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Abstract: Musculoskeletal tumors present a diagnostic challenge due to their rarity, histo-
logical diversity, and overlapping imaging features. Accurate characterization is essential
for effective treatment planning and prognosis, yet current diagnostic workflows rely heav-
ily on invasive biopsy and subjective radiologic interpretation. This review explores the
evolving role of radiogenomics and machine learning in improving diagnostic accuracy for
bone and soft tissue tumors. We examine integrating quantitative imaging features from
MRI, CT, and PET with genomic and transcriptomic data to enable non-invasive tumor
profiling. AI-powered platforms employing convolutional neural networks (CNNs) and
radiomic texture analysis show promising results in tumor grading, subtype differenti-
ation (e.g., Osteosarcoma vs. Ewing sarcoma), and predicting mutation signatures (e.g.,
TP53, RB1). Moreover, we highlight the use of liquid biopsy and circulating tumor DNA
(ctDNA) as emerging diagnostic biomarkers, coupled with point-of-care molecular assays,
to enable early and accurate detection in low-resource settings. The review concludes by
discussing translational barriers, including data harmonization, regulatory challenges, and
the need for multi-institutional datasets to validate AI-based diagnostic frameworks. This
article synthesizes current advancements and provides a forward-looking view of precision
diagnostics in musculoskeletal oncology.

Keywords: bone cancer diagnosis; AI in medical imaging; radiology and genetics; machine
learning in cancer detection; MRI and CT for tumors

1. Introduction
Musculoskeletal tumors present a diagnostic challenge due to their clinical rarity, his-

tological diversity, and overlapping imaging features [1]. This diagnostic complexity often
necessitates invasive biopsy and relies heavily on radiologists’ subjective interpretation of
imaging studies, which can delay treatment and increase the risk of diagnostic error [2,3]
(Table 1). As precision medicine advances, there is growing interest in supplementing con-
ventional diagnostic approaches with emerging technologies that offer greater objectivity,
reproducibility, and insight into tumor biology.

Diagnostics 2025, 15, 1377 https://doi.org/10.3390/diagnostics15111377

https://doi.org/10.3390/diagnostics15111377
https://doi.org/10.3390/diagnostics15111377
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/diagnostics
https://www.mdpi.com
https://orcid.org/0000-0001-8574-2895
https://orcid.org/0009-0005-5707-9009
https://orcid.org/0009-0008-4384-2693
https://orcid.org/0009-0002-8177-2784
https://orcid.org/0000-0003-0120-0939
https://orcid.org/0000-0001-9460-1269
https://doi.org/10.3390/diagnostics15111377
https://www.mdpi.com/article/10.3390/diagnostics15111377?type=check_update&version=2


Diagnostics 2025, 15, 1377 2 of 35

Table 1. The unique diagnostic challenges regarding bony tumors. This table highlights specific
clinical and imaging-related obstacles that complicate accurate diagnosis, treatment planning, and
access to care. Specific emphasis is placed on imaging limitations, tumor biology, and barriers to AI
deployment in real-world settings.

Diagnostic Challenge Clinical Impact

Low clinical exposure due to rarity (e.g., Ewing sarcoma,
chordoma)

Delayed or missed diagnosis due to limited familiarity
among general radiologists and clinicians

High histological heterogeneity (e.g., differentiation
between liposarcoma subtypes)

Requires expert pathology and imaging interpretation;
misclassification can affect treatment selection

Difficult tissue access in underserved or
resource-limited settings

Suboptimal biopsy access and diagnostic delays, leading
to delayed interventions

Variable anatomical origin (bone, cartilage, soft tissue,
e.g., osteosarcoma, synovial sarcoma)

Complicates imaging interpretation, surgical planning,
and multidisciplinary coordination

Poor delineation of tumor margins with conventional
imaging (e.g., T1-weighted imaging)

Inadequate surgical margin assessment increases the risk
of local recurrence or incomplete resection

Unreliable differentiation of tumor grade/type via
imaging alone

May lead to incorrect prognostication or therapy selection
without histological confirmation

Inaccuracy of Response Evaluation Criteria in Solid
Tumors (RECIST) in measuring therapy response,
especially in necrotic or cystic tumors

Can lead to misjudgment of therapeutic effectiveness,
potentially affecting patient inclusion in clinical trials or
treatment continuation

Invasiveness, data requirements, and resource demands
of current AI model training (eg., deep learning with
3D MRI)

Limits the scalability and adoption of AI tools in
low-resource or community settings

This review explores the evolving role of radiogenomics, a field integrating quantita-
tive imaging features with molecular and genomic data, that has emerged as a promising
tool to enhance the non-invasive characterization of bone and soft tissue tumors [4]. When
combined with machine learning techniques, particularly convolutional neural networks
(CNNs) and radiomic texture analysis, these approaches can facilitate more accurate tumor
grading, subtype differentiation (e.g., osteosarcoma vs. Ewing sarcoma), and prediction of
molecular alterations such as TP53 and RB1 mutations [5–10].

Simultaneously, the development of liquid biopsy techniques and the detection of
circulating tumor DNA (ctDNA) offer additional avenues for early, minimally invasive
tumor profiling. Combined with point-of-care molecular assays, these approaches hold
significant potential for improving diagnostic accuracy in high-resource and low-resource
settings [11–13]. This can improve their widespread adoption and healthcare equity, en-
abling underfunded facilities to use these technologies to improve patient outcomes and
quality of life.

This review synthesizes current advances at the intersection of radiogenomics, artificial
intelligence, and molecular diagnostics in musculoskeletal oncology. We also examine
translational challenges—such as data standardization, regulatory constraints, and the
need for multi-institutional datasets—that must be addressed to integrate these tools into
routine clinical practice [14]. By framing these innovations within the context of clinical
application, we aim to provide a comprehensive, forward-looking perspective on the future
of precision diagnostics for musculoskeletal tumors [15].

2. Historical Context and Evolution of Radiogenomics in Oncology
Radiogenomics serves as a bridge between various scientific disciplines, utilizing

non-invasive proxies to reveal underlying genomic and transcriptome patterns [16]. This is
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achieved using imaging characteristics readily visible on modalities such as MRI, CT, or
PET [17,18]. Radiogenomics links macroscopic phenotypes with molecular changes seen
on imaging, reducing dependence on invasive tissue biopsies and creating biomarkers
for diagnosis, prognosis, and treatment personalization [19,20]. Radiogenomics and ra-
diomics vary conceptually because the former focuses on linking quantitative imaging to
genetic data [21]. Radiogenomics uses chromosomal correlations to use these features in
a physiological context, while radiomics focuses on feature extraction from images [22].
Studies on prostate cancer by Bourbonne et al. demonstrate how this combination helps
to understand tumor biology more than each method alone [23,24]. From early brain
tumor applications to cancers of the breast, kidney, colon, and musculoskeletal system,
the area has progressed from correlative research to more mechanistically informed ap-
proaches [25–27]. These developments are based on the notion that imaging technologies
can detect phenotypic transformations caused by molecular changes, such as vascularity,
cellularity, and metabolic activity [28]. Combining transcriptomics, proteomics, and epige-
netics into radiogenomic pipelines has increased their use in uncovering disease pathways
and generating personalized treatment, particularly in diagnostically complex cancers
(Figure 1) [29–32].

Figure 1. A diagram of the questions that cancer biomarkers can answer. Permission is granted to
copy, distribute, and/or modify this document under the terms of the GNU Free Documentation
License, Version 1.2 or any later version published by the Free Software Foundation; with no Invariant
Sections, no Front-Cover Texts, and no Back-Cover Texts. A copy of the license is included in the
section entitled GNU Free Documentation License. This file is licensed under the Creative Commons
Attribution-Share Alike 3.0 Unported license with permission from Wikimedia Commons [32].

3. Technical Evolution and Methodological Advances
Recent developments in the field involve advances in both imaging and molecular

profiling technologies [33]. Early radiogenomic studies were constrained by limited imag-
ing fidelity and basic genetic analyses focused on single-nucleotide variants or restricted
gene panels [34]. However, next-generation sequencing and functional imaging modalities
have enabled techniques such as diffusion-weighted imaging and MR spectroscopy, which
now allow for more nuanced assessments of tumor biology [35–37]. Concurrently, clini-
cians have benefited from advanced computational tools that enable automated feature
extraction and have also benefited from novel high-dimensional ML models [38]. Repro-
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ducible, algorithm-driven operations mining vast-scale image data for form, texture, and
intensity measurements have replaced traditional hand techniques, which tend to have
inter-observer variability [39,40].

Deep learning and convolutional neural networks have enabled end-to-end integration
of imaging and genomics, such that predictive features can be taken directly from raw
scans [41–43]. Integration frameworks have also matured—from isolated correlative models
to multi-view learning and kernel fusion techniques that model complex interdependencies
between data types [44,45]. This progress is supported by improved data standards and
cross-institutional platforms, facilitating larger and more diverse datasets [46]. Newer
approaches, including graph neural networks, transfer learning across tumor types, and
explainable AI, continue to refine clinical applicability (Figure 2) [47–54].

Figure 2. A schematic illustration shows how radiomics is integrated with clinical, genomic, and multi-
omics data to build highly accurate predictive models. The diagram outlines a typical radiogenomic
workflow, beginning with the collection of clinical, imaging, and genomic datasets. These datasets
are standardized and then analyzed collectively to characterize radiomic features and identify
distinct molecular associations. These files are licensed under the Creative Commons Attribution 4.0
International license (top left) Creative Commons Attribution-Share Alike 4.0 International license
(middle left), Creative Commons Attribution 4.0 International license (bottom left), and the Creative
Commons Attribution-Share Alike 3.0 Unported license (top right), with permission from Wikimedia
Commons [50–54].

4. Current Applications in Musculoskeletal Cancer Diagnosis and
Risk Stratification

Radiogenomics has also begun to influence cancer diagnosis and risk stratification
across multiple tumor types [55]. For diagnostic purposes, radiogenomic tools can non-
invasively predict the presence of key genetic mutations [56]. For example, KRAS mutations
in colorectal cancer correspond with higher FDG absorption on PET imaging and unique
MRI morphologic characteristics [57,58]. When biopsy is not possible, KRAS mutations in
rectal tumors have been linked to extended axial dimensions and changed shape metrics
on pretreatment imaging, guiding appropriate treatment options [59].
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For oncologists, early radiogenomic applications show promise in predicting chemother-
apy response and disease progression in osteosarcoma [60,61]. Ideally, ML models can generate
patient-specific predictive reports [62]. This would be significantly helpful for sharing patient
health profiles with other clinicians. Since many tumors undergo metastasis, such as to the
brain, breast, and other structures, such models could help identify critical molecular drivers
like IDH mutations or HER2 [63–66]. These tools are particularly valuable in the neoadjuvant
setting, where early feedback on treatment efficacy can allow clinicians to adapt strategies
before irreversible interventions are made [67].

5. Unique Diagnostic Challenges for Bony Tumors
Musculoskeletal tumors pose significant diagnostic challenges due to their histological

diversity and anatomical complexity [68]. With only a few thousand new bone and soft
tissue sarcoma cases annually in the U.S., most physicians lack extensive exposure to these
malignancies, leading to delayed or inaccurate diagnoses [69,70]. Further, due to sarcoma
heterogeneity, with over 100 recognized subtypes, each with distinct histopathological and
molecular features, high-quality tissue sampling is required but may not always be avail-
able, particularly for patients receiving care at community health centers [71,72]. Sarcomas
may also arise in bone, cartilage, or soft tissue, and assessing their boundaries, vascular
invasion, and resectability can be technically challenging, especially with conventional
imaging modalities [73]. Differentiating between tumor types or grades on imaging alone
remains unreliable, and standard radiographic criteria may not capture the biological
response to therapy [74].

Furthermore, traditional imaging endpoints as defined by the Response Evaluation
Criteria in Solid Tumors (RECIST) often fail to reflect true treatment response in sarcomas,
particularly following chemotherapy, whereby tumors may become necrotic without shrink-
ing [75]. Artificial intelligence offers promising solutions to these limitations. AI models
trained in imaging pattern recognition have enhanced tumor classification, although cur-
rent methods still require invasive and resource-intensive testing [76,77]. Nevertheless,
AI has demonstrated superior specificity compared to clinicians in detecting bone malig-
nancies (86% vs. 64% in internal validations). In comparison, whole-slide image analysis
has reduced diagnostic errors in soft tissue tumors by 20–30% compared to assessments
by pathologists alone. Additionally, AI-enhanced dynamic MRI can predict chemother-
apy response in osteosarcoma with 89% accuracy, aiding surgical planning. These tools
show the greatest impact when integrated into multidisciplinary workflows that combine
radiological, histopathological, and molecular data (Table 2) [78–83].

Table 2. Diagnostic challenges for diagnosing soft tissue and bony tumors and the AI solution that
has recently emerged to mitigate these issues and bring forth earlier treatment options for patients,
leading to better prognoses.

Diagnostic Challenge Tumor Type AI Solution References

Morphological overlap
with benign lesions Soft tissue tumors

Deep learning models analyze histopathology
slides to distinguish benign vs. malignant
subtypes with 84–95% accuracy

[78]

Ambiguous radiographic
features Bone tumors

Convolutional neural networks (CNNs) detect
subtle patterns in X-rays/MRI (e.g.,
“moth-eaten” appearance seen in Ewing sarcoma
vs. “sunburst” appearance in Osteosarcoma)
with 86–91% specificity

[79,80]
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Table 2. Cont.

Diagnostic Challenge Tumor Type AI Solution References

Molecular heterogeneity Both

Machine learning integrates transcriptomic,
immunohistochemical, and imaging data to
predict tumor-specific mutations (e.g., EWSR1
translocations in Ewing sarcoma)

[78,81,82]

Inter-observer variability
in biopsy interpretation Both

AI algorithms standardize biopsy analysis by
quantifying cellular features (e.g., mitotic count,
necrosis) to reduce diagnostic discordance

[79,81]

Time-intensive manual
tumor grading Soft tissue tumors

Automated segmentation tools measure tumor
volume and heterogeneity on MRI/CT, reducing
grading time by 30–50%

[80,82]

Differentiating round-cell
tumors Bone tumors

AI-driven FISH/RT-PCR prioritization identifies
high-risk molecular markers (e.g., CD99 for
Ewing sarcoma) with 95% concordance

[79,83]

6. Radiomic Feature Extraction
Radiomics transforms conventional imaging into high-dimensional, mineable data by

extracting quantitative features using MRI, CT, PET, among other image modalities [84].
The radiomics pipeline—comprising image acquisition, region-of-interest (ROI) segmen-
tation, feature extraction, feature selection, and model construction—requires rigorous
clinician standardization at each stage to ensure reproducibility and clinical utility [85,86].
Standardized image acquisition has been foundational, especially as AI/ML models are
trained to recognize subtle imaging patterns [87].

Key acquisition parameters must be harmonized to ensure cross-institutional consis-
tency. In MRI, repetition time (TR) and echo time (TE) determine tissue contrast and signal
weighting; for instance, a long TR and TE emphasize T2-weighted contrast, which helps
visualize edema or necrosis in musculoskeletal tumors [88]. In CT, the reconstruction kernel
affects image sharpness and noise, influencing the quality of extracted textural features.
The field strength (e.g., 1.5T vs. 3T) in MRI also impacts signal-to-noise ratio and image
resolution—factors that influence feature reproducibility [88].

Segmentation is often the most technically demanding component. This is especially
true for musculoskeletal tumors, which can span multiple tissue types (bone, cartilage, soft
tissue) and exhibit peritumoral edema, necrosis, or infiltrative margins that obscure clear
boundaries [89]. While manual segmentation remains the reference standard for accuracy, it
is labor-intensive and prone to inter-observer variability. Automated algorithms, including
U-net and nnU-net models, offer easily scalable solutions, but can still underperform if
given ill-defined or poorly imaged lesions [90–92].

Once the ROI is established, clinicians can extract radiomic features. These include
the following:

• First-order features such as mean intensity, skewness, and kurtosis are derived from
histogram analysis of voxel intensity distributions. For example, kurtosis quantifies
the peakedness of intensity distributions, where higher values may indicate regions of
dense cellularity. A tumor with high intensity kurtosis may exhibit regions of dense

cellularity. PyRadiomics provides the formula for kurtosis as µ4

σ4 where µ4 is the fourth
central moment. Diffusion kurtosis imaging studies demonstrate that kurtosis metrics
strongly correlate with glioma cellularity and proliferation indices [93,94].

• Shape descriptors such as sphericity (Equation (1)) and elongation (Equation (2)) quan-
tify tumor geometry. These metrics correlate with invasiveness, as compact/spherical
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tumors often exhibit less aggressive behavior compared to irregular or elongated
masses [95,96].

Sphericity =
Average radial length

Standard Deviation Radial Length
(1)

Equation (1): Equation for Tumor Sphericity [95].

Eccentricity =
Longest Axis

Orthogonal Axis
(2)

Equation (2): Equation for Tumor Eccentricity [95].

• Second-order and higher-order texture features are derived from the gray-level co-
occurrence matrix (GLCM) and gray-level run-length matrix (GLRLM). GLCM fea-
tures include contrast (highlighting local intensity variation, with higher values in
rough/textured regions), entropy (indicating randomness in intensity distributions,
where higher values indicate heterogeneity), and homogeneity (measuring uniformity,
with lower values found in heterogeneous tumors) [86]. GLRLM features quantify runs
of similar intensity levels, such as short-run emphasis (highlights fine textures, reflect-
ing necrosis of fibrosis) [86] or long-run low gray-level emphasis (captures extended
regions of low intensity, associated with cystic components or edema) [86,97].

These textural features are sensitive to microstructural changes in tumors, such as
necrosis (heterogeneous regions with high entropy) or fibrosis (organized patterns with low
contrast) [86]. For example, EGFR-mutant lung adenocarcinomas show higher heterogene-
ity through more GLCM entropy and short-run emphasis [86,97]. These features help create
a non-invasive phenotypic fingerprint of the tumor, often correlated with histopathologic
findings like grade, mitotic rate, or vascular invasion [98–100]. When aggregated, they
enrich traditional radiologic interpretation and serve as valuable inputs for ML models to
augment traditional radiologic evaluation. They serve as a good substrate for future pre-
dictive modeling aiming to predict outcomes or therapeutic responses (Figure 3) [50,101].

Figure 3. A flowchart of the standard radiomics model. (1) Multiparametric MRI (mpMRI) image
acquisition. (2) Segmentation: tumor labeling—green/white contour. (3) Imaging features extrac-
tion using shape, texture, and/or deep features derived from convolutional neural network layers.
(4) Clinical, radiomic features, molecular data for statistical analyses, based on significance test and
classifier models, to identify relevant features for predicting the clinical outcome (e.g., Gleason score).
This file is licensed under the Creative Commons Attribution 4.0 International license with permission
from Wikimedia Commons [50].
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7. Advanced Imaging Modalities for Feature Extraction
MRI remains the gold standard in imaging soft tissue tumors due to its superior tissue

resolution and versatility [102]. Standard sequences like T1- and T2-weighted sequences
and gadolinium-based contrast-enhanced imaging form the imaging backbone, offering
detailed anatomical and perfusion information [103]. Functional MRI techniques such
as diffusion-weighted imaging (DWI) and apparent diffusion coefficient (ADC) mapping
extend the imaging arsenal and can provide oncologists with quantitative assessments of
cellularity and membrane integrity, with low ADC values often indicating that high tumor
cellularity has shown strong correlations with tumor grade and chemotherapy response in
sarcomas [104,105].

On the other hand, CT imaging is less sensitive for soft tissue contrast but excels in
evaluating osseous structures and mineralization patterns [106]. Its standardized intensity
scale, measured in Hounsfield units (Equation (3)), offers clinicians a reproducible density-
based feature extraction report [107].

Hounsfield unit formula = HU =

(
µmaterial − µwater

µwater

)
∗ 1000 (3)

Equation (3): Hounsfield Unit Formula [108].
A radiologist can subsequently analyze patterns of cortical destruction, mineralization,

and periosteal reaction in the bony tumor, which can provide diagnostic and staging
insights [109]. Recent developments in radiology, such as dual-energy CT and spectral CT
imaging, add another dimension by differentiating materials (e.g., calcium and iodine).
Perfusion CT offers insights into vascularity, though its applications remain limited as
physicians must balance excessive radiation dose with quantity of information [110,111].

PET imaging, especially in hybrid PET/CT or PET/MRI formats, adds a critical
metabolic layer to the radiomics framework [112]. Fluorodeoxyglucose-PET (FDG-PET)
assesses metabolic activity, with elevated uptake often indicating higher-grade, metaboli-
cally active, aggressive sarcomas [112,113]. Radiomics features such as metabolic tumor
volume (MTV), total lesion glycolysis (TLG) (Equation (4)), and heterogeneity indices offer
valuable information on uneven tracer uptake, reflecting tumor aggressiveness and patient
prognosis [114,115]. Metabolic tumor volume, introduced by Larson et al. [116], is the
metabolically active volume of the tumor segmented through FDG-PET scans and is useful
for predicting patient outcome and assessing treatment responses. Two methods have been
introduced to measure MTV: fixed relative and background. The fixed relative method is
simpler and observer-independent but underestimates the volume of heterogeneous tu-
mors and overestimates low signal-to-noise lesions. This method is effective for delineating
tumor volume in idealized spherical tumors with homogenous tracer uptake.

On the other hand, the background method offers the option to adjust the scan thresh-
old, but it is more time-consuming and has relatively low reproducibility. This method is
useful for real-world cases [116,117]. The growing use of alternative PET tracers targeting
proliferation, hypoxia, or amino acid metabolism (e.g., 18F-FMISO or 11C-Methionine)
further extends the biological specificity of PET-based radiomics [118].

Total Lesion Glycolysis = SUVmean ∗ MTV (4)

Equation (4): Equation for Total Lesion Glycolysis [119].
Integrating PET features with those derived from anatomical (CT, MRI), functional

(DWI, ADC), and metabolic (PET) imaging enables a multiparametric view of tumor biol-
ogy (Figure 1) [120]. Combining DWI, dynamic contrast-enhanced MRI (DCE-MRI), and
MR spectroscopy, for instance, enriches radiomics analysis by capturing diverse aspects of
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tumor physiology like cellularity, perfusion, and metabolic shifts [121]. The challenge, how-
ever, lies in integrating these multimodal datasets cohesively [122]. Data fusion strategies,
such as early fusion (raw image integration), feature-level fusion (combining extracted fea-
tures), and decision-level fusion (aggregating model outputs), are being actively explored
to optimize model performance and clinical applicability (Figure 4) [123,124].

Figure 4. The montage, originally featured on the Journal of Medical Imaging’s cover, showcases diverse
imaging techniques—from MRI, CT, PET, and SPECT to photoacoustic imaging, optical microscopy,
and electron microscopy. Each contributes unique insights into the human body, aided by advances
in algorithms, machine learning, and data fusion. This file is licensed under the Creative Commons
Attribution 4.0 International license with permission from Wikimedia Commons.

8. Quantitative Feature Analysis and Standardization
While innovative radiomic techniques have helped extract high-dimensional quan-

titative features from medical imaging, this same dimensionality introduces the risk of
model overfitting, especially in small datasets [125]. Therefore, careful feature selection
enhances predictive model generalizability and interpretability [126]. Some statistical
approaches that clinicians use to isolate predictive features include filter-based relevance
ranking, wrapper-based optimization, and embedded regularization techniques like least
absolute shrinkage and selection operator (LASSO) regression for regularization [127,128].
When properly selected, radiomic signatures derived from T1-weighted, T2-weighted,
and contrast-enhanced MRI sequences have demonstrated diagnostic accuracies compa-
rable to those of radiologists in distinguishing between benign and malignant soft tissue
lesions [129].

However, fine-grained classification tasks (e.g., identifying sarcoma subtypes) remain
constrained by limited cohort sizes and the heterogeneity of available imaging datasets
across institutions [130]. One source of variability is the differences in scanner hardware, ac-
quisition parameters, reconstruction protocols, and image reconstruction techniques [131].
To address these issues, several batch effect correction methods like ComBat have been
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repurposed to normalize feature distributions across image sources [132]. More sophisti-
cated algorithms such as NestedComBat and GMM-ComBat refine these adjustments by
modeling nonlinear, multimodal feature distributions [133].

Another important consideration is the reproducibility of features under different
segmentation scenarios. Many tumors infiltrate dense tissues, making consistent region-of-
interest (ROI) definition a challenge [134]. Studies have shown that first-order histogram
features and second-order texture descriptors (e.g., GLCM, GLRLM) demonstrate higher
reproducibility than shape-based and higher-order wavelet features [97,135]. Robustness
is often quantified using test–retest protocols, multi-reader segmentations, and phantom
studies to ensure fidelity across imaging sessions [136]. Given these challenges, compre-
hensive radiomics validation frameworks must integrate internal validation (e.g., k-fold
cross-validation) (Figure 5), external validation on independent datasets, and eventual
clinical validation through prospective trials [137,138].

Figure 5. K-fold cross-validation method. This file is licensed under the Creative Commons
Attribution-Share Alike 4.0 International license with permission from Wikimedia Commons [139].

Ultimately, the translational utility of radiomics models extends beyond traditional
performance metrics such as AUC, F1-score, and model calibration and measurable impact
on clinical decision-making [139]. While early studies show promising diagnostic equiva-
lency with expert radiologists, reliable subtype-level prediction and embedding these tools
into therapeutic workflows require further refinement [140]. Improving the reproducibility
and standardization of the entire radiomics pipelines will be key to realizing their full
potential in tumor characterization and precision workflows [50,141].

9. Standardized Workflow and Quality Control
Building on the need for reproducibility and standardization outlined above, im-

plementing rigorous workflow and quality control procedures is vital for research and
clinical deployment. In large academic centers, quality control assessments can ensure
that acquired images have sufficient signal-to-noise ratio, minimal artifacts, and consistent
timing relative to biopsies or treatment initiation [142].

Segmentation, a critical step in feature extraction, also demands consistency. Inter-
reader reliability is necessary when using manual or semi-automated segmentation ap-
proaches to ensure reproducibility across different operators [143]. Additionally, automated
segmentation algorithms should be benchmarked against expert-labeled datasets to ensure
fidelity [144].
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In the pre-processing phase of feature extraction, standardizing steps such as voxel
resampling, intensity normalization, and discretization is crucial, as these can substantially
influence the computed features (Figure 6) [145,146].

Figure 6. Mapping from voxel to real data range. This file is licensed under the Creative Commons
Attribution-Share Alike 2.5 Generic license under permission from Wikimedia Commons [146].

Following established guidelines, especially from the Image Biomarker Standard-
ization Initiative (IBSI), helps ensure consistency and comparability across studies [147].
Additionally, open-source platforms like PyRadiomics and CapTK can provide validated,
reproducible tools that radiologists can use to compute features against, enabling broader
accessibility and consistency in implementation [148].

During model development, sound statistical rationale must inform feature selection
and dimensionality reduction to avoid overfitting and enhance interpretability [149]. Cross-
validation and dimensionality reduction techniques are indispensable, especially in limited
datasets. Final, real-world evaluation using independent, multi-institutional test sets
provides critical insight into a model’s generalizability and clinical applicability [150,151].
These quality control measures are the backbone of a reliable radiomics pipeline and are
integral to realizing the promise of precision imaging.

10. Genomic and Transcriptomic Integration with Imaging Features
Musculoskeletal tumors are a biologically heterogeneous group of neoplasms defined

by diverse genetic, epigenetic, and immunologic mechanisms that reflect distinct cellular
origins and differentiation trajectories [152]. They are broadly classified into two molecular
categories: genomically simple tumors driven by specific genetic alterations, such as the
pathognomonic EWSR1-FLI1 translocation seen in Ewing sarcoma, and those with complex
karyotypes typified by chromosomal instability, as in osteosarcoma and undifferentiated
pleomorphic sarcoma [153,154]. In the former, fusion oncoproteins function as aberrant
transcription factors, disrupting normal gene regulatory networks that govern proliferation
and differentiation, whereas in the latter, chaotic genomic rearrangements (including
chromothripsis) and recurrent inactivation of tumor suppressors like TP53 and RB1 promote
genomic instability and therapeutic resistance [155,156]. High-throughput sequencing in
osteosarcoma has revealed frequent perturbations in canonical signaling pathways such as
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WNT/β-catenin, PI3K/AKT/mTOR, and Notch, which collectively shape transcriptomic
landscapes influencing angiogenesis, immune evasion, and metastatic behavior [157,158].

Epigenetic dysregulation further complicates the molecular architecture of sarcomas;
fusion proteins like EWSR1-FLI1 and SS18-SSX co-opt chromatin remodeling complexes
and distort enhancer topologies, leading to widespread transcriptional reprogramming [159].
Insights from the ENCODE Project have underscored the oncogenic roles of non-coding
regulatory elements and disrupted 3D chromatin conformations in many tumors [160]. Com-
pounding this complexity, sarcomas exhibit heterogeneous immune microenvironments, with
variable immune cell infiltration and checkpoint molecule expression influencing immunother-
apy responsiveness [161]. Cytokine profiling has identified inflammatory mediators such as
IL-1Ra, IL-6, IL-8, and TNF-α as prognostic indicators in osteosarcoma, with distinct cytokine
endotypes correlating with metastatic risk and survival outcomes [162–166]. Collectively,
these molecular, epigenomic, and immunologic insights are reshaping the paradigm of sar-
coma biology and illuminating new targets for biomarker-guided, multimodal therapeutic
strategies [167].

Emerging technologies are refining our understanding of this complexity. Spatial tran-
scriptomics using 18,000-gene panels enables 5 µm resolution mapping of tumor-immune
interactions in bone lesions, while radiomic features such as entropy and texture correlate
with tumor mutational burden and neoantigen load. Additionally, when integrated with
MRI, methylation profiling reduces diagnostic ambiguity in undifferentiated sarcomas by
up to 40%. Collectively, these molecular, epigenomic, and immunologic insights are reshap-
ing the paradigm of sarcoma biology and informing the development of biomarker-guided,
multimodal therapeutic strategies (Table 3) [167–175].

Table 3. Integrating genomic and transcriptomic data with imaging features enhances diagnostic
precision, prognostic stratification, and therapeutic targeting in musculoskeletal tumors [176].

Tumor Type Genomic/Transcriptomic
Feature Imaging Feature Integration Method Reference

Osteosarcoma PLK1 pathway activation;
glucose metabolism genes

Heterogeneous
Contrast Enhancement
on MRI/CT

Multi-omic pathway
analysis (WES,
RNA-seq, drug
screens)

[168]

Soft Tissue Sarcoma Gene fusions (e.g., EWSR1);
methylation profiles

Necrosis/hemorrhage
patterns on
T2-weighted MRI

Spatial transcriptomics
+ MRI radiomics [169,170]

Multiple Myeloma
Copy number alterations;
HLA-G/LILRB1
interactions

Focal bone lesions on
PET/CT

Spatial multi-omics (IF,
IMC, LC/MS
proteomics)

[171]

Bone Metastases
Circulating tumor DNA
(ctDNA); AR-variant
expression

Osteolytic/osteoblastic
changes on CT

Radiogenomic
correlation (CTCs,
cfDNA)

[172–174]

Sarcomas (general) Subtype-specific mutations
(e.g., TP53, RB1)

Tumor
texture/heterogeneity
on dynamic contrast
MRI

Multi-omics clustering
(PET/MRI + RNA-seq) [175]

11. Correlation of Imaging Phenotypes with Genomic Signatures
Advanced radiogenomic models increasingly incorporate deep learning techniques,

including but not limited to CNNs, to enhance the detection of subtle imaging patterns
tied to genomic features [176]. While this has been demonstrated most prominently in
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gliomas—where CNNs have accurately predicted IDH mutations, MGMT methylation,
and 1p/19q codeletion—the same principles are being extended to musculoskeletal
tumors [177,178].

Transcriptomic profiling offers a seemingly beneficial avenue for linking imaging fea-
tures with tumor biology by revealing the active gene expression landscape [179]. Unlike
genomic sequencing, which catalogs DNA alterations, transcriptomics highlights the func-
tional output of the genome, enabling clinicians to track pathways active in tumor growth,
immune modulation, and treatment response [180]. In sarcomas, transcriptomic signatures
have been used to stratify patients by histologic subtype, grade, and prognosis [181]. These
patterns often reflect deregulated processes such as hypoxia, inflammation, and cell cycle
dysregulation—also visible on imaging through signal intensity patterns, enhancement
profiles, or diffusion metrics [182].

Recent studies integrating transcriptomics with radiomics in soft tissue sarcomas
have uncovered radiomic clusters associated with aggressive phenotypes, even when not
directly linked to specific gene expression profiles [183]. For example, groups defined by
deep radiomic features often overlap with transcriptomic signatures characterized by the
upregulation of pro-tumorigenic pathways [184]. In osteosarcoma, specific MRI features
correlate with the expression of angiogenic and metastatic genes [185]. These relationships
may be rooted in molecular mechanisms such as transcriptional reprogramming by fusion
proteins, enhancer hijacking, or chromatin remodeling—all of which influence tumor
phenotype and can be reflected in imaging data [186].

Imaging phenotypes such as margin irregularity, necrosis, and signal intensity on
MRI correlate strongly with genomic signatures indicative of tumor aggressiveness and
prognosis. Radiogenomic integration thus enables non-invasive prediction of molecular
subtypes and survival outcomes, offering a powerful alternative to biopsy, which may be
limited by sampling error or accessibility. While much of this work has been modeled in
breast cancer, the translational potential for musculoskeletal tumors is substantial, given
overlapping imaging and molecular characteristics. Furthermore, combining liquid biopsy
markers—such as circulating tumor DNA (ctDNA) and circulating tumor cells (CTCs)—
with imaging modalities enhances disease monitoring, particularly for tracking bone
metastases (Table 4) [172,187–189].

Table 4. Table summarizing correlation of imaging phenotypes with genomic signatures in muscu-
loskeletal tumors [172,187–189].

Imaging Phenotype
Genomic
Signature/Molecular
Feature

Tumor Type/Context Key Findings/Correlation Reference

Irregular tumor
margins and
intratumoral necrosis

Poor
response-associated
gene expression profiles

Various cancers
including
musculoskeletal
tumors

Presence correlates with
poor neoadjuvant
chemotherapy response;
imaging features reflect
aggressive
genomic behavior

[187]

Tumor heterogeneity
on MRI (contrast
enhancement
patterns)

Gene expression
subtypes related to
immune response (e.g.,
interferon-related genes)

Breast cancer (model
for musculoskeletal
tumors)

Heterogeneous
enhancement correlates
with specific gene
expression subtypes linked
to prognosis

[188]
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Table 4. Cont.

Imaging Phenotype
Genomic
Signature/Molecular
Feature

Tumor Type/Context Key Findings/Correlation Reference

Low or absent T2
signal intensity on
MRI

Poor prognosis gene sets
including van’t Veer
70-gene signature

Breast cancer
(analogous to
fibrotic/malignant
features in
musculoskeletal
tumors)

Low T2 signal correlates
with poor prognosis gene
signatures, reflecting
collagen-rich fibrotic tissue

[188]

Radiomic texture
and entropy features

Tumor mutational
burden (TMB) and
neoantigen load

Bone malignancies
and sarcomas

Radiomic features correlate
with genomic markers of
tumor aggressiveness and
immune evasion

[172]

Spatial heterogeneity
in imaging

Intratumoral genomic
subclones identified by
transcriptomics

Breast cancer
(framework
applicable to
musculoskeletal
tumors)

Radiogenomic signatures
link imaging heterogeneity
to genomic subclone
composition, predicting
survival outcomes

[189]

Imaging features of
bone metastases (os-
teolytic/osteoblastic
changes)

Circulating tumor DNA
(ctDNA) and gene
expression alterations

Bone metastases

Imaging phenotypes
correlate with liquid biopsy
genomic markers, enabling
non-invasive monitoring

[172]

Peritumoral edema
and necrosis on MRI

Gene expression
signatures related to
hypoxia and wound
healing

Various solid tumors
including sarcomas

Imaging features correlate
with gene sets associated
with tumor
microenvironment and
aggressive biology

[187,188]

Alternative splicing, RNA editing, and post-transcriptional regulation introduce addi-
tional layers of transcriptomic complexity that may modulate imaging phenotypes [190].
Importantly, the same genomic locus can produce multiple protein isoforms with varying
biological effects, potentially altering texture or diffusion [191]. These dynamic molecu-
lar processes align with ENCODE’s expanded definition of genes as sets of overlapping
functional products rather than singular units [192].

12. Inflammatory Cytokine Profiles and Their Predictive Value
Cytokines and chemokines secreted by tumor and stromal cells orchestrate immune

responses, modulate angiogenesis, and contribute to metastatic behavior [193]. In osteosar-
comas, elevated levels of cytokines IL-6 and TNF-α have been linked to more aggressive
disease, including metastasis and reduced survival [164–166,194,195]. These markers may
reflect underlying biological processes, such as activation of the NF-κB or JAK/STAT
pathways, that drive tumor progression [196]. IL-6’s role in promoting angiogenesis and
immune evasion suggests that high serum levels may indicate a more hostile tumor phe-
notype [197]. This suggests that tumor-immune dysregulation is not merely a response
to tumor presence, but an intrinsic part of cancer biology with significant prognostic
implications [198].

Importantly, these immune signatures may also manifest in imaging phenotypes [199].
For example, tumors with high inflammatory activity often show greater contrast enhance-
ment, increased peritumoral edema, and distinct diffusion profiles [200]. These features,
quantified through radiomics, could indirectly indicate the underlying cytokine milieu [201].
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By combining serum biomarkers with imaging-derived features, researchers are beginning
to construct integrative models that more accurately reflect tumor biology [202]. In soft tis-
sue sarcomas, radiomic–transcriptomic clusters associated with inflammation and hypoxia
were linked to poor prognosis, suggesting that imaging can capture molecular processes
such as immune activation [203].

Further supporting this integrative approach, specific cytokines—including IL-18, IP-
10, MCP-1, M-CSF, MIG, SCGFβ, Eotaxin, and IL-7—are consistently elevated in untreated
musculoskeletal inflammatory tumors and tend to decrease with treatment, correlating with
disease activity and severity. IL-18R1 expression is particularly notable in dermatomyositis,
observed in muscle tissue and peripheral blood, suggesting its potential as a predictive
biomarker for certain tumor subtypes. Overall, pro-inflammatory cytokines such as TNF-α,
IL-6, and IL-1 appear broadly implicated in musculoskeletal tumor progression and may
serve as valuable prognostic indicators across multiple sarcoma types [164–166,204].

13. Machine Learning Algorithms in Musculoskeletal
Tumor Classification

ML has become an increasingly valuable tool in oncologic practice, particularly in
classifying and prognosticating musculoskeletal tumors through predictive modeling based
on labeled datasets. By leveraging labeled datasets that represent tumor type, grade, or
molecular alterations, ML models learn complex associations between image-derived
features extracted from radiological, genomic, and clinical inputs [204,205]. Two primary
categories dominate this field and are highly effective in data-limited settings due to
interpretability and performance efficiency: classical ML algorithms and deep learning
(DL) models [206,207].

14. Classical Machine Learning Algorithms
Classical ML methods, including support vector machines (SVMs) (Figure 7) [208], ran-

dom forests (Figure 8) [209], and logistic regression, remain widely used in musculoskeletal
classification, especially in limited data availability settings [206,207].

Figure 7. Graph demonstrating support vector machine. This file is licensed under the Creative
Commons Attribution-Share Alike 4.0 International license with permission from Wikimedia Com-
mons [210].
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Figure 8. Diagram demonstrating how random forests generate results [210].

These models excel due to their relative simplicity, computational efficiency, and
interpretability—qualities that are particularly important in clinical environments. They
perform well in binary or small-class tasks (e.g., distinguishing benign from malignant
lesions) and are less susceptible to overfitting when regularization techniques like LASSO
are applied [210–212]. Feature selection is critical in radiogenomic processes because of the
large dimensionality of input data, with approaches such as LASSO efficiently decreasing
feature space while keeping predictive fidelity (Figure 9) [212]. These sparse modeling tech-
niques reduce overfitting and increase translational applicability [213]. Classical models
also offer more transparency in decision-making, facilitating clinical trust and regulatory
approval. However, their performance may plateau in more complex classification tasks,
such as differentiating between sarcoma subtypes or predicting multi-omics-defined risk
profiles [211,214]. To establish generalizability, extensive validation techniques—including
k-fold cross-validation and external cohort testing—are required, especially when account-
ing for inter-institutional heterogeneity in imaging protocols [214]. As datasets grow and
multimodal integration becomes more common, supervised ML is positioned to underlie
future efforts in diagnoses, risk assessment, and decision-making [215].

Figure 9. This diagram illustrates the concept of feature learning in machine learning, where models
automatically extract informative representations from raw data (e.g., images or text) or pre-processed
features. The goal is to improve task-specific performance or training efficiency compared to using
unprocessed data directly, similar to the approach used in transfer learning. This file is licensed
under the Creative Commons Attribution-Share Alike 4.0 International license with permission from
Wikimedia Commons [216].
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15. Deep Learning Models
In contrast, deep learning models, especially CNNs, have demonstrated diagnostic

parity with expert radiologists [210]. Unlike classical models, DL models can autonomously
extract hierarchical features directly from raw imaging data without explicit feature engi-
neering. Advanced architectures, including deep radiomics features such as convolutional
autoencoder (CAE) and hybrid half-supervised CAE (HSCAE) networks, have shown the
ability to identify aggressive phenotypes and predict overall survival in musculoskele-
tal tumors [217,218]. When combined with transcriptomic or other omics data, these
deep features can offer superior prognostic performance compared to single-modality
approaches [219–221].

Despite these advantages, deep learning models present unique challenges. They
require extensive, well-annotated data to achieve generalizability, which is difficult to
obtain in uncommon tumors or retrospective studies [222]. Approaches such as transfer
learning, data augmentation, and synthetic image generation using GANs have been
employed to overcome these limitations [45,223–225]. Another significant concern is model
interpretability [226]. Many deep models operate as “black boxes”, preventing transparency
in AI clinical decision-making and hindering widespread adoption [226]. To facilitate
clinical acceptance, visualization tools such as saliency maps (Figure 10), class activation
maps (CAMs), and attention mechanisms are used to highlight image regions critical to
model decisions, offering biological insight into predictions [226–229].

Figure 10. Average saliency maps and chest X-rays from an institution’s external test dataset are
shown by 20-year age groups. The top row displays the mean chest radiographs per group, while
the bottom row presents the corresponding average saliency maps. Warmer regions in the saliency
maps highlight features associated with older age, whereas cooler regions indicate traits linked to
younger age. This file is licensed under the Creative Commons Attribution 4.0 International license
with permission from Wikimedia Commons [229].

Ultimately, both classical and DL approaches have roles to play. Classical models may
be more appropriate for low-dimensional datasets requiring explainable outputs, while DL
models—such as CNNs, multitask architectures, and ResNet50—offer greater scalability
and adaptability in high-dimensional, multimodal scenarios [178,228]. With continued
advances in explainability and data availability, CNNs and other DL models are projected
to play an increasingly important role in decision support for musculoskeletal oncology
(Table 5) [230].
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Table 5. Radiomic feature extraction. This table presents the sequential steps and imaging tech-
nologies essential to the radiomics pipeline used in musculoskeletal tumor evaluation. It highlights
critical considerations such as standardizing imaging parameters, addressing segmentation com-
plexity, extracting robust texture and shape features, integrating advanced modalities like PET/MRI,
and harmonizing datasets for model reproducibility. Additionally, the table captures the evolving
integration of transcriptomic data and immune signatures into radiomic analyses, emphasizing
the expanding role of AI and deep learning in transforming image-derived features into clinically
actionable insights.

Radiomic Process Step or Modality Significance for Musculoskeletal
Tumor Assessment Key Considerations/Outputs

Imaging Acquisition Standardization
Minimizes inter-scan and inter-site
variability for model training and
cross-center reproducibility

Protocol harmonization; consistent
voxel spacing, timing, and
field strength

ROI Segmentation (Manual,
Semi-/Automated)

Defines tumor boundaries for
downstream analysis; crucial for
accurate feature mapping, prone
to variability

Affected by operator variability;
accuracy impacts all subsequent
model inputs

Quantitative Feature Extraction
Converts image data into
quantifiable metrics representing
tumor morphology and texture

Includes shape, intensity, texture
(GLCM, GLRLM), and
wavelet features

MRI Functional Imaging (e.g., DWI
and ADC mapping)

Reflects tumor cellularity and
treatment response using ADC
values and other water
diffusion metrics

ADC values inversely correlate with
cell density; useful in
response monitoring

CT with Dual-Energy and Spectral
Imaging

Enhances tissue characterization,
particularly in bone tumors and
mineral content

Enables separation of materials (e.g.,
calcium vs. iodine); improves
lesion conspicuity

PET/CT and PET/MRI Metabolic
Profiling

Evaluates tumors aggressiveness and
viability through metabolic markers
such as MTV and TLG

Includes metabolic tumor volume
(MTV) and total lesion
glycolysis (TLG)

Multiparametric Imaging Integration

Provides a comprehensive view by
combining functional, anatomical,
and metabolic imaging for
robust modeling

Fuses MRI, PET, and CT data for
superior classification and
response assessment

Feature Selection and Overfitting
Prevention

Prioritizes robust, predictive features
to avoid in small datasets

Uses LASSO, recursive feature
elimination, or embedded CNN
layers to improve generalizability

Standardization using ComBat and
NestedComBat Techniques

Adjusts for scanner and
protocol-induced variability to
enable pooled analysis

Batch effect correlation enhances
multi-site model compatibility

Transcriptomic Integration with
Imaging

Links radiomic phenotypes with
gene expression for personalized
diagnosis based on
molecular subtypes

Enables radiogenomic profiling and
non-invasive surrogate biomarkers of
oncogenic pathways

Immune-Related Radiomic
Signatures

Maps imaging biomarkers associated
with immune infiltration or systemic
inflammation

Correlates with IL-6, TNF-α
expression; may predict
immunotherapy response

Deep Learning and CNN-Driven
Radiogenomics

Enhances automated classification
and prognostication from raw scans

Improves classification, survival
prediction, and uncovering latent
imaging-genomic patterns
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Indeed, recent studies have demonstrated that DL models can achieve diagnostic
accuracy comparable to or exceeding that of experienced musculoskeletal radiologists when
classifying tumors on radiographs and MRI. Radiomics-based machine learning has also
proven highly effective in distinguishing between tumor subtypes and grades, performing
at a level like expert human readers [231]. Automated segmentation tools, such as the
Multi-Scale Attention Pyramid Network (MSAPN), enhance workflow efficiency while
maintaining high classification accuracy [232,233]. Additionally, integrating standardized
reporting systems—such as BTI-RADS 2.0—with machine learning frameworks supports
consistent and reproducible grading, further aiding clinical decision-making across diverse
healthcare settings (Table 6) [80,231–235].

Table 6. Table summarizing main machine learning algorithms used in musculoskeletal tumor
classification, their applications, and performance [172,187–189].

Algorithm/Model Application Performance Reference

Deep Convolutional
Neural Network (CNN)

Classifying benign vs. malignant
bone lesions, subtyping (e.g.,
cartilaginous vs. osteogenic)

Top 1 error rate of 0.25; 93%
accuracy in matrix classification,
outperforming average
radiologists (70%)

[80]

Pre-trained ResNet50
Classifier

Predicting malignant potential of
bone tumors on MRI

93.7% accuracy (T1-weighted);
86.7% accuracy (T2-weighted) [80]

Ensemble Deep Learning
Network

Integrating multicenter
radiographs and clinical features

High accuracy for primary bone
tumor classification [234]

Multitask Deep Learning
Model

Simultaneous segmentation and
classification on radiographs

80.2% accuracy, 62.9% sensitivity,
88.2% specificity; performance
comparable to fellowship-trained
radiologists

[235]

Radiomics-based Machine
Learning

Differentiating atypical
cartilaginous neoplasms from
chondrosarcoma (MRI/CT)

92% accuracy (MRI), 78% AUC
(CT), similar to specialized
radiologists (98% accuracy)

[231]

Automated Segmentation
(MSAPN) + Radiomics

MRI-based segmentation and
classification

Dice score 0.871 (test set); 0.890
accuracy for benign vs. malignant
classification

[232]

Risk Stratification System
(BTI-RADS 2.0) + ML

Standardized bone lesion grading
on CT/MRI

Sensitivity of 96% for malignant
lesions; F1-score 0.81 (slightly
below radiologists at 0.83)

[233]

16. Unsupervised Learning for Pattern Discovery
Unsupervised learning offers distinct advantages for discovering novel patterns, es-

pecially when labeled data are limited or when exploring heterogeneity within complex
datasets [236]. These algorithms identify latent structures in imaging or molecular data
without relying on predefined outcomes [237]. Techniques such as k-means clustering,
hierarchical clustering, and dimensionality reduction methods like PCA, t-SNE, and UMAP
allow researchers to explore high-dimensional data, visualize hidden groupings, and
generate new hypotheses [238,239].

Unsupervised techniques have also proven useful: a prospective cytokine profiling
study in sarcoma patients used hierarchical clustering to identify immune endotypes with
distinct survival outcomes [240]. Patients in one cluster—marked by elevated CXCL5,
CXCL12, and MIF—had significantly worse event-free and overall survival, suggesting
that inflammatory profiling can uncover clinically relevant subgroups [241]. These find-
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ings support using unsupervised methods for discovering immune signatures that may
influence treatment response [242].

17. Translational Barriers and Technical Challenges
One of the main barriers inhibiting AI’s use in imaging is harmonizing imaging and

molecular data across heterogeneous acquisition protocols, as scanner type, sequence pa-
rameters, and reconstruction algorithms (e.g., TE/TR, slice thickness, kernel filters) can
introduce non-biological variability [243] (Table 3). Fortunately, many statistical harmo-
nization techniques like ComBat and GMM-ComBat have been adapted from genomics
to mitigate scanner-induced batch effects in radiomics without degrading prognostic sig-
nal [244,245]. However, these require consistent pre-processing pipelines and comprehen-
sive metadata [246].

Molecularly speaking, sample handling, library preparation, and sequencing depth
can compromise transcriptomic reproducibility [247]. Additionally, clinicians would require
fusion methods to align multimodal, multi-scale data [248]. Early, intermediate, and late
fusion models must account for differences in dimensionality (e.g., high-dimensional RNA-
seq vs. structured imaging features) and scale (e.g., continuous vs. categorical vs. spatial
inputs) [249]. While intermediate-level integration, leveraging autoencoders or canonical
correlation analysis, shows promise, robust performance requires careful normalization,
missing data imputation, and cross-modal feature selection [250,251].

Model interpretability and segmentation variability also remain non-trivial [252].
CNNs and transformers excel in tumor detection and classification, but function as black
boxes [253]. Explainability tools—e.g., Grad-CAM, SHAP, and attention heatmaps—are
increasingly deployed to map model saliency to anatomical or radiomic domains [254,255].
Additionally, segmentation, which is a prerequisite for most radiomics workflows, re-
mains a bottleneck [256]. Manual and semi-automated tumor delineation suffers from
inter-observer variability, especially for infiltrative tumors; fully automated approaches
remain challenged by heterogeneity and imaging artifacts [257]. Standardizing segmen-
tation protocols and integrating neural attention-based contouring (e.g., using nnUNet
frameworks) are emerging solutions [258].

Clinical deployment is further limited by ethical and legal concerns [259]. Adaptive
artificial intelligence systems via “predetermined change control plans”, currently included
in the FDA’s 2019 proposed regulatory framework for modifications to AI/ML-based
software as a Medical Device (SaMD) architecture, pose difficulties for auditability and
validation given continual learning from real-world data [260]. Good Machine Learning
Practice (GMLP) concepts stress data variety, algorithmic fairness, and transparency, but
require infrastructure and governance frameworks not yet widespread in clinical imaging
environments [261]. Moreover, algorithmic bias—stemming from imbalanced training co-
horts or confounding imaging variables—poses risks of inequitable outcomes, necessitating
bias-aware modeling and subgroup validation [262].

Privacy-preserving federated learning, scalable low-cost algorithms for resource-
limited environments, and integrated diagnostics platforms integrating liquid biopsy
data (e.g., ctDNA, CAPP-seq assays) with radiomics should ultimately take the front
stage [263,264]. Prospective, multicenter trials are desperately required to determine how
the clinical effects of AI-driven tools affect treatment choices and patient outcomes [265].
Multimodal fusion, harmonized datasets, and robust interpretability methods will be foun-
dational in translating musculoskeletal imaging AI from proof-of-concept to routine clinical
deployment (Table 7) [266].



Diagnostics 2025, 15, 1377 21 of 35

Table 7. Translational barriers and technical challenges in musculoskeletal imaging AI. This table
summarizes critical barriers that impede the clinical translation of AI-enhanced musculoskeletal
imaging tools. These challenges span technical inconsistencies in imaging protocols and molecular
data quality, methodological hurdles in data fusion and model interpretability, and broader issues
related to regulatory frameworks, algorithmic fairness, and deployment in low-resource settings.
Addressing these challenges through harmonization, equitable model development, and regulatory
reform is crucial for the safe and scalable implementation of AI-driven diagnostics.

Translational Barrier or Challenge Description Implication for Clinical Translation

Heterogeneous Imaging Acquisition
Protocols

Variations in scanner models,
sequences, and reconstruction
algorithms across sites

Introduces batch effects and
non-biological variability

Inconsistent Transcriptomic Profiling
Methods

Differences in RNA extraction,
sequencing platforms, and
bioinformatic pipelines

Compromises data quality and
model reliability

Integrating Multimodal Data
(Imaging + Genomics)

Challenges in aligning data with
different resolutions, formats, and
missing values

Limits comprehensive tumor
profiling; demands advanced fusion
models and data imputation
strategies

Low Model Interpretability and
Explainability

DL models often operate as “black
boxes” without transparent decision
logic

Limits clinician trust and slows
regulatory acceptance; explainable AI
(XAI) methods are essential (e.g.,
saliency maps)

Segmentation Variability and Lack of
Standardization

Inter- and intra-observe variability in
manual or semi-automated tumor
delineation

Reduces feature reproducibility;
highlights the need for robust
auto-segmentation algorithms and
consensus protocols

Regulatory Hurdles and Clinical
Validation Challenges for Adaptive
AI Models

Continuously learning systems
evolve post-deployment, making
validation and certification complex

Raises legal and ethical concerns;
requires new regulatory frameworks
and post-market surveillance
mechanisms

Algorithmic Bias and Performance
Disparities Acros Subgroups

Underrepresentation of demographic
subgroups during training

Can lead to inaccurate predictions in
minorities; underscores the need for
diverse datasets and fairness audits

Lack of Federated Learning
Implementation in Low-Resource
Clinical Settings

Limited infrastructure in low- and
middle-income countries for
decentralized model training

Exacerbates global disparities in AI
access; federated learning could
enable secure, local model
deployment

18. Conclusions
Radiogenomics, AI, and ML progressively enable non-invasive, quantitative assessment

of soft tissue malignancies with significant accuracy. Radiomics has become a strong founda-
tion for extracting high-dimensional image features capturing microarchitectural and textural
traits beyond human awareness. Together with ML models—from interpretable algorithms
like random forests to high-capacity convolutional neural networks—these characteristics
assist tumor classification, grading, subtype distinction, and outcome prediction. Deep learn-
ing shows diagnostic performance on par with experienced radiologists while preserving
scalability for use in high-throughput environments, particularly when used on multimodal
inputs like hybrid PET-CT or multiparametric MRI.

Models integrating imaging features with transcriptomic, epigenetic, and mutational
data give molecular insights for physically challenging cancers like spinal or pelvic sar-
comas, reducing the issues linked with recurring biopsies. This methodology combines



Diagnostics 2025, 15, 1377 22 of 35

advanced regression and classification models, enhanced by dimensionality reduction
methods such as LASSO and PCA, and multimodal fusion methodologies enabling vir-
tual molecular profiling. Liquid biopsy analytics increases circulating tumor surveillance
capabilities by utilizing either ctDNA sequencing with high-sensitivity CAPP-Seq or translo-
cation detection utilizing long-read nanopore assays. The dynamic interaction of fluid
and image-based markers makes real-time monitoring of minimum residual illness, clonal
evolution, and treatment response conceivable.

These technologies have numerous useful applications. Imaging-derived models
might direct surgical margins, assess chemosensitivity, and choose patients for limb-sparing
surgeries versus more aggressive resections. Combining point-of-care molecular diagnostics
with AI-augmented ultrasonic or low-field MRI allows fast and reasonably priced triage in
community or resource-limited settings. Translation still presents challenges. In imaging
systems, segmentation methods, scanner platforms, and uniformity impact reproducibility.
Harmonizing methods like ComBat and GMM-ComBat lower batch effects but rely on
consistent pretreatment techniques and datasets strong in metadata. Strong normalization
and cross-platform calibration are called for when variance in genomic data from differences
in sequencing depth, alignment methods, or library preparation calls for significant noise.

In future developments, interpretability, equality, and clinical validation must be front
and center. Gain clinician confidence and regulatory approval using explainable artificial
intelligence (XAI) methods like SHAP values, attention heatmaps, and class activation
maps. Low-resource contexts need lightweight designs (e.g., MobileNet, quantized mod-
els) or federated learning to maintain data sovereignty while allowing cross-site training.
Prospective, multicenter studies assessing combined AI–radiogenomic systems for clin-
ical decision assistance, risk assessment, and therapy customization are sorely lacking.
Sustainable adoption depends critically on rigorous implementation science, regulatory
adherence to the FDA’s SaMD advice, and ethical protections addressing algorithmic bias
and data privacy.
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