intraprostatic disease 
burden

[23, 27]

Extraprostatic extension Preserves the capsule-tumor inter-
face and surrounding tissue planes

May support reproducible classifi-
cation of capsular penetration

Refines pathologic (pT) staging and post-prostatectomy 
risk stratification; registered whole-mount labels also 
train models that predict extraprostatic extension preop-
eratively from magnetic resonance imaging or biopsy

[4, 28, 29]

Seminal vesicle invasion Maintains continuity of prostate 
base, ejaculatory ducts, and seminal 
vesicles

Supports lesion localization and 
cross-modal correlation with 
imaging

Improves prognostication and postoperative therapy 
selection

[4, 30]

Surgical margin assessment Permits continuous visualization of 
tumor proximity to inked surfaces 
across the gland

Enables pixel-level margin detec-
tion, margin-length quantification, 
and artifact discrimination

Improves risk assessment for residual disease and 
biochemical recurrence

[9, 31]

Gleason grading/Grade 
Groups

Provides whole-gland context for het-
erogeneous architectural patterns

Standardizes grading and detects 
high-grade foci with reduced 
interobserver variability

Supports prognostic classification and treatment plan-
ning

[32-34]

Radiology-pathology cor-
relation

Serves as a reference standard for 
magnetic-resonance-imaging regis-
tration and lesion validation

Enables automated magnetic-
resonance-imaging-histopathology 
alignment and explainable spatial 
mapping

Enhances imaging validation and multidisciplinary 
interpretation

[14, 30]

Quality assurance Preserves surgeon- and specimen-
level spatial outcome patterns

Facilitates structured analytics, 
margin dashboards, and stan-
dardized review

Supports institutional benchmarking and pathology 
audit workflows

[35, 36]

Education and training Demonstrates whole-gland anatomy, 
zonal relationships, and tumor 
spread

Provides artificial-intelligence 
overlays, heatmaps, and synthetic 
training datasets

Improves trainee recognition of morphology and cross-
disciplinary learning

[4, 37]
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Table 2. Implementation barriers and potential mitigations for whole-mount-histopathology-grounded artificial intelligence

Barrier Practical impact Why it matters Potential mitigation Representative 
sources

Increased labor and pro-
cessing time

Larger sections require more complex fixa-
tion, embedding, staining, and review

Reduces feasibility in high-
volume or resource-limited 
laboratories

Selective whole-mount use, 
workflow optimization, centralized 
processing hubs

[4, 6]

Higher cost Large-format slides, scanners, storage, 
and computational infrastructure increase 
expenses

Limits adoption outside aca-
demic centers

Shared digital infrastructure and 
reimbursement-aligned deployment

[56, 57]

Specialized equipment 
and expertise

Requires large-format microtomes, scanning 
systems, and trained histotechnologists

Technical errors can reduce slide 
quality and diagnostic utility

Dedicated training programs and 
standardized technical protocols

[6]

Annotation variability Expert labels may differ between patholo-
gists and institutions

Weakens artificial-intelligence 
training consistency and external 
validity

Consensus annotation frameworks 
and multi-reader adjudication

[22, 31]

Scanner and file-format 
interoperability

Proprietary systems complicate data ex-
change and deployment

Impairs integration with labora-
tory information systems and 
multi-site studies

Open standards, vendor-neutral 
workflows, harmonized metadata

[58]

Generalizability of artifi-
cial-intelligence models

Performance may drop across scanners, 
stains, institutions, and populations

Restricts safe clinical translation External validation and domain-
adaptation strategies

[58, 59]

Regulatory barriers Few systems cleared for routine autono-
mous use

Slows real-world implementation Prospective validation, human-in-
the-loop deployment, regulatory-
grade evidence

[16, 18]

Data privacy and ethics Large annotated datasets require secure 
governance and transparency

Raises concerns about bias, 
consent, and equitable access

Federated learning, de-identifica-
tion, bias auditing

[60]

Outcome-linked validation 
gaps

Many tools are technically accurate but not 
yet tied to patient outcomes

Clinical utility remains uncertain Longitudinal studies linking 
artificial-intelligence metrics to 
recurrence and treatment response

[12]
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ance for routine diagnostic use, and clearance 
pathways differ (for example, 510(k) clearance, 
De Novo authorization, and Breakthrough De- 
vice designation in the United States, alongside 
CE marking in Europe). Specific cleared or des-
ignated prostate-pathology products and their 
intended-use statements should be checked at 
submission, as device status changes rapidly. 
Variability among imaging vendors, proprietary 
file formats, and inconsistent data standards 
hinder integration into laboratory information 
systems [58]. Emerging governance instru-
ments, including risk-based AI regulation and 
predetermined-change-control frameworks for 
adaptive models, are directly relevant and 
should be cited specifically rather than ges-
tured at [60]. Finally, digital-pathology and AI 
reimbursement remains incomplete relative to 
AI-augmented radiology; combined with the 
capital cost of large-format whole-mount-capa-
ble scanners, this is a dominant practical rea-
son WMH-AI is concentrated in academic cen-
ters [57].

Data sharing, labeling variation, and ethics

AI models depend on large, annotated datasets 
from diverse populations; inconsistent labeling 
conventions and limited availability of expert-
verified data remain significant obstacles. The 
PANDA challenge, encompassing thousands of 
digitized prostate slides, revealed substantial 
inter-laboratory variation that affected algo-
rithm performance despite standardized pro- 
tocols [13, 61]. Ethical considerations further 
complicate deployment, particularly regarding 
patient data privacy, model transparency, and 
algorithmic bias toward over-represented de- 
mographics [10, 60]. Balancing innovation with 
equity, interpretability, and regulatory compli-
ance is essential to ensure that both whole-
mount and AI-assisted approaches improve, 
rather than complicate, prostate cancer dia- 
gnosis.

Conclusion and future directions

Prostate cancer is defined by architectural  
heterogeneity, multifocality, and spatial com-
plexity. Conventional diagnostic workflows frag-
ment this spatial reality, introducing sampling 
error, grade discordance, and staging prob-
lems. WMH offers an anatomically faithful rep-
resentation of the prostate gland, preserving 
tumor boundaries, capsular interfaces, margin 

surfaces, and seminal-vesicle relationships. AI, 
particularly DL-based image analysis, can use 
this foundation to transform spatial structure 
into scalable, quantitative insight: as WMH im- 
proves accuracy through anatomical continu-
ity, AI can improve reproducibility, objectivity, 
and efficiency. This combined framework links 
pathology, radiology, and surgical oncology by 
enabling tumor mapping, more standardized 
grading, objective margin assessment, and qu- 
antitative staging metrics, provided each AI 
claim is calibrated to the quality of the underly-
ing spatial ground truth.

A critical near-term direction is consolidating 
and prospectively validating the translation of 
WMH-derived knowledge into preoperative, 
biopsy- and imaging-based workflows. Early 
validated examples already exist, such as fo- 
cal-therapy margin definition and EPE predic-
tion built on whole-mount-registered labels 
(Section 2.5) [24, 29]. AI models trained on 
spatially complete WMH datasets can be 
extended to infer whole-gland tumor burden, 
index-lesion dominance, and multifocal archi-
tecture from limited biopsy cores combined 
with imaging, reducing grade discordance be- 
tween biopsy and prostatectomy and improv-
ing preoperative risk stratification [4, 9]. Re- 
gistration pipelines that align histopathology 
with imaging are the mechanism that makes 
preoperative prediction of EPE, SVI, and tumor 
volume possible [14, 44]. A second direction is 
the integration of general-purpose pathology 
foundation models, including large self-super-
vised encoders such as UNI [62], CONCH [63], 
Virchow [64], and Prov-GigaPath [65], as fea-
ture backbones for WMH-based downstream 
tasks; how these models behave on large-for-
mat whole-mount inputs, and whether WMH 
pretraining improves robustness to domain 
shift, is an open and high-priority question. 
Pixel-level segmentation grounded in WMH can 
quantify tumor-to-margin distance and distin-
guish true involvement from artifact; integrat- 
ed with longitudinal outcomes, such metrics 
could enhance prognostic modeling beyond 
binary margin status [9, 35]. Prospective, ex- 
ternally validated studies across diverse popu-
lations, reported against established medical-
AI standards, will be essential to establish 
clinical utility and reproducibility [16, 18].

For WMH and AI to achieve widespread adop-
tion, multi-institutional validation is necessary. 
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Variability in staining protocols, scanner hard-
ware, annotation standards, and case mix con-
tinues to challenge generalizability; large-scale 
collaborative datasets, standardized segmen-
tation frameworks, and external-validation co- 
horts will be required to ensure robustness 
across institutions and demographic groups 
[58, 59]. Regulatory pathways and reimburse-
ment parity, alongside deliberate attention to 
disparities between academic and community 
settings, remain prerequisites for routine de- 
ployment [57]. Beyond immediate applications, 
three-dimensional reconstruction of whole-
gland histology combined with imaging and 
molecular profiling may enable spatial model-
ing of tumor evolution and, ultimately, a more 
comprehensive computational understanding 
of prostate cancer biology.

Conclusion

Whole-mount histopathology enhances stag-
ing precision by preserving the prostate gland 
as a continuous anatomic structure, allowing 
comprehensive visualization of tumor boundar-
ies, capsular relationships, seminal vesicles, 
and margin surfaces. Artificial intelligence 
builds on this foundation by standardizing inter-
pretation, quantifying morphologic features, 
and enabling scalable integration with imaging 
and surgical data. Therefore, when AI claims 
are calibrated to the fidelity of the spatial 
ground truth, WMH and AI address fundamen-
tal limitations in sampling, variability, and spa-
tial fragmentation that affect prostate cancer 
diagnosis and classification. Realizing the full 
potential of this combined approach will require 
rigorous external validation, regulatory clarity, 
equitable access strategies, and thoughtful 
integration into clinical workflows.
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