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Abstract

In a rapidly evolving healthcare environment, artificial intelligence (Al) is transforming diagnostic techniques and personalized medicine. This is also
seen in osseous biopsies. Al applications in radiomics, histopathology, predictive modelling, biopsy navigation, and interdisciplinary communication
are reshaping how bone biopsies are conducted and interpreted. We provide a brief review of Al in image- guided biopsy of bone tumours (primary
and secondary) and specimen handling, in the era of personalized medicine. This article explores Al’s role in enhancing diagnostic accuracy, improving
safety in biopsies, and enabling more precise targeting in bone lesion biopsies, ultimately contributing to better patient outcomes in personalized med-
icine. We dive into various Al technologies applied to osseous biopsies, such as traditional machine learning, deep learning, radiomics, simulation, and
generative models. We explore their roles in tumour-board meetings, communication between clinicians, radiologists, and pathologists. Additionally,
we inspect ethical considerations associated with the integration of Al in bone biopsy procedures, technical limitations, and we delve into health eg-
uity, generalizability, deployment issues, and reimbursement challenges in Al-powered healthcare. Finally, we explore potential future developments

and offer a list of open-source Al tools and algorithms relevant to bone biopsies, which we include to encourage further discussion and research.
Keywords: artificial intelligence; osseous biopsy; personalized medicine; bone diagnostics; machine learning; precision healthcare.

Introduction

Percutaneous image-guided bone biopsies are invasive but
safe and accurate procedures. Biopsy is used to diagnose a
range of bone-related conditions, including infection, primary
and secondary bone tumours. The biopsy involves extracting
a small sample of bone tissue, which is subsequently analysed
under a microscope or subjected to a series of testing.
Traditionally, biopsy accuracy has depended heavily on the
radiologist identifying a lesion as aggressive thereby warrant-
ing further characterization on radiological images. This is
followed by discussion in a tumour-board meeting, biopsy
which is sent for pathology examination to guide further clin-
ical decision making.

Precision medicine customizes treatment to each patient
based on individual biology using available information from
clinical, morphological, cellular, molecular, and genetic tests.
Personalized datasets from multimodal, multiparametric data
include molecular omics data (genomics, transcriptomics, pro-
teomics, metabolomics), pathomics, and radiomics. Such large

and heterogenous big data allow development of artificial intel-
ligence (Al) algorithms, to enable statistical correlation, predic-
tive modelling, and targeted planning. Screening programs have
led to an increased number of patients getting biopsies to inves-
tigate incidental lesions, or for cancer detection earlier than pre-
viously diagnosed. Advances in antimicrobials and growing
concerns of drug-resistance necessitate obtaining samples for
culture and sensitivity, microbiome testing, and personalized
treatment strategies. The ongoing increase in the extent of bi-
opsy requests worldwide increases the need to optimize biopsy
and tests requests, biopsy procedures, and specimen handling.
Advanced research in Al utilities in radiology have ex-
plored application related to diagnosis, assessment of the risk
of local, regional, and distant metastasis as well as prediction
of likely location of regional and distant metastasis (including
bone metastasis), prediction of response to treatment and sur-
vival. Studies investigating the role of Al in diagnosis have
assessed segmentation of tumours on various modalities, role
of radiomics in combining genomics and texture analysis of
the tumours to differentiate between high grade from
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intermediate or low grade tumours (eg, chondral lesions and
giant cell tumours), differentiating benign form malignant
tumours, as well as for planning biopsy trajectories and im-
proving decision making on biopsy locations within the
tumours—to avoid necrotic areas and ensure focal cellular
representation in heterogenous lesions.

Al-enabled histopathology

Histopathology, the study of tissue samples under a micro-
scope, has long been the gold standard for diagnosing bone
diseases. However, traditional histopathological analysis is
time-consuming, labour-intensive, with potential misdiagno-
sis in complex cases, and time delays in reaching a conclusive
diagnosis.' Diagnosis is also subject to variability between
different pathologists due to recognized inter-reader
variability.>*Al-enabled assessment of bone marrow cellular-
ity may enable quantitative assessments to be performed
more efficiently.* New evidence supports the need to reassess
diagnostic pathways for “dedifferentiated tumours”, an en-
tity recognized among a variety of bone and soft tissue neo-
plasms, including but not limited to chondrosarcoma,
parosteal osteosarcoma, and liposarcoma.' Al-assisted histo-
pathology assessment of digitized biopsy slides offers a solu-
tion to these challenges by automating the analysis of tissue
samples and providing faster, more consistent results.’
Digital telepathology paves the way to a more robust pathol-
ogy service that crosses regional boundaries and allow collab-
orations to bridge gaps in services and educational needs
worldwide.®” Additionally, Al systems can process vast
amounts of data quickly, making them ideal for high-volume
clinical settings where timely diagnosis is critical. A recent
study demonstrated large language model (LLM) (ChatGPT-
40) proficiency in analysing pathological images and provid-
ing initial diagnoses of bone tumour characteristics is compa-
rable to that of senior pathologists in the Tertiary hospital
doctors when compared to junior doctors.®” However, there
remains inherent limitations to enrolment of ChatGPT and
other similar software in clinical practice.'® Realizing the po-
tential of generative Al for bone biology will also likely re-
quire generating large-scale, high-quality cellular-resolution
spatial transcriptomics datasets, improving the sensitivity of
current spatial transcriptomics datasets, and thorough experi-
mental validation of model predictions.'!
Limitations of traditional histopathology pathways:

* Subjectivity: The interpretation of histological slides can
vary between pathologists, leading to potential inconsis-
tencies in diagnoses.

* Time-Intensive: Manual analysis of tissue samples is a la-
borious process, requiring considerable time, especially in
complex cases involving multiple biopsies.

* Complexity in rare conditions: Certain bone diseases ex-
hibit subtle or ambiguous histological features, which can
lead to misdiagnosis without specialized expertise.

* Shortages in expert bone pathologists: A shortage in ex-
pert bone pathologists worldwide may be addressed by
creating networks for exchange of information and train-
ing as well as exploring alternatives to improve diagnosis
of tumours. This would ensure that expert’s input is avail-
able to patients in less privileged regions and reduces the
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risk of burn out to the existing experts who otherwise
face excessive increases in workload."”*®

Suggestions for an optimal Pathomics workflow for osse-
ous tumour detection:

1) Image preprocessing: Digitized histological slides are
pre-processed to ensure uniformity in image quality.
This includes adjusting for colour variations, noise re-
duction, and normalization.

2) Feature extraction: Image analysis methods, including
convolutional neural networks (CNNs), process the
images, extracting features such as cell shapes, tissue ar-
chitecture, and extracellular matrix composition. This
enables predicting cell differentiation dynamics, linking
molecular and morphological features, and predicting
cellular responses to perturbations.'

3) Classification/regression: Based on the extracted fea-
tures, predictive models (eg, CNNs) assign the biopsy
sample to diagnostic categories (eg, eosinophilic granu-
loma, osteomyelitis, benign, osteosarcoma, metastatic)
or calculate the risk of the sample to belong to a disease
category. This may address growing diagnostic com-
plexity, including ever-expanding cancer protocols and
biomarkers.'?

4) Output interpretation: The Al system provides a diag-
nostic output along with confidence levels, which could
subsequently be reviewed by a pathologist for validation
and faster confirmation of the diagnosis.

5) Quality control: Standardized reproducible analysis of
large datasets, with appropriate representation of all ex-
amined disease conditions, agnostic to other variables
allow better quality control of the results. This is partic-
ularly relevant in rare disease which are not often en-
countered in day-to-day practices, in multicentre studies
where laboratory settings may introduce bias, as well as
in centres where there is paucity of experts to perform
regular double reads and calibrations. Al tools can be
embedded within a pathology laboratory workflow be-
fore or after the diagnosis of the pathologist.

6) Post-market surveillance: Al tools used in bone histopa-
thology should be monitored for performance drifts.
Any false negative or false positive results should be
reported to the vendor to take appropriate actions and if
necessary to re-train the model (based on current regula-
tions this may even affect CE marking of the product).

Al-based histopathology algorithms

Al algorithms developed for histopathological analysis of
bone biopsies were designed to address specific diagnostic
challenges. These algorithms utilize a variety of deep learning
techniques, including CNNs, recurrent neural networks
(RNNs), and generative adversarial networks (GANs).
Validated Al-based histopathology tools include:

HistoNet: CNN-based bone tumour classification

HistoNet is a deep learning-based algorithm developed for the
classification of bone tumours in digitized histopathological
slides."® The model is trained on a large dataset of bone biopsy
images, with each image labelled by pathologists. HistoNet
uses a CNN architecture to extract features such as cell
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morphology, tissue density, and matrix composition, used to
classify the tumour as benign, malignant, or metastatic.
Key features:

* Ability to classify multiple tumour types, including osteo-
sarcoma, chondrosarcoma, and bone metastases.

* Integrates with digital pathology platforms for seamless
clinical use.'*!®

* Provides confidence scores for each classification, allow-
ing pathologists to review Al-generated diagnoses.

* Enables creation of academic and educational

databases.'®

DeepPath: Al-assisted histopathology for bone marrow biop-
sies and osseous metastasis

DeepPath is an Al platform designed for the analysis of bone
marrow biopsies, particularly in diagnosing haematological
malignancies and lung metastasis that affect bone health.'”
The platform utilizes a combination of CNNs and RNNs to
analyse the complex histological features of bone marrow,
such as cellularity and fibrous matrix patterns.

Key features:

* Capable of detecting haematopoietic disorders such as
leukaemia and multiple myeloma as well as lung
metastasis.'®

* Provides visual explanations for Al-driven diagnoses,
highlighting regions of interest on biopsy slides.

* Supports integration with electronic medical records
(EMR) systems for automated reporting.

Inferring super-resolution tissue architecture

Developed by researchers at the Perelman School of Medicine
at the University of Pennsylvania, who believe they can help
clinicians diagnose and better treat cancers that might other-
wise go undetected.’

Key features:

* Capable of automatically detecting critical anti-tumour
immune formations called “tertiary lymphoid structures”,
whose presence correlates with a patient’s likelihood of
survival and favourable response to immunotherapy.
Provides further insight into the novel applications of field
of spatial transcriptomics, a relatively new field used to
map gene activities within the space of tissues.

Enables rapid analysis of large cohorts of pathological
specimens. When examining a breast cancer dataset the
team used, iStar (inferring super-resolution tissue archi-
tecture) finished its analysis in just 9 min. By contrast, the
best competitor Al tool took more than 32 h to produce
similar analysis. That meant that iStar was 213 times
faster. iStar can therefore be applied to a large number of
samples, which is critical in large-scale biomedical studies
and reliably offer objective standardized evaluation in
multicentre studies

Al-enabled radiology

Accurate tumour segmentation by tumour-normal
tissue interface localization

It is important to determine the correct area for the biopsy to

be successful. Advanced imaging techniques such as MRI,
CT, and PET can reveal good quality details of bone and soft
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tissues. However, it may not always be easy to determine tu-
mour boundaries, especially in infiltrative lesions. Al can lo-
calize the normal and tumour tissue interfaces, allowing for
more precise identification of tumour margins and increased
biopsy accuracy.”’ CNNs are excellent at segmenting medical
images by learning complex patterns that distinguish tumour
tissue from normal bone. A representation of available Al
models is summarised in Table 1. CNNs identify nuanced
features in imaging data, such as intensity changes that can
indicate tumour boundaries even in infiltrative lesions since
their architecture is layered. Volumetric assessments may also
aid in rapid evaluation of tumour response to therapies, as
well as locoregional space-occupying sequelae on neighbour-
ing structures.”'

The U-Net architecture, which is based on the CNN, has
gained popularity for medical image segmentation. U-Net ef-
fectively highlights tumour edges by capturing both high- and
low-level features. This makes it particularly useful for identi-
fying indefinite boundaries between bone tumours and sur-
rounding tissues. Studies have shown that U-Net’s
architecture provides accurate segmentation while reducing
manual segmentation time and subjectivity. This helps en-
hancing the accuracy of diagnosis, treatment planning, and
disease monitoring. Also, U-Net has a promising role of sup-
porting precise biopsy and helping avoid normal tissue.

Supervised edge-attention guidance segmentation network
(SEAGNET) incorporates spatial attention mechanisms to
improve boundary detection, advancing this capability in
challenging cases. SEAGNET delineates the scattered edges
of tumors by focusing on the most diagnostically relevant
areas, achieving high Dice similarity scores and improved seg-
mentation accuracy.”” This technology allows radiologists to
more confidently define tumor margins and ultimately in-
creasing biopsy sensitivity.

Radiomics in osseous biopsy

Radiomics is an emerging field where quantitative features
are extracted from medical imaging, transforming images
into datasets for high-fidelity region-of-interest analysis.>?
Quantitative radiomics data include first order, texture and
shape features as well as high-order features produced by im-
age filtering (including wavelet, Laplacian of Gaussian,
Gabor filters) to provide more detailed perspective of the in-
ternal structures of bones and adjacent tissues.”* Radiomics
data can be extracted either with standardized algorithms
and image filters (handcrafted radiomics) or with the use of
CNNs (deep radiomics). Handcrafted radiomics methods are
applied in the vast majority of publications due to the ex-
plainable nature of the features, whereas the black box nature
of deep radiomics does not favour their wide utilization.”®
Radiomics supersedes the human’s eye ability to discern the
entire grey scale enabling the detection of tissue-specific pat-
terns and providing high-dimensional data that can be used
for the construction of predictive models.

In the context of bone analysis, radiomics have found uses
in the analysis of osteoblastic or osteolytic metastases, the
evaluation of the bone marrow in the context of multiple my-
eloma, the differentiation between benign and malignant
chondrogenic bone tumours and the prediction of response to
chemotherapy (Figure 1). Radiomics analysis has been found
capable to distinguish between bone islands and osteoblastic
metastases, performing better than inexperienced human
readers.”® It has been also used for the differentiation
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Figure 1. Diagram illustrating the application of radiomics on bone biopsy. Lesions are identified on imaging, regions of interest (ROI) are delineated and
radiomics features are extracted (either handcrafted or deep radiomics) and the dataset is analysed to extract useful features for machine learning model
development. These models can perform a series of tasks ranging from disease detection to treatment outcome prediction (created with biorender.com).

between osteolytic metastases and multiple myeloma lesions
achieving similar performance to musculoskeletal radiolog-
ists.>2?

The capacity of radiomics to identify texture patterns
allows the differentiation between tissue types. Nonetheless,
classification tasks require coupling of radiomics with ma-
chine learning algorithms suitable for tabular data. Such ma-
chine learning-enabled radiomics analysis is commonly used
when radiomics are tasked to provide solutions to binary
classification problems such as distinguishing metastases
from primary bone lesions or differentiating between benign
and malignant lesions such as the differentiation between
atypical cartilaginous tumours and chondrosarcomas. The
segmentation part of radiomics analysis can be augmented
with the use of deep learning-based segmentation for the step
that always precedes feature extraction. Such combined
approaches have allowed automatic scanning of the skeleton
for metastases for subsequent feature extraction and down-
stream analysis.

Radiomics analysis has been employed for the evaluation
of multiple myeloma lesions, either by probing single lytic
myeloma foci or by performing whole-marrow segmentation
and analysis of disease load. Wennmann et al have used deep
learning for the automated segmentation of the bone marrow
in whole body MRI subsequently extracting whole-marrow
radiomics data.’® This dataset successfully predicted biopsy
results including high-risk cytogenetic status, and chromo-
somal aberrations.>*3> This approach is particularly useful
for the comprehensive assessment of smouldering myeloma,
enabling non-invasive re-staging, biopsy result, and therapy
response prediction. Being able to predict genetic/biological
traits of the disease such as the presence of chromosomal
aberrations is extremely important. This has been also dem-
onstrated in cases of primary bone tumours, where the ex-
pression of p53 and VEGF can be predicted solely by means
of radiomics analysis.>® Similarly, the expression of EGFR in
osseous metastases can be predicted by means of radiomics
analysis.>* Probing bone lesions with radiomics has been also

shown to successfully predict response to certain treatments
such as the response of osteosarcoma and multiple myeloma
to chemotherapy.'?3%-3¢

Radiomics-based multimodal data integration

The high-dimensional nature of radiomics datasets renders
them ideal candidates for the integration with other types of
high-dimensional data, to extract information about the
multi-level function of human tissues. It has been postulated
that the combination of information obtained from multiple
layers of tissue function (eg, genes, transcripts, proteins,
metabolites) can allow disease subtyping, biomarker identifi-
cation, and the phenotyping of complex disease states.?”
Since radiomics represent the combination of all layers of tis-
sue function that lead to a final imaging phenotype, the inte-
gration with other types of omics data has led to the
construction of complex multivariate signatures that enable
disease phenotyping by taking into account both the imaging
appearance and the underlying biology of the disease. In the
context of bone disease, radiogenomics signatures have en-
abled the prediction of the response to chemotherapy and the
development of metastatic disease in cases of osteosarcoma.>®
As shown in other types of malignancies, radiomics can be
also integrated with pathomics (multivariate data derived
from traditional histology) to predict surgical resection out-
comes, offering superior performance compared to
pathomics-only or radiomics-only methods. Future integra-
tion of radiomics with other types of biological data could in-
crease the predictive capacity of radiomics models while
indicating links between biology and imaging traits
(see Table 1).

Al-enabled bone biopsy navigation and guidance

Accurate targeting of a lesion is crucial to ensure a represen-
tative sample is obtained. Heterogenous lesion should be bi-
opsies from as many regions as feasible to gain a more
comprehensive understanding of the extent of disease. Biopsy
trajectories are planned to avoid neurovascular bundles and
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adjacent vital structures, to minimize morbidity. A sampling
error of the biopsy material that contains reactively altered
tissue must always be considered.?” If in doubt, repeat sam-
pling must be considered. Irrespective of biopsy method, it is
essential to avoid haematomas, foci of adjacent collections,
and contamination of neurovascular structures or joints. All
adjacent tissue considered to be contaminated must be
resected afterwards if malignancy is confirmed.

For suspected primary sarcoma, biopsy procedures should
be performed at a specialist sarcoma referral centre following
multidisciplinary bone tumour-board discussions with the
surgeons who will carry out definitive tumour resection.
Larger resections and amputations due to inappropriate nee-
dle biopsy technique, where limb salvage could have been
possible, have been described. The biopsy site should be
marked with a skin tattoo allow its identification at time of
surgery following neoadjuvant chemotherapy.*°

With regards to navigation, current guidance systems for
bone biopsies include fusion imaging and needle tracking,
electromagnetic navigation (Figure 2) as well as robotics
(Figure 3); numerous studies have shown efficacy and safety
of percutaneous CT-guided bone biopsies in patients with
cancer using such systems.*' Garnon et al utilized combined
fusion imaging and needle tracking under ultrasound guid-
ance to target bone lesions without cortical disruption in
seven patients reporting that the approach seems technically
feasible, provided the patient and lesion selection is appropri-
ate.*? Groetz et al evaluated a table-mounted robotic device
in an animal study as well as in three patients reporting accu-
rate and simple stereotactic bone biopsies, avoiding the need
for needle readjustment.*® In their study, Witkowska et al ret-
rospectively evaluated 39 patients who underwent 40 bone
biopsies in various skeletal locations using a patient-mounted
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robotic system with steering capabilities reporting high tech-
nical success, adequate diagnostic yield, and favourable
safety profile.**

These systems focus more on navigation itself offering re-
duced intervention time and radiation exposure along with
accurate alignment to trajectory and needle angulation but
with limited use of Al upon the procedural steps (figure—fig-
ure). On the other hand, available mixed or augmented real-
ity devices and software have been tested to visualize
ultrasound data and spatial navigation information facilitat-
ing thus faster and precise biopsy sessions.*’**® These experi-
mental studies report that such approaches could be
beneficial for physicians at any level of expertise.

Al-enabled reporting and workflow planning

To our knowledge, Al-enhanced workflows have not yet
been integrated formally into clinical bone tumour path-
ways—including those for metastasis. Several studies have
explored its potential in simulated, retrospective settings,
demonstrating significant cost and time savings, and in-
creased accuracy.®” However, there remains logistical chal-
lenges that must be addressed before robust adoption of Al
into clinical practice is deemed achievable. Limitations to en-
gagement of Al systems in practice, such as willingness to
use, effective integration, and Al impact on training and su-
pervision.*® When approached, patients favoured clinicians
over Al in most clinical tasks and strongly preferred an appli-
cation of AI if with physician supervision.”” However,
patients acknowledged that Al could help physicians inte-
grate the most recent scientific evidence into medical care.
Patients have also requested that application of Al in medi-
cine should be disclosed and controlled to ensure clinical
experts are guiding the workflows to protect patient interests

IMACTIS

Figure 2. A 51 y-o female breast cancer patient with a mixed L5 lesion underwent percutaneous biopsy under CT guidance using an electromagnetic
navigation system. Notice the accuracy and lack of Euclidian error between the planned (blue line) approach as selected in the planning screenshot and

the biopsy needle as placed in the final control screenshot.
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Figure 3. Robotic assisted biopsy of an L4 lesion under CT guidance using a table-mounted robotic system (micromate/interventional systems).

and meet ethical standards.*” Several groups published rec-
ommendations for best practice integration of Al into clinical
worksflows (not exclusive to bone tumours). Those include:
(1) building safe and trustworthy systems; (2) developing val-
idation, verification, and certification processes for AI-CDS
systems; (3) providing a means of safety monitoring and
reporting at the national level; and (4) ensuring that appro-
priate documentation and end-user training are provided.’®

Potential benefits of integrating Al into
osseous biopsies

Al can significantly augment traditional diagnostic techni-
ques by providing faster, more reliable results by integrating
multiparametric, multivariate parameters specific to each pa-
tient, as well as providing additional information with radio-
mics texture analysis that are otherwise not feasible to the
human eye. Potential benefits include helping radiologists to
improve their accuracy and confidence in their clinical inter-
pretation of radiological studies, improve targeting of
tumours to achieve higher yield of biopsies, reducing the need
to biopsy benign lesions if accurately diagnosed as such, im-
prove timing of re-biopsies in tumours where there is a con-
cern for de-differentiation following radiotherapy or
resistance to treatments. Stratification algorithms demon-
strate superior accuracy compared to standard histological
grading with better prognostic value for survival longevity
and metastatic risk.>" Predictions can be used to formulate
scoring systems that allow standardized communication be-
tween clinicians and comparison of various therapeutic
options to assess efficacy.’” Imaging of bone metastasis relies
on advanced complex 3D imaging modalities, including CT,
MRI, SPECT-CT, and PET. These modalities are not always
feasible because of the high cost and long acquisition time
and the complex logistics of acquiring positron-emitting
agents, particularly in less developed countries or at time of
shortages. Segmentation and accurate characterization of
tumours can potentially reduce diagnostic errors and improve
the speed of diagnosis in busy clinical settings. Recent re-
search studies have assessed the capacity of Al to improve di-
agnosis of bone metastasis on planar bone scans, which are
relatively cheaper and in some settings more widely avail-
able.>® Several studies assessing performance of the Al algo-
rithms against radiologists have demonstrated performance
that surpasses that of radiologic residents or general radiolog-
ists and are comparable with that of fellowship-trained

radiologists.”* This may offer additional support in remote
regions where availability of expert oncology radiologists are
scarce and may alleviate pressure on busy tumour units as a
double read, reducing the risk of burn out to expert radiolog-
ists. Xu et al demonstrated Al tools to stratify tumour necro-
sis rates as an indicator of the effect of chemotherapy,
applied on X-ray images at different chemotherapy stages.””
Necrosis rate ranges from 0% to 100% and in the medical
field 90% is usually considered as a threshold point that is es-
pecially useful for the follow-up treatment of bone tumour.*®
The classification model correlates between the chemother-
apy effect over time and its characteristic changes on X-ray
images. This has the potential to reduce the need for interval
bone biopsies to assess chemotherapy response.

Limitations of Al in osseous biopsies

Limitations include tardiness in initial adoption due to short-
comings in the existing tools, which hinder their broad inte-
gration in the decision-making processes of pathologists.
Limitations of evaluating prognostic research related to Al
mirror other studies in this patient cohort. There are limita-
tions in the quality and comprehensiveness of large datasets,
particularly in rare disease.”” In patients presenting with met-
astatic bone disease (Stage 4 on the TNM score), the overall
survival is poor, and many patients are lost to follow up
thereby limiting the window for validating predictive models
for survival. There remain concerns regarding the long-term
patients benefits of integrating Al into day-to-day workflows,
generalizability in real-world populations and across all eth-
nic groups, the robustness of the algorithms in intermediate-
grade and undifferentiated or heterogenous tumours.’® The
use of radiomics is still limited by the small datasets, the man-
ual nature of radiomics analysis that requires relevant exper-
tise, the lack of integration into PACS systems, and the
hesitance of radiologists to use methods that they are not en-
tirely familiar with.

To date, only a handful of applications have formal FDA
approvals and CE or UK marking and are commercially
available. Even the available CE marked products are not
backed up by appropriate scientific evidence, reducing the
trust of the end-users (pathologists & radiologists) and subse-
quently the wider use by the MSK tumour MDTs.”’
Limitations include tardiness in initial adoption due to short-
comings in the existing tools, which hinder their broad inte-
gration in the decision-making processes of pathologists.
Limitations of evaluating prognostic research related to Al
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mirror other studies in this patient cohort. In patients pre-
senting with metastatic bone disease (Stage 4 on the TNM
score), the overall survival is poor, and many patients are lost
to follow up thereby limiting the window for validating pre-
dictive models for survival. There remain concerns regarding
the long-term patients benefits of integrating Al into day-to-
day workflows, generalizability in real-world populations
and across all ethnic groups, the robustness of the algorithms
in intermediate-grade and undifferentiated or heteroge-
nous tumours.

Limitations also include cost implication associated with
the use of novel technology, challenges of survival of most
small to intermediate size companies which have not yet been
able to secure financial sustainability—despite seemingly
promising quality of their software amidst the current finan-
cial challenges facing most healthcare models, and last but
not least bias against patients in underprivileged parts of the
world, where such technology may not be accessible. Last but
not least, liability of the users in cases of false negative or
false negative diagnoses still remains an important hurdle in
the widespread implementation of Al in musculoskeletal on-
cology and radiology in general. The newly released Al act of
the European Union does not cover liability issues and does
not yet consider medical imaging as a specific case of medi-
cal AL®°

Future directions

Creating a positive culture that enables robust research for
the assessment of novel technologies including Al alongside
day-to-day practices is required to evaluate accuracy, robust-
ness and reduces the limitations of the algorithms safely and
objectively. This enables improvement of Al models on real-
world data.

Multicentre trials using federated learning on large datasets
may facilitate roll out of Al in patient care. Integrating imag-
ing based radiomics with biological omics (genomics, tran-
scriptomics, proteomics, metabolomics), clinical biomarkers,
and demographics significantly increases the performance of
radiomics models, allowing extraction of several phenotypes,
thereby improving the applicability of the software in clini-
cal practice.®

Conclusion

Al-enabled techniques for bone biopsy have enormous poten-
tial to improve practice by reducing errors, enhancing safety,
improving reproducibility, and facilitating expert communica-
tion, all of which were previously difficult with traditional
techniques, and limited to expert specialized units.
Innovations of Al applications should be affordable, practical,
interoperable, explainable, ethical, generalizable, manageable,
auditable, and reimbursable. In the era of personalized medi-
cine good quality specimens from the metastases are crucial
both at the time of the primary bone metastatic event and also
later in the disease process. In the near future, research might
lead to further innovative targeted treatments. The increasing
demand of multiple tests of a specimen highlights the need of
optimal biopsy target selection, biopsy techniques, and speci-
men handling. Furthermore, Al will help to categorize and an-
alyse incoming data from clinical files, radiology, biopsy
procedures, pathology, and new generation tests for improved
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outcome in personalized medicine and as a benefit also in indi-
vidualized medicine.
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