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Abstract

With medical software platforms moving to cloud environments with scalable storage and computing, the trans-
lation of predictive artificial intelligence (Al) models to aid in clinical decision-making and facilitate personalized
medicine for cancer patients is becoming a reality. Medical imaging, namely radiologic and histologic images, has
immense analytical potential in neuro-oncology, and models utilizing integrated radiomic and pathomic data may
yield a synergistic effect and provide a new modality for precision medicine. At the same time, the ability to har-
ness multi-modal data is met with challenges in aggregating data across medical departments and institutions, as
well as significant complexity in modeling the phenotypic and genotypic heterogeneity of pediatric brain tumors.
In this paper, we review recent pathomic and integrated pathomic, radiomic, and genomic studies with clinical
applications. We discuss current challenges limiting translational research on pediatric brain tumors and outline
technical and analytical solutions. Overall, we propose that to empower the potential residing in radio-pathomics,
systemic changes in cross-discipline data management and end-to-end software platforms to handle multi-modal
data sets are needed, in addition to embracing modern Al-powered approaches. These changes can improve the
performance of predictive models, and ultimately the ability to advance brain cancer treatments and patient out-
comes through the development of such models.

Key Points
e |Integrated radio-pathomic analyses can provide novel characterizations of brain tumors

e Translational radio-pathomics should be empowered with integrated technology
infrastructures and modern analytical solutions

and the International Collaboration on

Pediatric central nervous system (CNS) tumors remain the
leading cause of cancer mortality in children.” In the era of
precision medicine, the World Health Organization (WHO)
Classifications of CNS tumors, the International Society Of

Neuropathology,
Cancer Reporting all promote an integrated diagnosis in a
layered manner, incorporating histopathologic diagnosis, CNS
grading, and molecular findings.?* Given the emphasis on a
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tailored approach to diagnosis and treatment, there is an
increasing role for advanced data analytics in pediatric
neuro-oncology, such as those combining multiple data
types (multi-modal; multi-omics) to further enable predic-
tive forecasting and aid in clinical decision-making.

Multi-omic approaches utilizing integrated data sets
have promise for providing rich characterizations of dif-
ferent cancer types and outcomes at population and in-
dividual levels. There are several types of data collected
through standard clinical care for pediatric patients with
CNS tumors. This includes clinical (eg, demographic) and
qualitative behavioral measures (eg, functional neurolog-
ical symptoms) as well as radiology imaging scans, which
non-invasively capture disease states typically over mul-
tiple time points. If there is a surgical collection of tumor
tissue as part of a biopsy or resection, there is frequently
molecular testing as well as pathological review, and often
scanning of the histology slides into digital images, which
together provides derivative genomic, transcriptomic (and
other -omic; eg, proteomic, metabolomic) and digital pa-
thology data. Only recently has there been a consolidation
of large data sets to begin to integrate such data types with
predictive analytics like artificial intelligence (Al) methods
that require ample training data, though these efforts have
largely been restricted to neuro-oncology research on adult
populations. In this paper, we focus specifically on the in-
tegration of medical imaging data acquired through clin-
ical practice, namely radiology and pathology images, and
related applications in pediatric neuro-oncology research.

Utilizing standard radiological imaging with Al and ma-
chine learning (Al/ML) methods, radiomics is a rapidly
evolving and expanding field. Radiomics entails using ad-
vanced computing to extract lesional characteristics from
radiology scans for a variety of clinical applications, in-
cluding predictive modeling of treatment outcomes and
classification of tumor type or genetic status.>¢ The steps
performed in radiomic analysis may vary on a contextual
basis, but overall, radiomics involves image acquisition,
pre-processing, tumor region-of-interest segmentation,
feature extraction, and finally data analysis (eg, model
building and testing). Corresponding quantitative radiomic
features encompass both first- (eg, simple signal intensity
distribution statistics), second-order (eg, texture, shape),
and higher-order (eg, statistical methods after applying
image filters or mathematical transforms) image prop-
erties, and can span from hundreds to thousands of fea-
tures for a given patient and time point. The quantitative
features extracted and resulting radiologic phenotypes
would ideally be reproducible, particularly if formulated
using the standard definitions’; however, there are prac-
tical limitations to reproducibility caused by differences in
image acquisition across scanners and sites.® In adult brain
cancer research, radiomics has shown successful predic-
tion of clinically relevant outcomes and genomic charac-
terizations such as mutational status.®" The use of such
approaches in pediatrics has been largely limited by a lack
of available data sets.®

With the digitization of tissue sectioning and the devel-
opment of high-resolution whole-slide images (WSlIs) af-
forded by recent advancements in scanning hardware
and storage capacities, histopathologic analysis is ripe
for advanced computational methods. Much like radiomic

analysis of radiologic images, the field of pathomics in-
volves data preparation, cellular segmentation, and extrac-
tion of quantitative phenotypic features embedded within
WSiIs."2 Although the analysis may be done on a nuclear,
cellular, or gross sample level, the extracted features can
be used to develop a computational model for a variety of
purposes including tissue diagnosis, tumor invasion, or
tumor classification.'? Substantial work in pathomics fo-
cusing on cancers outside of the CNS has advanced rap-
idly; however, the use of pathomics in neuro-oncology
faces particular challenges that have slowed its progress
(see Potential Applications of Radio-pathomic Methods in
Pediatric Neuro-oncology: Hurdles and Solutions).

The integration of radiology and pathology data has the
unique advantage of capturing tumor properties at com-
plementary macro- and micro-spatial scales. Although
WSils provide a lens into the microscopic cellular makeup
and architectural patterns of a tumor and its surrounding
regions (microenvironment), MRIs enable characterizing
global tumor morphology and appearance, quantitative
statistical measurements, and anatomical relationships
while also incorporating larger-scale spatial heterogeneity.
Together, the combination of radiomic and pathomic fea-
tures with AI/ML methods (radio-pathomics) can apture
complex diagnostic information across multiple spatial
scales, providing detailed modeling of both biological and
structural elements (Figure 1). Additionally, the marriage of
these data types could expand our understanding of the
biological underpinnings of imaging features which have
been elusive to date.’® Radio-pathomic algorithms could
have novel implications not only for personalized treat-
ment pathways but also may aid in pre-operative coun-
seling, development of non-surgical diagnostic tools, and
survival prognostication. Some neuro-oncology research
studies have employed radio-pathomic methods; however,
recent analyses have been limited to adult populations and
are nearly non-existent in pediatric research. With a dearth
of pathomics and radio-pathomics literature in pediatric
neuro-oncology, there is significant potential for advance-
ments in the field and corresponding translational impact
in clinical patient care.

Independently, the fields of radiomics and pathomics
involve feature extraction from clinically acquired images
and input of those image-based features in a machine or
deep learning model for performing a variety of clinical ap-
plications. The additive value of integrating across these
clinically distinct disciplines, each with immense quan-
tities of extractable data, affords significant potential in
improving advanced tools for integrated diagnostics and
ultimately facilitating the translational impact of Al/ML
models. In this paper, we first briefly review current liter-
ature in pediatric brain tumor (PBT) radiomics, pathomics,
and radio-pathomics, and then discuss the potential, in-
cluding the implications and challenges, involved in using
these rigorous analyses in practice. Our goal is to high-
light and encourage the scientific community to pursue
the merging of these rich data sets and create a founda-
tional vision for the potential and challenges of radio-
pathomic research. We also highlight the importance of
addressing current difficulties in acquiring, integrating,
and preparing radiology and pathology data for AI/ML uses
in research and clinical domains while outlining potential
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Figure 1.

Utilization of radiomic and pathomic analysis into an integrative approach. Images depict MRI (upper panel) and histopathology slide

(lower; 20x magnification with hematoxylin and eosin stain, scale bar = 50 ym) of a representative patient with medulloblastoma.

methodological and analytical solutions for facilitating re-
search in these areas.

Review of the Literature

To examine the literature, we queried Pubmed and Embase
for pertinent articles using the search terms “radiomic*”
AND “pathomic*” OR “radiopathomic*” published since
2017. With the emergence of radiomic and pathomic ana-
lyses, the application and utilization of these modalities
are expanding. However, as it pertains to pediatric neuro-
oncology, the literature on integrated radio-pathomic ana-
lyses is lacking, particularly when compared to its adult
counterparts. Our search generated a total of 33 articles,
which were selected and filtered based on title and abstract
for relevance to yield only a single article pertaining to pe-
diatric neuro-oncology in a post-mortem analysis,' which
further highlights the immense potential for advancement
novel exploits of these rigorous data sets.

Overall, the radiomics literature in PBTs provides initial
findings on tasks such as the ability to differentiate be-
tween tumor histologies, identify disseminated disease,
predict molecular subgroups, and even provide prognostic
information.8 For example, ML models using MRI data have
been developed to differentiate pilocytic astrocytomas,
medulloblastomas and ependymomas, and to predict
CSF dissemination in medulloblastoma with reason-
able accuracy and internal data set predictive ability.'>'8
Furthermore, given the increasing significance and inte-
gration of molecular and genomic profiles, not only for
WHO diagnosis but also treatment pathways, ML methods
have also been developed to predict molecular subtypes
and genetic mutations. Predicting BRAF mutations, or

medulloblastoma subtypes, this integration of radiomics
and molecular or genomics data (radiogenomics) exhibits
significant potential.’®'® That said, many of the available
radiomic and radiogenomic models have failed to gen-
eralize beyond the data sets employed in initial studies
and have yet to be translated more broadly in a clinical
context.®

Pathomic analyses have been applied in several onco-
logic disciplines, including adult solid tumors, hematologic
malignancies, and CNS lesions.'220-22 Although similar ap-
plications in pediatric neuro-oncology have been limited,
several pathomic models have been developed that ex-
amine the histologic features of medulloblastoma. In these
analyses, WSI were used to extract key features to develop
and train machine and deep learning models for the pre-
diction of histologic subtypes of medulloblastoma.?*?’The
goal of these studies was automated pathologic evaluation
of medulloblastoma for classification purposes to accel-
erate diagnosis and reduce between and within-observer
variability. The data sets were composed of either textural
features extracted fromWSI, histologic features, or a fusion
of textural and spatial histologic features.?325-27 Utilizing
a combination of broad textural features, including gray-
level covariance matrix and gray-level run length matrix,
Das et al., showed an accuracy of 91.3% in differentiating
the four histologic subtypes of medulloblastoma (classic,
desmoplastic, large cell, nodular) and an accuracy of 96.7%
when applying feature reduction.?’ The authors in Bengs et
al. showed that the pre-trained EfficientNets deep learning
(DL) model could yield an AUC of 0.85 in differentiating
between classic and desmoplastic/nodular subtypes with
data collected across 12 contributing sites (also see transfer
learning approach in Das et al.).?*#?> Meanwhile, the DL
pipeline presented by Atallah et al., using a combination of
neural networks, showed an AUC of 1 in classifying the four
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medulloblastoma histologic subtypes.?® Beyond predicting
medulloblastoma subtypes, a preliminary analysis by
Whitney et al. was also able to create a model that predicts
clinical outcomes.?® With a study sample of 46 patients,
this group was able to use ML classifiers to predict long-
term survival using nuclear histomorphometric features.
Using a neural network, they were able to predict survival
of Group 3 tumors with an AUC of 0.92, showing the clin-
ical potential of pathomic analysis in examining histologic
features. Although there is variability in AI/ML techniques
and study design, these studies highlight the potential of
applying pathomic analyses to other PBTs. Furthermore,
pathomic analyses integrated with other -omic data types,
including genomics data, could be utilized to augment sur-
vival prediction.?®

Although radiomic and pathomic analyses have inde-
pendently shown initial progress, the application of in-
tegrated radio-pathomics in pediatric neuro-oncology is
lacking. To the best of our knowledge, only a single scien-
tific article exists that employs a radio-pathomic approach
for studying PBTs. A recent paper by Ye et al. was able to
highlight the synergistic potential of bridging MRI and
histologic data." In pursuit of a novel image processing
technique using MRI for detection and differentiation of
tumor histopathology, Ye et al. were able to histologically
characterize and classify high-grade PBTs using post-
mortem brain tumor specimens. The authors performed
an ex-vivo analysis on 45 specimens from 9 patients. By
co-registering histologic specimens and MRI images, they
obtained input classifiers for a deep neural network algo-
rithm to aid in the development of their novel Diffusion
Histology Imaging (DHI) with diffusion basis spectrum
imaging (DBSI). The DHI technique achieved an overall
accuracy of 85% in classifying tumor histology, and with
further validation may be an alternative, non-invasive MRI
sequence to provide important histopathologic informa-
tion to diagnose and monitor high-grade tumors as well as
guide surgical interventions.

The studies reviewed varied in their application of
cross-validation techniques, and some applied data aug-
mentation to enhance their models’ generalization ability
and robustness.?*?5 Although most studies implemented
methods to support generalizability and reduce over-fitting,
none explicitly discussed the use of external test data sets
or showcased the generalizability of their models across
data sets from different sites or populations with appro-
priate validation methods (with the exception of Bengs et
al?*). A summary of the findings is provided inTable 1.

Recent work in adult gliomas can provide a framework
for such integrative radio-pathomic methods in pediat-
rics.?%30 For example, Braman et al. developed a predictive
model for glioma survival by integrating radiologic, patho-
logic, genomic, and clinical data.’° The authors were able
to combine such multi-modal data for 176 patients from
The Cancer Genome Atlas (TCGA) into an integrative deep
learning model, called Deep Orthogonal Fusion.Their novel
integrative analyses showed a median concordance index
of 0.788, which had superior performance to an unimodal
strategy. Braman et al. highlight the practical potential of
combining a variety of data modalities into a deep learning
model for a specific clinical application. Additionally, sev-
eral other oncologic disciplines, including rectal, prostate,

bladder, and breast cancer, have established success in
utilizing radio-pathomic modeling across clinical applica-
tions, including diagnosis, prognostication, treatment re-
sponse assessment, and molecular classification.?23:32

Potential Applications of Radio-
pathomic Methods in Pediatric Neuro-
oncology: Hurdles and Solutions

Research on radio-pathomic Al methods in pediatric
neuro-oncology has been significantly slower than its
adult counterpart. Given the immense synergistic poten-
tial of combining these rich data sets, we wish to highlight
to the pediatric neuro-oncology community the steps and
considerations in pursuing such integrative approaches.
With increasing technical and processing capabilities com-
bined with broad aggregation of data via consortiums and
multi-institutional cooperation, the opportunity for radio-
pathomics research should be pursued and capitalized on.
In this section, we review methods in the context of pedi-
atric neuro-oncology research utilizing radio-pathomic Al/
ML methods and point to challenges in the ability to ac-
quire, synthesize, and prepare large-scale, uniform data
sets suitable for AI/ML modeling, as well as in translating
research-developed models into clinical practice. We focus
on the use of digital pathology images with Al, as well as
those faced in integrating radio-pathomic data. Challenges
specific to the use of pediatric radiomic methods are out-
side of the scope here and are discussed in prior reviews.833

Clinical, Histological, Genomic, and Radiological
Diversity in Pediatric Brain Tumors

Compared to adults, primary brain tumors in pediatrics
consist of a greater number of histopathological and mo-
lecular classifications,® and less is known about the cor-
responding biological underpinnings of pediatric brain
tumor groups. For instance, in adult low-grade gliomas,
the prognosis is well-captured by a known gene mutation
(IDH1/2) and chromosomal deletion (1p/19g codeletion)
status in addition to age (lower survival rates in adults
older than 40 years compared to 20-39%¢), and molecular
classification based on these factors has taken precedence
to histopathological classification in guiding clinical deci-
sion-making.%® In pediatric low-grade gliomas, a greater
diversity of mutations, largely based on the Ras/MAPK
pathway (eg, germline NF1, BRAF V600E, H3.1/H3.3 K27M,
TP53, EGFR), has been established.3® High-grade gliomas
(HGG) in pediatrics may histologically resemble adult
gliomas, but they are divided into subgroups based on
genetic alterations (eg, PDGFRA, TP53, wild type, H3G34,
H3K27M, and H3G34R/V mutations)®”3® and tumor location
properties (eg, midline vs. pontine). These groups vary in
age distribution, mutation types, and survival outcomes.
Other frequent brain tumor histologies found in
both pediatric and adult cohorts are ependymoma and
medulloblastoma; yet again, these present with distinct
tumor location, and biological, genomic, and clinical pat-
terns between age groups. Posterior fossa ependymomas
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are categorized into groups A (PFA) and B (PFB) with dif-
ferent molecular variants. PFA typically occurs in young
children and has lower survival rates compared to PFB
found in older children and adolescents with a more favor-
able prognosis.®® Supratentorial and spinal ependymoma
tumors are more frequent in adolescents and adults and
have positive outcomes. Spinal ependymoma are typ-
ically present with either myxopapillary histology or
classic histology with 22q chromosomal deletion, and sur-
gical resection is considered curative.3*° Supratentorial
ependymomas are often grouped by ZFTA and YAP1 fusion
types, with the YAP1 group being less frequent but with
worse prognosis and appearing in young children com-
pared to ZFTA-fused tumors (more frequent, better prog-
nosis, found in adolescent and young adults).

As an embryonal tumor, medulloblastoma is the most
common malignant childhood brain tumor under 14 years,
categorized into molecular subtypes with distinct genomic
aberrations (Sonic Hedgehog (SHH)-activated TP53 wild
type, SHH-activated TP53-mutant, Wingless (WNT), and
non-WNT/non-SHH (Group 3/4)) as well as four histology
classes (classic, large cell/anaplastic, desmoplastic/nod-
ular, extensive nodularity).4’ Adult medulloblastomas are
primarily of the SHH subtype (with the remaining split be-
tween WNT and Group 4 cases),*? while about 30% of pedi-
atric cases are SHH, 25% Group3, 35% Group 4, and WNT
being the least common at about 10%.4"43 Additionally,
some work has shown differences between chromosomal
aberrations detected with IHC and survival outcomes of
WNT and Group 4 subgroups between adult and pedi-
atric medulloblastoma.** Other embryonal tumors that are
less common but occur more frequently in pediatric age
groups compared to adults are atypical teratoid rhabdoid
tumors (ATRT), craniopharyngioma, pineal tumors, menin-
gioma, germ cell tumors, and others.?

Pediatric brain tumors are not only heterogeneous from
histologic, genomic, and clinical perspectives but are
also highly diverse in terms of their radiological pheno-
types. Unlike adult GBMs that most often appear as solid,
contrast-enhancing tumors (higher signal intensity on
T1-weighted sequences after contrast injection) located
in eloquent brain regions, PBTs are often mixed solid-
cystic, have varying patterns of contrast-enhancement,
and can frequently present in the posterior fossa and mid-
line.*5-%0 Pre-trained AI/ML models based on MRIs of adult
brain tumors may be trained to include such factors, but
are typically evaluated based on the whole tumor (unity
of all subcomponents), tumor core (subcomponents ex-
cluding edema), and/or enhancing core segmentation per-
formance.®5" Because of the relatively low frequency of
cystic, non-enhancing components in adult data sets used
for model development, state-of-the-art deep learning-
based tumor segmentation models underperform in these
regions.>?

In sum, the diverse clinical, radiological, histolog-
ical, and genomic characteristics of PBTs introduce com-
plexity in uncovering relationships between radiomic and
pathomic imaging features and their association with ge-
nomic and clinical markers. For some cases in which tumor
biology and appearance are similar across adult and pe-
diatric cases, such as in certain high-grade gliomas and
SHH medulloblastoma, transfer learning of existing adult

radio-pathomic models to pediatric cohorts may be pos-
sible. AlI/ML approaches for histologies that differ between
age groups will require representative data to compre-
hensively capture different subclasses of PBTs (see Slide
Image Acquisition and Data Availability) and their corre-
sponding variations in phenotypic and genotypic proper-
ties. This necessitates collaborative data-sharing efforts
across institutions, and/or infrastructure development to
support large-scale federated learning, in which data files
are kept securely within separate, private data centers and
only model parameters are passed between participating
parties.>® Analytical approaches that show promise to help
address cases of limited data for model development are
further discussed in Analytical Solutions with Artificial
Intelligence and Computer Vision Methods.

Slide Image Acquisition and Data Availability

The use of digital pathology images for pathomic feature
extraction and computational analysis is met with lim-
itations in software infrastructure and data availability.
Although there have been relatively recent advances in
WSI scanning to digitize pathology slides in clinical prac-
tice, technological bottlenecks still exist post-scanning. For
instance, WSI files are large, can be of various file types
(eg, SVS, VMS, SCN, MRXS, BIF, and TIFF), and are typi-
cally stored on local departmental servers. This can make
it difficult to extract and share these files with researchers
more broadly. Variability in scanner vendors utilized across
institutions and a lack of established standards for imaging
acquisition parameters, such as magnification level, cause
variability in generated images that must be accounted
for in data preparation and model training. Additionally,
there are several types of artifacts that can exist in physical
slides which cannot be corrected for in post-processing;
for example, frozen sectioning can cause “freezing arti-
fact” altering cellular histoarchitecture and corresponding
pathomic features. Other artifacts include pen markings,
air bubbles, misalignment and resulting tissue cut-off or
folding, and out-of-focus images. To address this, some
open-source software tools for (semi-)automated quality
control (QC) have been developed, such as HistoQC and
PathProfiler, which offer solutions for performing QC and
artifact detection at-scale.5*-56

Despite the implementation of standardized procedures,
histological stains exhibit considerable variability due to
slide preparation, which relies heavily on human expertise
and the specific devices and reagents employed. Multiple
factors influence the ultimate appearance of stained tissue
samples in digital pathology images, from the initial sur-
gical excision of the tissue through transportation to the
laboratory, fixation, sectioning, staining, scanning, and
even the storage conditions of the stained slides and inter-
patient differences result in alterations in color and staining
intensity.5’ This challenge becomes prominent in research
studies that involve sharing digital images among different
laboratories. Stain normalization algorithms can be used
to mitigate such effects on the performance of cell seg-
mentation and AlI/ML models, such as color matching and
stain separation. However, these conventional algorithms
face limitations when stains involve multiple components
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beyond H&E, and more recently deep learning-based
methods have emerged as potent solutions.?®% For ex-
ample, utilizing a fusion of color augmentation and stain
color normalization techniques can enhance the classifica-
tion performance of a neural network.®°

Another consideration is variable staining techniques
in modern practice, and although Hematoxylin and Eosin
(H&E) staining is commonplace, ancillary diagnostic
methods are needed for the complete characterization of
a tumor. For example, some tumor histologies are charac-
terized by small round blue cells, such as medulloblastoma
and other types of embryonal tumors, which stain blue/
purple with H&E staining but consequently can con-
found the detection of other cell types such as tumor-
infiltrating lymphocytes. Although traditional techniques
continue to be regularly utilized, the expanding role of
immunohistochemistry, and multiplex antibody-based
imaging, is a promising modality to improve phenotypic
characterization of the local microenvironment.®! Utilizing
novel staining and imaging techniques, including varia-
tions of antibody conjugation, direct insights into cellular
and sub-cellular tissue domains can be elucidated.t2:63
Such methods have the potential to be directly associated
with emerging theranostic PET imaging methods, which
can capture molecular properties, such as metabolic ac-
tivity, and are becoming increasingly relevant in imaging
of tumor burden and response assessment. For example,
comparisons between immunoPET and histopathological
staining with multiplex IHC could be used to comprehen-
sively examine the heterogeneous tumor immune micro-
environment and its spatial architecture.®

The genotypic and phenotypic diversity of pediatric
brain tumors necessitates representative data sets with
large numbers of samples per unique class needed to
allow machine learning models to make accurate predic-
tions. Combined with a relatively low frequency of brain
cancers in the general pediatric population, the applica-
tion of pathomics with Al algorithms is limited by a lack
of large, uniform data sets for model development, partic-
ularly in the context of multi-site studies. Even more so,
unlike their adult counterparts, there is a dearth of pedi-
atric data sets containing both radiology MRIs and digital
pathology images, and large data sets are required for
building high-performing Al models to ascertain generaliz-
ability. To our knowledge, there is only one available repos-
itory providing both clinically acquired radiology MRIs and
digital pathology slides, which is the Pediatric Brain Tumor
Atlas (PBTA) of the Children’s BrainTumor Network (CBTN)
consortium (cbtn.org).®® The PBTA is a large, multi-site
data set with data collected across various cancer types.
In addition to MRIs and digital slides, associated clinical
annotations are available, and many subjects have paired
molecular sequencing data. Aside from the PBTA, we have
only found one other available repository of pathology im-
ages for PBTs. This is a set of H&E stained slides (202 im-
ages at 10x microscopic magnification, 153 images at 100x)
acquired from tissue biopsy samples of 11 pediatric pa-
tients with medulloblastoma (https://dx.doi.org/10.21227/
wOm0-mw21).%6

The Digital Imaging and Communications in Medicine
(DICOM®) standard is a potential solution to the data in-
frastructure and organization challenges outlined above.

DICOM establishes storage, management, and transfer
standards that are implemented in (Picture Archiving and
Communications Systems, such as those commonly util-
ized in clinical radiology departments. Beyond imaging
pixel data, these files have built-in placeholders containing
metadata relevant to the case. Additionally, the data or-
ganization of DICOM provides a way to handle multiple
images at various resolutions, which is typical for WSlIs,
as well as multi-frame images such as for large images
that are tiled, which lends to virtual microscopy viewing.
Notably, the working group WG-26 aims to develop the
DICOM standard to support applications in pathology
(https://www.dicomstandard.org/activity/wgs/wg-26). That
said, commercially available WSI scanners do not typically
output files in DICOM format, necessitating a separate tool
for conversion from WSI to DICOM and additional steps
to capture and incorporate the image metadata. A related
consideration is that while DICOM viewers are readily inte-
grated into clinical radiology workflows, current clinical pa-
thology viewers do not support DICOM file formats. There
exist some web-based DICOM WSI viewers (eg, VISILAB,
Google Cloud Healthcare APl) as well as open-source
DICOM servers with integrated viewing tools (eg, Orthanc:
https://wsi.orthanc-server.com/demo/) that could be inte-
grated into clinical workflows to address this,®” although
this would necessitate medical device certification of the
software tools for use in clinical routine.

Cell Annotations, Nuclei Detection and
Segmentation

Once digital slide data is collected and curated, it must be
prepared prior to input to Al/ML model training to reduce
the impact of unrelated or undesired noise on learning per-
formance.This often involves pixel intensity histogram nor-
malization, color normalization, or gray scaling (for texture
features), and resampling to a common resolution. Note
that downsampling (resampling to a lower resolution) can
result in loss of cellular-level spatial detail but can required,
for example, if there are images of various resolutions
in a data set. Next, tumor-involved areas of an image are
selected for further analysis. This involves viewing and de-
termining regions of high tumor cell density in each slide.
To utilize quantitative pathomic features in Al/ML ap-
proaches, individual cellular segmentations must be gen-
erated. This is often accomplished using semi-automated
methods. Using standalone software such as QuPath,%
a user will examine a region of tumor on a slide and ad-
just auto-detection parameters until all tumor cells are de-
tected and segmented within the region (based on visual
assessment). As there is no standard protocol for cell seg-
mentation, there can be ample inter- and intra-observer
variance in manual segmentations due to differing or
non-uniform assessment techniques. Inter-observer var-
iability presents a well-known challenge in achieving di-
agnostic consensus within the field of pathology,®®7° and
pediatric cases are particularly susceptible due to their
diverse histological appearance.”! Strategies such as mo-
lecular or immunohistochemical staining, central reviews,
establishing widely agreed-upon and adopted standards,
and seeking second opinions in complex or rare cases can
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elevate diagnostic accuracy, foster consensus among ex-
perts, and mitigate variability (also see analytical solutions
in Future Directions for Translational Radio-pathomics in
Pediatrics). Furthermore, the advent of WSI for converting
entire glass slides into digital images has enabled patho-
logists worldwide to collaborate on the analysis of intri-
cate cases.”? Given the variation in tumor characteristics,
such as cellularity, invasiveness, and cellular morphology,
there also exists variation in segmentation patterns be-
tween tissue and tumor types. For example, the dense,
high nuclear/cytoplasm ratio, and less invasive pattern
in medulloblastoma pose unique segmentation patterns
when compared to the diffuse, and less compact histologic
pattern of low-grade glioma (Figure 2). This variation in
histologic patterns becomes of greater importance when
attempting to create and adopt fully automatic segmen-
tation methods. Some automatic segmentation methods
have been proposed using adult data’3; future work should
focus on generalizing these methods to pediatric settings
and integrating them into user-friendly software. Following
segmentation, features such as shape morphology, spa-
tial texture patterns, cell count, density, etc., are extracted
and can be used as input to AI/ML models to perform tasks
such as classification.

To date, the process to prepare digital pathology images
for use in Al remains manual and time-consuming. The
development of standardized, automated pre-processing
pipelines that generalize across data sets should help to re-
duce the technical expertise required to perform analyses
with pathomic features. This underscores the development
of requisite representative data sets for model building
and generalization that would allow for the integration of
auto-segmentation models into fully automated pipelines.
For instance, some deep learning patch-based approaches

have been shown to automatically select local regions of a
WSI that are representative tiles for learning tasks such as
adult cancer classification,”*”® without the need for manual
intervention; however, these nonetheless require an ini-
tial set of ample input training data with manual annota-
tions to perform well (but see analytical solutions in Future
Directions forTranslational Radio-pathomics in Pediatrics).

Spatial Alignment of MRI and Pathology Slides
via Co-registration

Broadly speaking, applications of radio-pathomics in on-
cology research have been particularly successful when
MRI scans and digital slides can be spatially aligned. One
pertinent example of this is in studies on prostate cancer.
Surgical resection of the entire prostate (radical prosta-
tectomy) can be part of the standard of care for patients
with prostate cancer, and subsequent co-registration of
the histology slides with the pre-operative anatomical MRI
can be accomplished with high accuracy. This is because
3D-printed molds can be created based on the MRI scans
such that the resected tissue can be sectioned to match the
orientation and thickness of the MRl slices.”® Subsequently,
co-registration of the MRI with the digitized slide images
can be performed. This precise spatial alignment allows
for direct comparisons between the two image types, and
thus the ability to harness the complementary macro- and
micro-scale features that each affords.

Oncologic surgery in the CNS is predicated on max-
imal tumor resection with preservation of non-tumoral
elements. In highly eloquent, and challenging anatom-
ical locations, such as midline structures involved by dif-
fuse midline gliomas (DMG), only a small sample of the
tumor is collected via biopsy for diagnostic histological

T

Figure 2. Histopathology slides from two representative patients highlighting the structural and architectural differences between low-grade
glioma (left; 20x magnification with hematoxylin and eosin stain, scale bar =100 ym) and medulloblastoma (right; 20x magnification with hematox-

ylin and eosin stain, scale bar =50 ym).
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assessment. In either case, spatial alignment of resulting
digital slides and pre-surgical MRlIs is often difficult due to
a lack of spatial landmarks and post-surgical changes. With
the advent and increasing adoption of intraoperative MRI,
real-time spatial variations caused by surgical manipula-
tion, fluid shifts, and CSF egress may be accounted for.”’
This may also potentially be alleviated with image-guided
biopsy methods, such that a pre-operative MRI is used to
guide the sampling of tissue during biopsy and thus aid
in subsequent alignment. Furthermore, supramaximal en
bloc resections may also facilitate radiologic and histo-
logic co-registrations, when technically and clinically appli-
cable, via more direct spatial alignment of histology and
radiology data (such as described by Roodakker et al.’8).
Additionally, it is possible for an MRI-based 3D-printed
mold to be utilized to slice a resected tumor; however,
the implementation of this method in clinical practice is
not standard. Notably, 3D model-based registration of
histology to MRI has been performed in autopsy cases in
adult brain cancer research. With this type of approach,
one study found that a radio-pathomic model could detect
disease infiltration (based on hypercellularity) beyond spa-
tial boundaries defined by traditional radiological features
alone.”®

Alternative analytical approaches can be employed to
avoid the need to co-register MRI and pathology slides
but still utilize features from both modalities in Al/ML ap-
plications. One method involves extracting radiomic and
pathomic image features separately and then inputting
the combined feature set into the AlI/ML model.?® Another
method involves inputting each feature type into sepa-
rate models, and then combining their predictions into a
single output. In both cases, the ability to acquire informa-
tion from the spatial overlap of histopathological images
and MRI images is lost, and in this way, we cannot make
direct inferences about their relationship. Relatedly, this
prevents the use of Al methods to perform spatial image
tasks, such as predicting the extent of disease infiltration or
locations of recurrence, modeling tumor appearance, and
corresponding spatial and texture characteristics such as in
the analysis of tumor microenvironment. The importance
of spatial heterogeneity characteristics of a tumor’s cellular
makeup has been acknowledged but has yet to be fully
elucidated. For example, tumor microenvironment fea-
tures obtained from topographical spatial analyses in adult
gliomas can highlight immunotherapy target responses
and cell signaling pathways.”38%8! |deally, radiomic and
pathomic co-registration methods should be further
pursued to address the limitations of spatial alignment
and consequently enable spatial comparisons between
the imaging modalities. On the other hand, utilizing infor-
mative radiomic and pathomic features for clinically rele-
vant tasks does not necessarily require spatial alignment
to perform well. This can include classification tasks such
as diagnosis and molecular subtyping, as well as predic-
tions of clinical outcome variables such as in risk assess-
ments of survival or assessment of treatment response. In
sum, the co-registration of MRI and pathology images is
difficult in practice, particularly in the context of clinically
acquired data, and is often impossible with retrospectively
collected data due to a lack of corresponding spatial land-
marks across the image types. Thus, if researchers aim to

study spatial image tasks and metrics across radiology and
pathology images, they can prospectively design studies
such that alignment across modalities is possible.

Computing Environments and Standardized
Pipelines for Image Analysis

The development of AI/ML models, together with the
high storage and processing demands of radiology and
pathology data, requires high-performance computing
environments. Cloud-based infrastructures offer such
storage and compute services while offering HIPAA-
compliance and eliminating the need for maintenance
of physical on-premise servers, such as locally deployed
high-performance clusters that are common in academic
research settings. One recently released platform that was
developed for integrated imaging analysis is the Platform
for Imaging in Precision Medicine (PRISM), which offers
services for the management of integrated radiology and
pathology data sets and feature sets, and tools for cohort
creation and clinical data exploration while being deployed
in either on-premise or cloud environments.82

In clinical practice, some radiology software platforms
have migrated to cloud-based deployments, but clinical
pathology software is still most often deployed on local
departmental systems. Additionally, while some platforms
have begun to support predictive analytics and Al model
deployment through integrated tooling, these are still in
nascent phases of development. Thus, there is a need for
high-computing, analytical platforms that can offer multi-
modal data integration across departments in clinical prac-
tice and direct application of derived models.

Aside from the need for computational resources, there
remains the burden of acquiring and preparing radiology
and pathology data to make it Al-ready via large-scale col-
lection, curation, and pre-processing. Currently, the onus
of this lies on each researching individual and team that
desires to perform studies with radio-pathomic methods.
There are no automated processing pipelines developed
specifically for pediatric radiomic, pathomic, or radio-
pathomic data. Moreover, although there have been
automated pipelines developed in the context of adult
cancer research, none have been validated using pedi-
atric data and few have deployed in cloud-based clinical
platforms. One open-source WSI pre-processing pipe-
line that is deployed on a research cloud platform is the
“SBG Histology Whole Slide Image Preprocessing” toolkit
developed by SevenBridges Genomics and available on
CAVATICA (cavatica.org). This pipeline performs tissue
versus background segmentation and tile generation.
Another CAVATICA pipeline is the “HoVer-Net Inference”
which implements the HoVer-Net deep learning model for
nuclei segmentation and classification of H&E slide im-
ages.® With these types of workflow implementations,
researchers have the ability to rapidly and efficiently pre-
pare their digital slide images at-scale with standardized,
uniform processes. Furthermore, the adoption of such
workflows can support generalizability in downstream an-
alytics. Future work should aim to validate such pipelines
with pediatric data and strive towards developing inte-
grated user-friendly software and platforms that empower
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researchers to utilize existing data and models and flexibly
develop their own.

Analytical Solutions with Artificial Intelligence
and Computer Vision Methods

The genotypic and phenotypic diversity of pediatric brain
tumors leads to complexity of building clinically rele-
vant Al/ML models. Although data aggregation efforts are
made difficult due to regulatory, operational, and tech-
nical barriers, analytical solutions may help accelerate
the use of predictive modeling. Recent advancements in
deep learning and computer vision with transfer learning
methods show significant promise for alleviating some
of the aforementioned challenges in supervised deep
learning approaches such as limited data sets and anno-
tations. Self-supervised pre-training in particular provides
a technique for initializing a model based on large, unla-
beled data sets before translating the model to a different
but related task or domain. During pre-training, a model is
trained on an initial task using data augmentation, such as
rotation or context prediction, to optimize internal param-
eters and learn useful representations in the images, such
as visual patterns of textures, shapes, and structures, in
a data-driven manner. The pre-trained model can then be
fine-tuned on a different task with labeled data (supervised
learning) and theoretically, since model parameters have
been initialized with relevant data, learning performance
on this secondary task can be boosted.

Self-supervised pre-training has been shown effective in
a variety of medical imaging tasks. In the context of histo-
pathological image tasks, it can reduce the amount of la-
beled training data. In one related study, a deep learning
model was pre-trained using a contrastive learning task
(discriminating positive and negative pairs of augmented
images) on images from 32,529 publicly available WSIs
of various cancer types and locations.®* The model was
then evaluated on three supervised tasks: (1) classification
of colorectal cancer tissue types and normal tissue from
86 WSis; (2) breast cancer detection from 400 WSIs; and
(3) classification of benign and precancerous colorectal
polyps from 328 WSIs. The pre-trained model (TransPath;
https://github.com/Xiyue-Wang/TransPath) outperformed
a model with randomized initial parameters and a model
pre-trained on ImageNet® database. This study indicates
great potential for self-supervised methods in pediatric
histopathology, particularly to overcome the challenges of
limited labeled data, data imbalance, and class fragmenta-
tion (significant within-class variation) in pediatric neuro-
oncology tasks (eg, tumor detection, cell classification,
cancer grading).

Weakly supervised learning methods have also shown a
potential to alleviate the challenges of limited annotations
and training data with imaging data sets. This method uses
partially labeled data, and assuming these labels might
be noisy, incomplete, or inaccurate, reduces the influence
of observer variability.8¢ For histopathology images with
limited annotations, weakly supervised deep learning has
shown efficacy in tasks like cancer classification, localiza-
tion of regions of interest, tumor subtyping or grading, ge-
netic mutation prediction, and detection of metastasis.8’-%3

One recent radio-pathomic study, evaluated in the CPM-
RadPath 2020 challenge,® employed weak supervision to
predict glioma subtypes (adult oligodendroglioma 1p/19q
codeletion, adult astrocytoma IDH-mutant, adult glioblas-
toma IDH-wildtype) from WSIs without cellular annota-
tions.?® These subtype predictions were then compared
with MRI-based class predictions to obtain a confidence
measure based on the agreement between data types.

Many of these studies additionally divide WSIs into local
spatial regions, that is, patches, and with this approach,
spatial probability maps can be generated from trained
deep learning models in order to visualize the regions
and characteristics that contribute to model predictions.
This offers both the efficient use of information across the
global WSI for model development, as opposed to only
local regions that are commonly selected in manual ap-
proaches, and crucially lends to the interpretability of rel-
evant, data-driven information extracted from the images.
Notably, these approaches may address the challenges of
high false positive and/or negative rates in several weakly
supervised deep learning methods, particularly in localiza-
tion tasks.®’ Lastly, combining self-supervised pre-training
and weakly supervised methods can significantly reduce
the amount of labeled data and boost model performance
with histopathology images.%

In radio-pathomic analytics with high-dimensional im-
aging feature spaces, joint representation learning tech-
niques for multi-modal learning can be used.®” These
methods learn a shared representation by integrating fea-
tures from multiple modalities, eg, histology and radiology
image features, as well as genomic and/or clinical factors.
Different methods can be used to learn a new representa-
tion of the input feature sets, such as directly combining
into a single representation (multi-modal fusion), associ-
ation in a network graph (graph-based fusion), or training
on each separately followed by alignment of the shared la-
tent space (variational autoencoders). Across approaches,
each modality type can contribute to the shared represen-
tation space, and in turn, the result can be a “joint” rep-
resentation that captures mutual information between
disparate data sources. Joint representation learning is a
relatively new analytical approach and initial work shows
promise with multi-modal biomedical data, such as using
chest radiographs and corresponding radiology text re-
ports for image classification and segmentation,®® as well
as WSiIs, genome, and transcriptome data for determining
patient prognosis.?®

Future Directions for Translational Radio-
pathomics in Pediatrics

The translation of radio-pathomic models to clinical prac-
tice settings is an avenue with immense potential for
facilitating personalized treatment decision-making and
improved patient outcomes. Direct clinical applications
include distinguishing between various types of brain
tumors, measuring tumor proliferation, infiltration and
margins, identification of molecular characteristics, and
integrating such factors to aid in understanding the mech-
anisms of tumor progression, metastasis, and response to
treatments. In many types of pediatric brain tumors, the
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standard of care involves combination therapies of surgery,
radiation, and chemotherapy; however, for many pediatric
histologies clinical treatment protocols have not changed
in decades and high rates of recurrence and low survival
accompanied by a lack of effective therapies remain.%%100
For instance, atypical teratoid rhabdoid tumors have an
overall 5-year survival rate of around 25-50%."°" New ad-
vancements in targeted therapies and immunotherapy
approaches can potentially expand treatment options
for specific genetic mutations or critical pathway alter-
ations.'°0192 Capturing nuanced information in the global-
local spatial heterogeneity and quantifying the tumor
microenvironment and mutational burden with combined
radio-pathomics could be used to tailor such treatments to
the individual patient. One study demonstrated that spa-
tial maps of tumor-infiltrating lymphocytes (TIL) could be
generated with H&E WSIs across multiple cancer types,
which captured lymphocytic infiltration within the tumor
and surrounding regions that were related to genomic TIL
estimates and survival outcomes.'® Immune cell infiltra-
tion in pediatric brain tumors is variable within and across
cancer types underscoring the need for individualized ap-
proaches,'921%4 particularly with combined imaging and
genomic analysis. Additionally, some preliminary work
has shown the ability to characterize immune microenvi-
ronment subgroups in pediatric central nervous system
tumors that are related to characterizations from IHC and
methylation measures.'%

Radio-pathomic models could also lead to more precise
and complex modeling of tumor growth and change over
time. Pediatric tumors are particularly heterogeneous and
different parts of a tumor may grow at different rates and
behave differently to treatment. Some tumors, such as
ependymoma, can be characterized by intratumoral het-
erogeneity as various genetic alterations and histological
patterns can be comprised within the same tumor.105106
Anatomical information about surrounding brain struc-
tures, tumor location, and global morphology extracted
from radiology imaging in combination with microscopic
information about cellular subpopulations from histopa-
thology imaging could lead to sophisticated 3D models
of the non-uniform evolution of a given tumor over time.
In this way, radio-pathomics may better capture the spa-
tial heterogeneity of pediatric brain tumors and be used
to construct individualized predictive modeling of tumor
growth and infiltration.This could significantly advance the
ability to target specific regions more effectively with treat-
ment and lead to more precise assessments of treatment
response compared to current standards that rely on visual
and 2D volumetric measurements based on MRI.

Discussion

Current literature employing radio-pathomic features
with predictive Al models in the field of pediatric neuro-
oncology is limited compared to adult brain and other
cancer types. We reviewed related challenges that arise
in radio-pathomic research across data collection, data
management, data preparation, multi-modal analysis, and
translation back to clinical practice. These factors should

be considered when designing radio-pathomic studies,
as limitations that arise in data generation may dictate
the types of analytical approaches that can be used, and
subsequently their clinical relevance and interpretation of
findings. For example, unsupervised ML requires a signif-
icant amount of data to perform properly, but supervised
methods require image annotations (eg, cell segmen-
tations) that can be time-consuming to generate. Self-
supervised pre-training and weakly supervised methods
on the other hand have been shown to alleviate the need
for large, labelled data sets using data-driven approaches.
Additionally, the ability to co-register radiology and pa-
thology images will inform the types of AI/ML analyses
that can be performed (ie, spatial vs. nonspatial tasks).

Overall, while the development of Al algorithms with
radio-pathomics has gained momentum in adult neuro-
oncology research, it remains severely limited in pediat-
rics.This is largely accounted for by limited data availability
and a lack of standardized workflows for image acquisition
and data processing. Researchers are required to gain do-
main and technical expertise and expend significant effort
on data collection, curation, and preparation, and even
so, are limited in their ability to generate generalizable
models. In order to accelerate pediatric radio-pathomic
research and related Al applications in computer-aided
clinical decision-making, significant advancements must
be made in data repository generation as well as the soft-
ware and infrastructure that support clinical data manage-
ment and Al model deployment. The collection of digital
pathology slide images across sites using standard acqui-
sition protocols and release to the research community
could greatly facilitate the use of histopathology images in
developing predictive models for pediatric brain tumors.
Clinical software systems and workflows should generate
research-ready data by adopting imaging standards and
integrating with centralized data repositories. Researchers
must also strive to develop models with direct clinical ap-
plication and provide them in formats such that they can
be implemented in clinical workflows and corresponding
software platforms.The most direct way to accomplish this
bi-directional approach is through collaborations via multi-
site consortia consisting of clinicians, pathologists, radi-
ologists, and researchers.

Conclusion

The rise in computational potential has led to machine
and deep learning models utilized in a variety of clinical
applications. Although pediatric brain tumor research has
shown progress in radiomics, there remains significant
work to be done with pathomic and radio-pathomic mod-
eling. Along with the inherent limitations in the size of this
population, other challenges in radio-pathomic research
include molecular, radiological, and histological hetero-
geneity in pediatrics, as well as image standardization,
data organization, computational resources, and pipeline
development. At the same time, integrating these two im-
aging data types has considerable potential for rich charac-
terizations of disease across spatial scales, by combining
localized features of a tumor’s cellular and architectural
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properties with global statistical and morphological prop-
erties. Such multi-modal characterizations provide similar
potential for better prediction of molecular and clinical
outcome factors compared to any one data type alone.
Additionally, such developments are necessary to accom-
plish tailored precision medicine and an understanding of
individual variability compared to larger populations.
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