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Summary
Neuroblastoma is the most common extracranial solid malignancy of childhood and 
demonstrates marked clinical and biologic heterogeneity. Histopathologic evaluation, 
particularly through the International Neuroblastoma Pathology Classification system, 
remains central to risk stratification by integrating patient age, degree of neuroblastic 
differentiation, Schwannian stromal development, and the mitosis–karyorrhexis index. 
However, diagnostic interpretation is challenged by intratumoral heterogeneity, sampling 
bias, interobserver variability, and the subjective assessment of subtle morphologic 
thresholds. These limitations directly influence prognostic categorization and subse-
quent clinical management.
Digital pathology, through whole-slide imaging, provides a platform for standardized 
visualization and quantitative analysis of entire tumor sections. Recent computational 
and artificial intelligence–assisted approaches have demonstrated feasibility in tumor 
category classification, assessment of differentiation, automated mitosis–karyorrhexis 
index quantification, prognostic stratification, and prediction of molecular features such 
as MYCN amplification. While reported performance metrics are promising, most stud-
ies remain retrospective, single-institution studies, and limited by small pediatric data-
sets.
Significant barriers to clinical translation persist, including the need for multi-institutional 
validation, workflow standardization, quality assurance frameworks, regulatory gover-
nance, and mitigation of algorithmic bias. Current evidence supports the role of digital 
and artificial intelligence tools as complementary aids rather than replacements for expert 
pathologist interpretation. Coordinated efforts addressing validation, infrastructure readi-
ness, and ethical considerations will be essential for responsible integration of computa-
tional methods into neuroblastoma histopathology.

Keywords: neuroblastoma, digital pathology, whole-slide imaging, artificial intelligence, 
computational pathology

Introduction

Neuroblastoma (NB) is one of the most common pediatric malignan-
cies and is characterized by a neuroectodermal origin with an imma-
ture neuroblastic phenotype. The tumor arises from the sympathoadre-
nal lineage of neural crest-derived cells. Neuroblastoma represents the 
most common cancer in infancy and the most common extracranial solid 
pediatric tumor, with the majority of cases diagnosed before the age of 
five 1,2. Neuroblastoma is exceedingly rare in adults; more than 97% of 
cases are diagnosed before the age of ten years.These tumors contrib-
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ute substantially to childhood cancer-related mortality 
and are considered among the leading causes of can-
cer-related death in children under five years of age 3,4.
Most neuroblastomas arise in the adrenal gland, fol-
lowed by the retroperitoneum and mediastinum, typ-
ically along the sympathetic chain 1,4.For many dec-
ades, patient age at diagnosis and tumor stage have 
been considered key variables in the prognostication 
of childhood neuroblastoma. Towards the end of the 
last century, Shimada proposed a classification sys-
tem that correlated histopathologic features of neu-
roblastoma with clinical behavior. Later, the Shimada 
classification was incorporated into the International 
Neuroblastoma Pathology Classification (INPC) sys-
tem, which stratifies neuroblastoma into favorable and 
unfavorable histology based on patient age, degree 
of differentiation, and the mitosis–karyorrhexis index 
(MKI) 5,6.
The clinical behavior of neuroblastoma is highly heter-
ogeneous, with outcomes ranging from spontaneous 
regression to aggressive progressive disease. When 
tumors are localized and surgically resectable, surgery 
represents the first-line treatment. However, many 
cases develop distant metastases. For low-risk and 
intermediate-risk NB, cure rates approach 90-95% 
with multimodal therapy, while for high-risk neuroblas-
toma (HR-NB), it falls to 50-60%. Neuroblastoma is a 
clinically and biologically heterogeneous disease, re-
flected in its pathogenesis, behavior, and therapeutic 
management 7,8.

Methodology

This narrative review evaluates the current applica-
tions and challenges of digital pathology and artificial 
intelligence (AI) in neuroblastoma pathology diagno-
sis. A literature search was conducted using PubMed, 
Google Scholar, and Scopus to identify relevant stud-
ies published between 2006 and the present, aiming 
to capture early developments while emphasizing 
more recent advances. The search terms included 
(“neuroblastoma” OR “neuroblastic tumor”) AND (“dig-
ital pathology” OR “whole-slide imaging” OR “artificial 
intelligence” OR “deep learning”). Reference lists of 
relevant articles were also screened to identify addi-
tional studies.
 Studies addressing neuroblastoma pathology and 
AI or digital pathology applications, including original 
research, reviews, or relevant technical papers pub-
lished in English, were included. Studies focusing 
solely on radiology or genomics without pathology rel-
evance, case reports, and non-English articles were 
excluded.

Titles and abstracts were screened for relevance, fol-
lowed by full-text review of eligible studies. Data ex-
tracted from included studies comprised study design, 
sample size, specimen type, computational method, 
validation strategy, reported performance metrics, and 
key limitations. Findings were subsequently summa-
rized with emphasis on clinical applicability and meth-
odological robustness of AI-assisted approaches in 
neuroblastoma pathology.
The final literature search was conducted in Febru-
ary 2026. The search initially retrieved approximate-
ly 35 records, of which 13 studies met the inclusion 
criteria and were included in the final synthesis. As a 
narrative review, this study may be subject to selec-
tion bias.

Histopathology of neuroblastoma

The pathological classification of neuroblastoma is 
complex and encompasses multiple diagnostic cate-
gories with diverse morphologic patterns. Undifferenti-
ated neuroblastoma is characterized by dense sheets 
of primitive small round blue cells with minimal neu-
ropil, which may create histologic ambiguity. These 
tumors usually display high mitotic and karyorrhectic 
activity. Homer-Wright rosettes may be present. Poorly 
differentiated neuroblastomas retain a primitive ap-
pearance but contain more neuropil and ≤ 5% differ-
entiating neuroblasts. In contrast, differentiating neu-
roblastomas exhibit an admixture of immature neuro-
blasts with ≥ 5% differentiating neuroblasts. Gangli-
onic differentiation is characterized by larger cell size, 
vesicular nuclei, and prominent nucleoli 9,10.
Ganglioneuroblastomas are classified into intermixed 
and nodular types. Both share Schwannian-rich stro-
ma (either exclusively or in combination with stro-
ma-poor areas) and exhibit ganglionic differentiation. 
In the nodular type, the presence of discrete nodular 
growth of neuroblasts represents a major diagnostic 
parameter and an important prognostic determinant 10.
The mitosis–karyorrhexis index (MKI) represents the 
number of nuclei displaying mitotic or karyorrhectic 
activity per 5,000 neuroblastic cells. Based on this pa-
rameter, all Schwannian stroma-poor neuroblastomas 
and the neuroblastoma components of nodular gan-
glioneuroblastoma are stratified into three categories: 
Low MKI (<100/5,000 cells), Intermediate MKI (100-
200/5,000 cells), and High MKI (>200/5,000 cells), 
which contribute to final classification and prognostic 
stratification 11.
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Sources of diagnostic variability in 
neuroblastoma histopathology

Complexity of histopathologic risk stratification

In routine pathology practice, histopathologic diag-
nosis of neuroblastoma may exhibit variability that 
directly affects subsequent prognostic stratification. 
A primary source of complexity arises from the mul-
ti-component nature of the diagnostic framework used 
for neuroblastoma and ganglioneuroblastoma classi-
fication. The International Neuroblastoma Pathology 
classification (INPC) integrates age-based evaluation 
with multiple histologic parameters-including the de-
gree of neuroblastic differentiation, Schwannian stro-
mal maturation, and mitosis–karyorrhexis index (MKI). 
In practice, the need to assess and integrate these in-
dependent features adds interpretive complexity and 
creates several points for diagnostic variability and 
inconsistency 5.
Assessment of neuroblastic differentiation, which rep-
resents a core element of neuroblastoma evaluation, 
depends on identifying subtle morphologic changes 
along a differentiation spectrum. This task is specifi-
cally challenging and time-consuming, especially in 
borderline cases where poorly defined thresholds may 
contribute to inconsistent interpretation and reporting 12.

Sampling bias

Sampling bias represents an additional challenge in 
neuroblastic tumors, particularly due to the presence 
of intratumoral heterogeneity, which is well recognized 
in these tumors. In routine practice, histopathologic in-
terpretation often relies on selected “representative” 
microscopic regions rather than whole-slide assess-
ment. As a result, morphologically distinct compo-
nents within the same tumor may be underrepresent-
ed during routine microscopic evaluation 13.

Interobserver and intraobserver variability, workload 
and human factors

Diagnostic interpretation is further influenced by pa-
thologist-dependent factors. Variations in experience 
level, together with additional effects of fatigue and 
heavy workloads, can contribute to both interobserver 
and intraobserver variability, particularly in evaluating 
complex tumors with subtle morphologic thresholds 13.
These human factors introduce additional subjec-
tivity into assessments that already require precise 
recognition of delicate morphologic features across 
multiple slides and tumor sections. In this context, the 
limitations of purely visual assessment by the human 
eye-especially for subtle features-may further contrib-
ute to diagnostic variability 14.

Spatial heterogeneity of morphologic features

In addition to sampling related limitations, recent 
large-cohort digital histopathology studies have drawn 
attention to the marked spatial morphologic heteroge-
neity within neuroblastic tumors, including variation in 
MKI, stromal composition, and differentiation patterns 
across different regions of the same tumor. This de-
gree of spatial heterogeneity highlights the limitations 
of relying on region-restricted assessment in routine 
diagnostic practice 15.
Several observations regarding the sources of di-
agnostic variability have been highlighted in studies 
applying computational analysis to neuroblastoma 
histopathology, as these investigations tend to define 
and overcome limitations and sources of subjectivity 
in conventional microscopic assessment. Collectively, 
these challenges establish a clear rationale for digital 
pathology-particularly whole-slide imaging-as a foun-
dational platform for improving diagnostic standardi-
zation and reproducibility, which is addressed in the 
following section.

Digital pathology as an enabling platform

From glass slide to whole-slide Image (WSI)
Digital pathology is the transformation of conventional 
glass slide-based pathology practice into digital work-
flows, with the primary aim of generating high-quality 
whole-slide images (WSIs) suitable for diagnostic use, 
while preserving diagnostic accuracy, reproducibility, 
and reliability 16. A recent systematic review evaluat-
ing validation studies comparing WSIs with conven-
tional light microscopy demonstrated that diagnostic 
performance using digital pathology is not inferior to 
conventional glass slide interpretation, including di-
agnostic accuracy, concordance, and interobserver 
agreement 17. In addition, professional guidelines have 
documented acceptable intraobserver diagnostic con-
cordance between WSIs and glass slide diagnoses 
with applying appropriate validation protocols, includ-
ing a washout period of two weeks between the two 
modalities 18.
Importantly, expert consensus has emphasized the 
need for standardized implementation of digital pa-
thology workflows.  Eloy et al. state that “all processes 
must be maximally standardized to guarantee repro-
ducibility and reliability of pathologic diagnosis,” high-
lighting the need to standardize laboratory workflows 
in the steps of whole-slide image generation, manage-
ment, and use to ensure consistent digital diagnostic 
interpretation. Beyond diagnostic considerations, dig-
ital pathology offers practical benefits for pathology 
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ing tumor category, histologic grade, mitosis–karyor-
rhexis index (MKI) and MYCN amplification status, 
with performance compared to expert pathologist as-
sessment. While both internal and external validation 
showed promising results, the study remains limited 
by its retrospective design and the small external vali-
dation cohort (n=25), which may restrict generalizabil-
ity and clinical applicability. The multiple analytic tasks 
addressed in this study are discussed in the following 
sections.
Table I summarizes datasets, computational and 
AI-assisted modalities, validation strategies, and main 
performance metrics across key neuroblastoma com-
putational and AI-assisted pathology studies.

Category classification of neuroblastic tumors

In Ramesh et al. 15, tumor category classification-dis-
tinguishing neuroblastoma from ganglioneuroblasto-
ma- demonstrated the strongest performance among 
other evaluated tasks, supporting the suitability of AI 
for morphologic categorization based on whole-slide 
assessment.
Earlier computational studies also addressed diag-
nostic categorization. Gheisari et al. 14 applied scale 
invariant feature transform (SIFT)- based feature ex-
traction with supervised classification (SVM) to clas-
sify neuroblastic tumor histologic images into five 
diagnostic categories aligned with the INPC/ Shima-
da system, including undifferentiated, poorly differen-
tiated, and differentiating neuroblastoma, as well as 
ganglioneuroblastoma (intermixed and nodular). The 
study reported performance at image level classifica-
tion across categories, with lower discrimination be-
tween morphologically similar subtypes (e.g., poorly 
differentiated vs. differentiating neuroblastoma), high-
lighting limitations in resolving subtle morphologic dif-
ferences.
Similarly, Sertel et al. 13 demonstrated that whole-slide 
image analysis could classify neuroblastic tumors 
based on Schwannian stromal development into stro-
ma-rich and stroma-poor patterns, with relatively high 
overall accuracy compared with expert pathologists. 
However, performance was lower in stroma-poor tu-
mors, particularly differentiating subtypes, indicating 
reduced reliability in more complex morphologic cate-
gories and limiting generalizability.
Collectively, these studies support the feasibility of 
computational and AI-assisted tools in classification 
tasks of neuroblastic tumors, particularly for cate-
gories with clear morphologic boundaries. Howev-
er, most studies are retrospective, single-institution 
based, and report variable performance across close-
ly related subtypes, highlighting the need for robust 
external validation before clinical implementation.

practice, including support for remote consultations, 
improved workflow efficiency and flexibility, reduced 
physical slide handling and enhanced slide compari-
son and case organization 16.

Digital pathology in quantification tasks

Beyond visual interpretation, digital pathology ena-
bles quantitative assessments of histologic features 
through image analysis. Quantitative measurements 
of tissue architecture, mitotic counts, and biomarker 
expression can be performed in a more standard-
ized and reproducible manner than conventional mi-
croscopy, particularly by reducing variability related 
to staining intensity and subjective visual estimation 
19.

Digital pathology in pediatric tumors

Digital pathology has been increasingly applied in 
pediatric oncology, with studies describing the use of 
WSIs as a foundation for exploratory computational 
analysis in the diagnostic process. Recent reviews ad-
dressing WSIs in pediatric solid tumors-including neu-
roblastoma-highlight ongoing developments as well 
as challenges specific to pediatric pathology, includ-
ing limited dataset sizes, tumor rarity and difficulties 
in validation 20.

Digital pathology as prerequisite for computational 
and AI-assisted analysis

Importantly, the application of image analysis and ar-
tificial intelligence tools in pathology practice depends 
on the availability of WSIs, making digital pathology 
a prerequisite for AI-assisted approache 16. Through 
digital pathology workflows, WSIs are converted in-
to analyzable data, allowing objective interpretation, 
comparison, and downstream computational analy-
sis 19.
Collectively, these features position digital pathology 
as the essential platform for AI-assisted histopatho-
logic analysis of neuroblastoma, where diagnostic 
variability and subtle morphologic criteria directly in-
fluence risk stratification and clinical management.

Computational and AI-assisted 
applications in neuroblastoma pathology

Overview of AI uses in neuroblastoma

A recent large-cohort study by Ramesh et al. 15 de-
veloped a deep learning model to evaluate the feasi-
bility of AI-assisted diagnosis in neuroblastoma using 
WSIs. The model was trained and validated on WSI 
datasets to assess multiple diagnostic tasks, includ-
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Assessment of differentiation and risk-related 
morphologic features

Kong et al. 12 demonstrated that quantitative morpho-

logic features extracted from WSIs could assist in as-

sessing the degree of neuroblastic differentiation (un-

differentiated, poorly differentiated, and differentiating), 
with reported accuracy against expert labels. As differ-
entiation is a key histologic component that directly 
influences prognostic classification in neuroblastoma, 
AI-supportive tools may support this time-consuming 
and interobserver-dependent task. However, assess-

Table I. Summary of key computational and AI-assisted studies in neuroblastoma  pathology, including study design, datasets, vali-
dation approaches, performance metrics, and major methodological limitations.

Study/Year Task
Dataset (No., 

setting)
Modality used Validation Main outcome Main limitation

Kong et al., 
2009

Classification 
of neuroblastic 
differentiation 

(undifferentiated, 
poorly differentiated, 

differentiating) 

36 cases 
(WSIs); 3 
training, 

33 testing; 
retrospective

Feature extraction 
+ supervised 

machine learning 
classifier

Internal held-out 
test set (33 WSIs); 
single institution

Classification accuracy: 
87.88% (vs. expert 
pathologist labels)

No external 
validation; single-
institution dataset

Sertel et al., 
2009

Stromal development 
classification 

(stroma-rich vs. 
stroma-poor)

45 cases 
(WSIs); 2 
training, 

43 testing; 
retrospective

Feature extraction 
+ supervised 

machine learning 
classifier

Internal held-out 
test set (43 WSIs); 
single institution

Overall classification 
accuracy: 88.4% (stroma-

rich vs. stroma-poor); 
reduced performance in 

certain subgroups

No external 
validation; single-
institution dataset

Gheisari et al., 
2018

Five-class Shimada / 
INPC classification

1043 cropped 
histologic 

images; 623 
training, 211 
validation, 

209 testing; 
retrospective

SIFT feature 
extraction + 

feature encoding + 
SVM classifier

Image-level 
internal train/

validation/test split

Best weighted F-measure: 
85.19% (image-level 

classification)

Image-level 
analysis only; 
no case-level 

validation

Yu et al., 2022 Automated MKI 
quantification

16 cases 
(WSIs); 

retrospective

Digital image 
analysis software 

(QuPath)

Internal 
comparison with 

manual MKI 
scoring (single 

center)

Precision > 0.96; Recall > 
0.96;

False positive rate: 0.6-
3.7%; False negative rate: 

0.6-3.8%

Small sample size; 
single institution;

ROI-based 
approach

Liu et al., 2022 Prognostic 
classification (FH vs. 

UH)

563 WSIs; 107 
patients;

retrospective

Nuclear 
segmentation 
+ quantitative 

feature extraction 
+ logistic 

regression 
classifier

Retrospective 
training dataset 

with independent 
validation dataset

AUC: 0.946 (train), 0.938 
(test);

Accuracy: 0.856 (train), 
0.865 (test);

MCC 0.703 (train), 0.630 
(test)

Retrospective 
design; no external 
multi-institutional 

validation

Bhardwaj et 
al., 2022

Digital MKI 
assessment in FNAB

50 cases; 
retrospective

Digital image 
visual analysis 
score (DIVAS)

Compared with 
conventional 
visual MKI 

assessment 
and 

corresponding 
cell-block 
histology

96% concordance with 
cell-block histology; 

86% concordance with 
conventional visual 

assessment; cytology-
based INPC category 
correlated with clinical 

outcome

Small sample size; 
single institution

Ramesh et al., 
2024

Tumor category; 
histologic grade; MKI 

category; MYCN 
status 

197 WSIs 
(multi-

institutional); 
172 training, 
25 external 
test cohort; 

retrospective

Deep learning 
attention-based 

multiple instance 
learning model 

(aMIL) with 
feature extraction 

via pretrained 
self-supervised 
learning system 

(UNI)

Internal training 
cohort and 

independent 
external test cohort

External test set accuracy: 
tumor category 0.92; 

histologic grade 0.68; MKI 
category 0.78;

MYCN status 0.77

Retrospective 
design; limited 
external cohort 

size (n=25)
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tensity between favorable and unfavorable histologic 
groups. While this approach highlights the potential of 
quantitative morphologic analysis and objective sup-
port for pathologists, particularly in visually complex 
cases, its retrospective design, limited dataset diversi-
ty, and lack of external validation limit its readiness for 
routine clinical application.
Overall, the literature supports the applicability of com-
putational and AI-assisted approaches in prognostically 
relevant assessment in neuroblastoma, particularly for 
quantifiable features such as MKI and nuclear mor-
phology. However, features requiring subjective inter-
pretation–such as differentiation and stromal compo-
sition-are more challenging. In addition, most studies 
are investigational, retrospective, and single-institution 
based cohorts requiring prospective and multi-institu-
tional validation before clinical implementation.
From a pathological perspective, the feasibility of 
computational assessment in neuroblastoma varies 
depending on how clearly and objectively the mor-
phologic feature can be defined. Quantifiable and 
morphologically well-defined parameters that can be 
detected, counted, or segmented-such as mitosis–
karyorrhexis index (MKI) and nuclear morphometric 
features- appear more amenable to computational 
analysis. In contrast, features with less distinct bound-
aries that require contextual interpretation across tu-
mor sections-such as differentiation status, Schwan-
nian stromal development, stromal composition, and 
necrosis-remain more challenging for algorithm-based 
evaluation. These parameters often depend on sub-
tle morphologic features and intermediate thresholds 
that require integrated interpretation by pathologists. 
Consequently, current computational applications in 
neuroblastoma pathology tend to perform better in 
tasks based on discrete and quantifiable features than 
in those requiring complex contextual evaluation.
Table II summarizes the relative feasibility of compu-
tational evaluation of key histologic features in neuro-
blastoma based on current evidence.

ment of differentiation remains challenging in practice 
due to subtle morphologic thresholds and variability 
between observers.
More recently, Ramesh et al. 15 evaluated AI performance 
in other risk-related factors, including histologic grade, 
mitosis–karyorrhexis index (MKI) categories and MYCN 
status, with variable performance reported among tasks. 
This variability reflects the complexity of these features, 
suggesting that not all prognostic parameters are equal-
ly amenable to accurate AI-based assessment.
Additional studies have explored digital quantification 
of specific risk-related parameters in neuroblastoma. 
The use of QuPath software has been investigated 
to support automated MKI assessment on WSIs by 
defining regions of interests (ROIs) followed by au-
tomated identification and counting of mitotic and 
karyorrhectic figures. This approach aims to provide 
more objective and reproducible MKI evaluation while 
reducing manual workload and interobserver varia-
bility, with reported accuracy comparable to manual 
assessment. However, the ROI-based approach and 
limited cohort size may restrict robustness and gen-
eralizability, particularly in heterogeneous tumors 21.
A complementary work evaluated MKI assessment 
in fine-needle aspiration biopsies (FNA) using dig-
ital image visual analysis score (DIVAS) 22. Smear-
based MKI assessment achieved high concordance 
with corresponding cell block histology and conven-
tional visual scoring, especially in high MKI catego-
ries. Furthermore, INPC categorization based on 
DIVAS-scored MKI showed significant correlation 
with clinical outcomes. However, the cytology-based 
approach and limited sample size may limit broader 
applicability in routine practice.
Liu et al. 23 applied digital pathology methods to 
segment nuclei from WSIs and extract quantitative 
nuclear features, including size, shape, and spatial 
arrangement. Aggregation of these features across 
entire tumor sections enabled capturing of prognostic 
differences in morphologic patterns and nuclear in-

Table II. Summary of relative feasibility of computational evaluation of key histologic features in neuroblastoma based on 
current evidence

Morphologic feature Current computational feasibility
Tumor category classification Moderate to high feasibility; clearer distinction between neuroblastoma and 

ganglioneuroblastoma, while closely related subtypes remain difficult
Mitosis–Karyorrhexis index (MKI) Relatively feasible; automated detection and counting approaches reported
Nuclear morphometric features Feasible using quantitative feature extraction methods

Differentiation status Challenging due to subtle morphologic thresholds and mixed tumor patterns

Schwannian stromal development Partially feasible; performance better for stroma-rich vs stroma-poor distinction, while lower in 
stroma-poor tumors particularly differentiating subtype

Necrosis Limited exploration in current studies
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Spatial heterogeneity and region-based analysis

Several AI-based approaches in neuroblastoma histo-
pathology apply region-based or whole-slide analysis 
frameworks that incorporate spatial variation across 
tumor sections. As previously demonstrated by Sert-
el et al. 13 in stromal classification, region-based im-
age analysis can identify spatial variation in stromal 
patterns across entire slides, highlighting the impor-
tance of distributed morphologic assessment rather 
than field-restricted evaluation. Similarly, Ramesh et 
al. 15 applied deep learning models at patch level to 
analyze neuroblastic tumors across whole-slide imag-
es, capturing spatially diverse morphologic features 
across different tumor areas and identifying diagnos-
tically relevant regions within heterogeneous tumors. 
Liu et al. 23 also aggregated automatically derived 
quantitative features from multiple tumor regions to 
generate case-level predictions that reflect whole-tu-
mor morphology.
In addition to their primary classification objectives, 
these studies, by integrating information from multiple 
regions across whole-slide images, provide a more 
comprehensive representation of tumor heterogene-
ity and may reduce sampling bias. This is especially 
relevant in neuroblastic tumors, where intratumoral 
heterogeneity-including variability of stromal compo-
sition, differentiation patterns, and proliferative activ-
ity- can contribute to diagnostic variability. However, 
most current implementations remain exploratory and 
rely on retrospective datasets, highlighting the need 
for broader validation before routine clinical use. With 
further validation, such approaches may improve re-
producibility in complex and time-consuming neuro-
blastoma assessment and guide more representative 
ROI selection.

Barriers to clinical implementation and 
future directions

Scope of current evidence

Despite promising results, most published computa-
tional and AI-assisted approaches in neuroblastoma 
pathology remain constrained by the rarity of pediat-
ric tumors-particularly neuroblastoma-which results 
in small dataset sizes, and uneven distribution of di-
agnostic categories. As highlighted in recent reviews 
of pediatric pathology, these limitations restrict mod-
el development and validation 20. Additionally, many 
studies have been conducted within single institutions 
and lack external validation, increasing the risk of 
model overfitting and limiting generalizability 15.
Another important limitation relates to the quality of 

annotations used as ground truth for model training. 
In neuroblastoma pathology, interpretation of features 
such as differentiation status, stromal composition, 
and MKI assessment may vary between observers, 
introducing inconsistencies in annotated datasets.
These challenges are particularly relevant in neuro-
blastoma pathology due to the intrinsic morphologic 
heterogeneity of neuroblastic tumors, the complexity 
of diagnostic system, as well as other sources of di-
agnostic variability discussed in Section 4. Variabili-
ty in stromal development, differentiation status, and 
regional distribution of mitotic and karyorrhectic fig-
ures may occur within the same tumor section, mak-
ing consistent annotation challenging even for expert 
pathologists. Consequently, assembling large and 
consistently annotated datasets suitable for training 
robust computational models remains particularly dif-
ficult in this rare pediatric tumor. These factors collec-
tively indicate that AI-assisted neuroblastoma pathol-
ogy research remains largely at an exploratory stage.
In addition, current computational and AI-assisted 
studies in neuroblastoma pathology predominantly 
focus on morphologic features and a limited set of 
prognostic markers, including MKI and MYCN ampli-
fication status. Other established prognostic factors, 
such as ALK mutations24, tumor-infiltrating lympho-
cytes25, and other genomic risk markers26, are rarely 
systematically evaluated through these modalities. 
As a result, the feasibility of digital and AI-based 
methods to assess the full complexity of multifacto-
rial neuroblastoma risk-stratification remains incom-
pletely explored.

Evidence gaps and adoption barriers

Beyond study-level limitations, broader evidence gaps 
continue to hinder clinical translation. In an interna-
tional study based on surveys and interviews, Swell-
ins et al. 27 explored pathologists’ perspectives on bar-
riers for adopting computational pathology in oncolo-
gy practice. Reported concerns included the quality of 
evidence supporting reported outcomes, uncertainty 
regarding clinical utility, and variability in expectations 
about how AI tools can be integrated within the ex-
isting diagnostic workflows. Importantly, participants 
demonstrated a lack of consensus on what consti-
tutes sufficient validation, particularly with respect to 
local and prospective deployment of AI-supported 
systems. A similar concept was highlighted by Bessen 
et al. 28, reporting that some pathologists remain hesi-
tant to adopt digital workflows instead of conventional 
microscopy.
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Technical generalizability and robustness

Technical variability across digital pathology platforms 
represents a major challenge to the generalizability of 
these methods. Eloy et al. 16 provide expert recom-
mendations for safe digital pathology implementation, 
emphasizing the need for workflow standardization 
and robust quality control across all stages from slide 
preparation to image output. Such measures are es-
sential to ensure consistent generation of high-qual-
ity WSIs, which are a prerequisite for downstream 
digitalized or AI-assisted applications. Supporting 
this concern, Ardon et al. 29 reported image-quality 
issues including out-of-focus areas, digital artifacts, 
missing tissue regions and barcode detection failures 
observed by quality management system at a large 
cancer center. These findings demonstrate that image 
quality varies in routine scanning processes, creating 
a source of variability that may limit AI generalizability 
and reliability.
Beyond scanner level factors, insufficient expertise 
among pathologists, limited availability of large anno-
tated datasets, and lack of standardization in image 
acquisition and analysis 30 represent other implemen-
tation challenges. Importantly, successful deployment 
requires multidisciplinary coordination among pa-
thologists, laboratory staff, IT teams and institutional 
stakeholders for integration of these digital systems in 
routine practice 23.
Bessen et al. 28 addressed practical barriers to adop-
tion, including high implementation costs, the need for 
dedicated teams to digitize and analyze slides, and 
greater coordination with laboratory information sys-
tems and electronic health records. They also noted 
that clinical formal guidelines including CAP can facil-
itate future adoption.

Regulatory, quality assurance and governance

Formal professional guidelines highlight additional 
requirements for the clinical implementation of digi-
tal and AI-assisted pathology systems. The updated 
College of American Pathologists (CAP) guidelines 
18 emphasize that validation of digital pathology sys-
tems should be aligned with their intended clinical use 
(e.g., triage, primary diagnosis, or diagnostic sup-
port), emulate real-world diagnostic workflows, and 
be performed locally with defined revalidation require-
ments when system components change. However, 
most published AI studies in neuroblastoma patholo-
gy remain retrospective, rely on generic performance 
metrics, and are conducted within single institutions, 
limiting their applicability in clinical practice. Further-
more, the frequent absence of structured documenta-
tion, governance frameworks, and revalidation strate-
gies contrasts with CAP recommendations for digital 

systems prior to clinical deployment, highlighting a 
gap between current evidence and clinical implemen-
tation.
Regulatory considerations represent an additional 
barrier to clinical implementation. Singh et al. 31 high-
lighted that existing regulatory frameworks for AI-ena-
bled medical software are challenged by the adaptive 
nature of machine learning systems which may evolve 
after deployment. The authors emphasize that require-
ments for managing algorithm updates, continuous 
performance monitoring and documentation across 
the entire process lifecycle remain under develop-
ment. To address these challenges, the U.S. Food and 
Drug Administration has proposed Total Product Life-
cycle (TPLC) and Good Machine Learning Practice 
(GMLP) approaches to support controlled updates, 
long-term safety monitoring, and transparency in AI-
based medical systems.
Together, these professional recommendations high-
light the importance of structured validation, govern-
ance, and lifecycle management prior to safe clinical 
deployment of AI-assisted pathology tools in practice.

Ethical considerations and bias

Ethical considerations, including algorithmic bias, rep-
resent an additional barrier to responsible AI imple-
mentation. Lin et al. 32 demonstrated that limited di-
versity in training datasets can result in performance 
disparities across demographic groups including race, 
gender, and age. In a large pan-cancer analysis, di-
agnostic performance gaps were identified in multi-
ple tasks, highlighting the risk of bias in AI-assisted 
pathology systems. The study further stated that fair-
ness-aware modeling approaches can reduce these 
disparities, emphasizing the need to identify and man-
age bias before deploying AI tools in practice.

Roadmap toward clinical integration

The reviewed evidence collectively shows meaningful 
progress in AI-assisted neuroblastoma histopathology, 
while also highlighting important requirements for fu-
ture deployment. These include multi-institutional vali-
dation, standardization of digital pathology workflows, 
and establishment of strong quality management 
systems 16,18,27. The generation of diverse and repre-
sentative datasets is required to ensure fairness and 
generalizability across different patient demographic 
groups 32. Importantly, recent implementation-focused 
analyses emphasize that successful translation will 
also depend on infrastructure readiness, cost, availa-
bility of annotated data, computational expertise, and 
coordinated multidisciplinary engagement of multiple 
stakeholders 28,30.
In practical settings, AI-assisted tools may initially 
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function as decision-support systems integrated into 
digital pathology platforms. For example, algorithms 
could assist pathologists by highlighting regions of 
interest within whole-slide images, supporting auto-
mated MKI counting, or assisting in preliminary tumor 
categorization. Such tools may improve workflow effi-
ciency while maintaining the central role of expert pa-
thologist interpretation.
In parallel, AI tools should be deployed within gov-
ernance frameworks that ensure transparency, con-
trolled updates, and continuous monitoring 31. High-
lighting these priorities will require coordinated efforts 
and guidelines-driven implementations before these 
methods can be reliably integrated into the pathology 
diagnosis of neuroblastic tumors.

Conclusion

Neuroblastoma diagnosis is challenging and carries 
diagnostic subjectivity in routine pathology practice. 
The need for more standardized and objective as-
sessment methods has driven interest in investigating 
digital pathology and AI-assisted tools in different as-
pects of neuroblastoma evaluation. Current evidence 
suggests that computational approaches are most 

promising for tasks involving well-defined and quan-
tifiable morphologic features, such as tumor catego-
rization, nuclear morphometry, and MKI assessment. 
In contrast, features requiring complex contextual 
interpretation, including differentiation patterns and 
stromal composition, remain more challenging for al-
gorithm-based evaluation.
Although current studies suggest potential benefits, 
the available literature remains exploratory and is 
frequently limited by small datasets, single-institution 
cohorts, and limited external validation. Consequent-
ly, these approaches should currently be viewed as 
supportive technologies that complement, rather than 
replace, expert pathologist interpretation. Future pro-
gress will depend on the development of larger mul-
ti-institutional datasets, improved annotation quality, 
robust validation strategies, structured governance 
frameworks and strong quality management systems. 
Addressing these requirements will be critical for re-
sponsible and clinically meaningful integration of dig-
ital and AI-assisted tools into neuroblastoma histopa-
thology.
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Figure 1. Key sources of bias and challenges affecting the AI development pipeline in neuroblastoma pathology
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Figure 1. Summarizes the main sources of bias and challenges across the AI development pipeline in neuroblastoma pathol-
ogy, including data-level, model-level, and deployment-level barriers.
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