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Abstract

Primarily afflicting young adults and teenagers, the most prevalent primary malignancy of
the bones is osteosarcoma. For enhancing patient results and directing proper therapy ap-
proaches, early diagnosis and precise risk classification are essential. The changing nature
of Artificial Intelligence (Al) in revolutionizing osteosarcoma identification and prognosis
is investigated in this systematic review. In examining imaging, histopathological, clinical,
and genomic data, the review combines results from current literature and emphasizes ar-
tificial intelligence uses, including DL, radiomics, CNNs, and ensemble machine learning
models. Although risk stratification models have shown promise in forecasting metastasis,
therapeutic response, and survival outcomes, artificial intelligence-driven diagnostic models
have high accuracy in differentiating malignant from benign lesions. Notwithstanding these
improvements, great hurdles include data heterogeneity, model interpretability, restricted
applicability, and incorporation into clinical workflows. The paper also notes recent initia-
tives to improve clinical acceptance, including explainable Al, multimodal data fusion, and
federated learning. The review underlines first the transformational opportunities of artificial
intelligence in providing osteosarcoma patients with customary medication and then supports
teamwork among clinicians, scientists, and technologies to fully realize its full promise in
practical oncology settings.
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1. INTRODUCTION

Improvements in imaging, as well as in computational technologies, have completely altered the
methods for diagnosing and prognosing diseases in the current era. One of these transformations, Al
(Artificial Intelligence), is capable of pattern recognition and automating even the most sophisticated
multidimensional diagnostic work. Al can do wonders in the field of oncology, especially in the
early detection of malignant conditions. Osteosarcoma is an example of a highly aggressive and
malignant primary bone cancer that almost exclusively strikes pediatric and young adult patients.
Without a doubt, the most difficult problem with the disease is making the diagnosis early enough,
especially given its heterogeneous mode of presentation along with a host of other associated bone
lesions. Most of the traditional methods do not provide timely and precise delineation of the various
stages of the tumor, and this is a great mark for advancement [1].

The cancer known as osteosarcoma develops from undifferentiated bone-producing mesenchymal
cells with features of fast growth and high chances of spreading while presenting a serious outlook
unless caught in its early stages. X-rays and CT scans along with MRI and bone scintigraphy
methods are essential tools for detecting abnormalities in bones. Radiologists must interpret imaging
results, but these interpretations frequently miss the necessary precision to stratify early-stage cases.
The range of differences in tumor shape and genetic activity adds another layer of complexity
to achieving consistent diagnostic outcomes [2]. Due to these limitations the medical research
community is investigating intelligent systems to enhance human decision-making and diagnostic
accuracy [3].

ML and DL branches of Al show powerful abilities in analyzing medical images and recognizing
patterns and predicting outcomes. Through extensive training with big datasets of annotated clinical
parameters and medical images, Al algorithms reveal subtle disease markers beyond human visual
detection capabilities. These advanced instruments improve early detection capabilities and support
risk stratification through patient classification based on disease severity and treatment response
potential as well as metastasis risk [4, 5]. Timely medical intervention in osteosarcoma cases can
lead to better survival outcomes and lower the necessity for severe treatments such as amputation.

Osteosarcoma diagnosis through Al extends beyond imaging technology. The latest research in-
cludes investigations into how it can be utilized for genomic studies as well as histopathological
evaluation and biomarker discovery. Deep neural networks demonstrate the ability to process
complex molecular data to identify gene expression patterns that indicate worse clinical outcomes
and resistance to therapies [6]. The combination of imaging data with multimodal methods results
in an all-encompassing analysis of a patient’s clinical state, which establishes a foundation for
precision oncology [7]. These detailed stratification models prove essential for customizing medical
treatments which leads to better patient results and fewer negative effects [8]. Recent statistical
reports and studies have revealed critical trends in osteosarcoma incidence, diagnostic delays, and
the growing role of Al technologies in medical diagnostics (see TABLE 1).
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Table 1: Key Statistics on Osteosarcoma Diagnosis and the Role of Al

Parameter Value/ Statistic Source

Global incidence of ~3.4 cases per million WHO / Global Cancer
osteosarcoma population annually Observatory

Most affected age group 10-30 years American Cancer Society (2023)

5-year survival rate (localized  ~70% National Cancer Institute (SEER
osteosarcoma) data)

5-year survival rate (metastatic ~20-30% American Cancer Society (2023)
osteosarcoma)

Delay in diagnosis (average time 3—6 months Clinical Oncology Studies
from symptom onset)

Diagnostic accuracy of Al in 88-95% Recent peer-reviewed ML
detecting osteosarcoma (MRI) studies (2022)

Diagnostic accuracy of ~80% Radiology Practice Reviews

radiologists alone (MRI)
Studies using deep learning for Over 50 peer-reviewed Scopus / PubMed databases
histopathological analysis publications in the last
5 years
Al integration in bone cancer  Estimated CAGR of 40% MarketsandMarkets, 2024
diagnosis (2020-2024 growth)  in Al-based diagnostic

solutions
Availability of Fewer than 10 publicly = Literature Review Findings
osteosarcoma-specific Al available high-quality
datasets datasets

Al technology hasn’t been widely used in clinical care yet and is still in early development. Several
challenges need to be addressed. People worry about whether AI models can be easily understood
and if they work well for different groups of people. It’s also hard to fit Al into the current clinical
workflows. A major issue is the lack of good-quality datasets that have detailed information about
osteosarcoma, which is needed to build strong Al models. Ethical and regulatory issues are crucial,
too. They ensure patient data stays private and that these technologies are used safely. Understand-
ing current progress, existing challenges, and opportunities is important. This knowledge will guide
future research and how Al can be used in this area [9, 10].

This review gathers recent information on the early detection and risk assessment of osteosarcoma, a
type of bone cancer, using Al. It examines reliable studies focused on imaging techniques, molecular
analysis, and predictive modeling. The review highlights important methods, measurements of
performance, and how Al impacts medical treatment. It also discusses current challenges in the
field and suggests future research areas to help connect experimental models with practical medical
use. By using Al, diagnoses of osteosarcoma are an exciting and promising area that could bring
significant change. With technology improving, smart use of Al systems might change how cancer
is found early and how we predict its progression [11]. This review aims to give a full picture of
the best methods available right now. We also want to encourage teamwork across different fields
to improve care and outcomes for patients dealing with osteosarcoma.
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2. METHODOLOGY

This systematic review was undertaken according to the PRISMA guidelines to provide clarity and
completeness. The peer-review process was divided into four key steps: Identification, Screening,
Eligibility, and Inclusion. FIGURE 1 shows the way we chose the studies.

5 Records Identified through Records Identified through Records Identified through IEEE

= Scopus, n =42 PubMed, n =68 Xplore, n =48

°

g 1

3 Records Identified through Google, Scopus, and IEEE Xplore, n = 152
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3

= Full-text articles included
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Figure 1: The PRISMA Flow Diagram provides a detailed step-by-step process of selecting studies
for research focused on Al

2.1 Identification Stage

In this step, scientific databases were used to find important studies. PubMed, Scopus, IEEE Xplore,
and ScienceDirect were used. Our search focused on important terms like “osteosarcoma,” “bone
cancer,” “early diagnosis,” “risk stratification,” “artificial intelligence,” “machine learning,” “deep
learning,” and “radiomics.” Found a total of 158 articles: 68 from PubMed, 42 from Scopus, 48
from IEEE Xplore. After removing 6 duplicates, 152 unique articles were taken for further review.
Even with careful keyword selection, some unrelated results appeared. This was mainly in IEEE
Xplore, where terms like “learning” and “prediction” are also used in network analysis and robotics.

9 ¢ 29 ¢

2.2 Screening Stage

Examined 152 records using set rules to determine which to keep or exclude (see Inclusion Criteria
and Exclusion Criteria for details). At this stage, we reviewed the titles and summaries. Excluded
studies that: focused on cancers other than osteosarcoma, were not about early diagnosis or risk
assessment, did not involve Al or machine learning, and were not fully available to read. As a
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result, then removed 29 studies: 17 because they were not relevant to our focus and 12 because
they were either not fully accessible or not peer-reviewed. This left 123 studies for a more detailed
evaluation.

2.3 Eligibility Stage

123 studies were checked for eligibility. Then examined their summaries, methods, and goals to
determine how well they aligned with our research question. Studies were excluded if they didn’t
provide sufficient technical details on Al implementation or if they didn’t focus on diagnostic or
predictive use. As a result, 36 articles were excluded: 20 due to weak methods and 16 because they
didn’t cover the relevant topics. This left us with 87 publications, which we kept for a thorough
review of their full texts.

2.4 Inclusion Stage

The texts of the 87 remaining articles were carefully reviewed to check their relevance, scientific
strength, and usefulness. Only studies with clear results on Al models for osteosarcoma, such as
early detection, tumor classification, risk prediction, or outcome forecasting, were chosen. Finally,
60 studies met all the criteria and were included in the analysis. These studies form the core of this
review, offering a detailed look at current Al methods, diagnostic tools, their effectiveness, how they
are used in the clinic, and the challenges of early diagnosis and risk assessment of osteosarcoma.

The thorough sorting process took out studies that weren’t relevant. This guaranteed that only the
most important and high-quality papers were part of the final review. You can see a summary of the
entire selection process in FIGURE 1. It shows each step used to narrow down the search, ensuring
the findings are reliable.

The inclusion and exclusion criteria for selected studies are given in TABLE 2.

Table 2: Inclusion and Exclusion Criteria for Selected Studies

Inclusion Criteria Exclusion Criteria

Studies using Al or machine learning  Studies that do not specifically focus on osteosarcoma
to understand osteosarcoma

Research aimed at early diagnosis or ~ Articles about Al in cancer treatment must
identifying high-risk individuals specifically mention osteosarcoma to be relevant

Peer-reviewed publications written in ~ Non-English publications are excluded
English

Use of imaging data (X-rays, CT, MRI) Conference summaries, editorials, or opinion pieces

or clinical data without full text access are excluded
Papers with clear methodology and Research that does not clearly describe its
defined evaluation metrics methodology or report Al performance is excluded
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3. RESEARCH FINDINGS

This section attempts to give an overall introduction to the major research findings that highlight
the application of Al in the risk stratification and early diagnosis of osteosarcoma. Findings are
categorized into four broad areas: Diagnostic Accuracy of Al Models, Risk Stratification using
Al, Implementation in Clinical Practice, and Comparative Evaluation of AI Approaches. All these
sections explain the various Al approaches, their contribution, drawbacks, and outcomes in treating
osteosarcoma.

3.1 Diagnostic Accuracy of AI Models

Artificial intelligence approaches have emerged as a primary approach in enhancing the performance
of osteosarcoma diagnosis by managing diverse kinds of data, like early diagnosis, imaging, and
biomarkers. DL and ML algorithms have been used for the enhancement of image recognition, tu-
mor characterization, and differentiation of benign and malignant lesions. Performance assessment
of such software has been reported to be equal to traditional types of diagnostics, such as radiologist
reports [12, 13].

3.1.1 Radiomics-based classification

This classification has emerged as a useful tool in radiologic imaging, where intensity, shape, and
feature texture can be extracted from radiologic images like CT and MRI scans [14]. These features
are used to train ML algorithms to predict and classify prognosis [15].

Feature Extraction and Selection Feature extraction is among the most essential tasks in classi-
fication based on radiomics. Preprocessing medical images, segmentation to obtain areas of interest
such as tumors, and feature extraction methods to quantify features such as texture, form, and
changes in intensity of the tumor are the steps of feature extraction. Sophisticated methods such
as wavelet transformation have been applied in certain investigations to obtain sharper detail in
images. Feature selection methods such as LASSO and RFE are commonly used to tune models
and reduce feature dimensions so that models are more precise and easier to interpret. Such methods
also eliminate overfitting, allowing models to generalize optimally across datasets [16, 17].

Predictive Model Performance Radiomics-based studies have shown values ranging from 0.85
to 0.93 using Area Under the Curve (AUC) when classifying malignancy from benign lesions. Both
LR, SVM, and RF classifiers fall under these radiomics-based models, which can attain diagnostic
effectiveness equivalent to professional radiologists for subtle or even complex tumor cases. These
discoveries indicate that combining radiomics with machine learning becomes a valuable piece of
clinical decision-making equipment.
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3.1.2 Deep learning used for histopathological study

Particularly successful in examining histopathological slides is the implementation of DL, especially
CNNs[18, 19]. Accurate osteosarcoma diagnosis depends on the automated extraction of significant
patterns from tissue images, so these sophisticated artificial intelligence technologies help in this
regard.

CNN-Based Image Classification Classifying osteosarcoma cells in histopathological images
using deep learning models like CNNs reveals rather high accuracy of 87% for a balanced dataset
[20]. Models like VGG16 (accuracy 97.6%), ResNet50, and DenseNet (accuracy 80%) have been
extensively used, and they have been trained on big, annotated database sets to spot malignancy
[21]. Even in very difficult data sets, including sophisticated, noisy, or low-resolution pictures,
these CNN models have performed well.

Interpretability and Visualization The “black box” characteristics of deep learning models,
which make it hard to understand model decisions, are one of their problems. Methods including
Gradient-weighted Class Activation Mapping (GradCAM) and saliency maps have been used to
solve this problem. These techniques show which elements of an image the model concentrates on
when it makes predictions, therefore offering openness to doctors. Especially in demanding contexts
such as cancer diagnosis, this interpretability is first in building confidence in Al systems [22, 23].

FIGURE 2 illustrates various Al models employed in osteosarcoma detection and classification
across different studies.

3.2 Risk Stratification Using Al

Apart from enhancing diagnostic accuracy, artificial intelligence has shown strong potential to strat-
ify individuals according to their risk of metastasis, relapse, and therapy failure. More customized
treatment plans and preventive management of osteosarcoma patients have become possible thanks
to artificial intelligence models that use both medical and imaging data to produce individual risk
profiles.

3.2.1 Predicting metastasis risk

Especially in the lungs and other bones, osteosarcoma is famed for its strong metastatic potential [ 24,
25]. For beginning aggressive treatment methods, including chemotherapy and surgical operations,
early identification of patients at high risk is imperative.

Ensemble Learning Approaches Particularly powerful in metastasis risk prediction are ensemble
learning techniques like Gradient Boosting Machines (GBM), AdaBoost, and XGBoost. These
models merge several weak learners to boost the general predictive quality. Ensemble models have
reached remarkable sensitivity ratings of up to 92% by combining radiomic features from imaging
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Figure 2: Diagnostic Accuracy of AI Models in Osteosarcoma Detection and Classification

data with clinical features (e.g., tumor size, patient age, serum biomarkers), therefore significantly
outperforming standard methods [26].

Clinical Utility Flagging patients with high metastasis risk, AI models have been incorporated
into clinical management. This enables medical providers to customize their management systems,
giving more active observation and treatment for patients likely to have metastasis. Also, by means
of artificial intelligence integrated into tumor board talks, doctors have been able to make better-
informed judgments and thereby enhance patient outcomes [27].

3.2.2 Prognostic biomarker discovery

Identifying possible prognostic biomarkers, essential for estimating patient results and forecasting
disease progression, has also been significantly aided by artificial intelligence methods.

Integration of Genomic Data To forecast patient results, machine learning algorithms have been
trained on multi-omics data comprising gene expression profiles, DNA methylation patterns, and
mutation data. Al systems could find gene signatures and molecular markers linked with bad
prognosis, such as TP53 mutations and high VEGF expression, using extensive genomics and
imaging datasets. In customized treatment planning, these biomarkers can be very useful aids
[28, 29].
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Personalized Prognosis Models Using artificial intelligence models combining molecular, radio-
graphic, and clinical data, custom prognosis systems have been developed. By producing personal-
ized risk profiles, these systems help doctors forecast a patient’s chances of relapse and survival. In
this way, these models offer important knowledge on the best long-term monitoring plans and ideal
therapy techniques [30].

3.3 Integration with Clinical Practice

While Al-based models’ performance in osteosarcoma diagnosis and risk stratification has been
encouraging, incorporating them into actual clinical practices remains a formidable task. Some
of the major concerns are the absence of clinical validation, variability in reporting standards,
limited interpretability, and regulatory pathways for ensuring safety and efficacy. Implementation
depends on overcoming the experimental-clinical utility gap by creating transparent, reproducible,
and clinically validated Al systems.

3.3.1 Clinical Decision Support Systems (CDSS)

Emerging as powerful instruments for helping radiologists, pathologists, and oncologists by pro-
viding real-time insights for diagnosis, treatment planning, and risk stratification are Al-powered
Clinical Decision Support Systems (CDSS). Still, for these systems to be reliable and legally usable,
they have to follow regulatory frameworks, including the FDA’s Software as a Medical Device
(SaMD) and European CE marking requirements, and undergo strict clinical validation via multi-
center trials.

Enhancing Workflow Al-based CDSS, when integrated with systems such as Picture Archiving
and Communication Systems (PACS) or Electronic Health Record (EHRSs), can highlight abnormal-
ities in real-time, cue high-risk cases first, and minimize diagnostic delay. In the studies reviewed,
such system-level improvements were suggested but not yet validated to the full extent within
clinical environments. For example, Papalia et al. (2024) [31], and Wang et al. (2024) [32], had
encouraging diagnostic precision (AUC > 0.8 and 92.5% accuracy, respectively), but did not have
clinical deployment trials to confirm their suitability in actual hospital environments. Validation
within such processes would involve prospective cohort studies, inter-observer agreement metrics,
and impact assessment on diagnosis-to-treatment intervals [33, 34].

Clinician Acceptance Trust among clinicians is important for the adoption of Al. Interpretability
strategies like saliency maps, Grad-CAM, and SHAP values have been successful in increasing
clinician insight into Al predictions. For instance, Qu et al. (2024) [35], and Khan et al. (2024) [36],
utilized interpretable biomarkers and DNA methylation profiles for risk stratification, maximizing
their potential for clinical application. Nevertheless, without usability testing, clinician feedback
loops, and training programs, these models are still restricted to research purposes. User-centered
design approaches, incorporating feedback from radiologists and oncologists during development,
should be a standard practice [37, 38].
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3.3.2 Performance in multimodal settings

Al systems that fuse multi-modal data—integrating imaging, clinical information, and omics—
exhibit improved prediction performance and more informative patient understandings. Such mod-
els have a large potential for clinical decision-making in practice but need to be validated clinically
and externally.

Fusion of Imaging and Omics Data Several reviewed studies investigated multimodal data fu-
sion. For example, C¢ et al. (2025) [39], used imaging analytics on MRI, CT, and PET scans for
survival stratification, whereas Aziz et al. (2023) [40], and Qu et al. (2024) [35], used RNA-seq
and gene expression profiles. While these models enhanced performance measures like AUC and
accuracy, none of them mentioned clinical trial-based validation. To translate the above findings
into practice, there is a need to perform retrospective validation on independent hospital datasets
and follow it with prospective observational trials. Phrases like “external validation,” “real-world
evidence (RWE),” and “clinical outcome assessment” are commonly employed to denote successful
translation steps [41].

End-to-End Learning Systems End-to-end learning models streamline the Al pipeline by auto-
matically extracting features and learning from raw inputs to diagnostic outcomes. Ogbonna et al.
(2024) [42], and Wang et al. (2024) [32], employed deep learning for histopathological classifica-
tion and MRI interpretation with high accuracy and specificity. These systems, though efficient,
are black-box models in many instances, which brings with it concerns for clinical deployment.
Regulatory bodies today advise Explainable Al (XAI) capabilities and open documentation to fa-
cilitate approval. Furthermore, model calibration (e.g., through Brier score or Expected Calibration
Error), decision curve analysis, and prospective trial registration (e.g., ClinicalTrials.gov) should be
undertaken to enable such models to work consistently across various patient populations [43].

3.3.3 Clinical validation status and recommendations

A thorough analysis of the reviewed studies reveals the following (see TABLE 3):

3.3.4 Pathways for Clinical Validation and Regulatory Approval

To move from research prototypes to clinically adopted systems, the following steps should be
implemented:

Standardized Reporting

* Follow the TRIPOD-AI, CONSORT-AI, or SPIRIT-AI reporting guidelines for transparent
and reproducible Al studies.

» Ensure datasets, preprocessing steps, and performance metrics are fully disclosed and open
for peer benchmarking.
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Table 3: Clinical Validation Status and Recommendations for Reviewed AI Models in Osteosarcoma
Diagnosis and Risk Stratification

Study Clinical Validation Status Recommendation
Muhammad No external or clinical validation Needs a prospective clinical trial with
Ainul Fikri patient-level data
et al., 2025
Papalia et al., Meta-review; no direct Recommend real-world pilot
2024 validation implementation and external
validation
Ogbonna et al., Multimodal accuracy reported;  Validation using standardized DXA
2024 no clinical validation benchmarks and patient trials
Qu et al., 2024 Biomarker-based model Validated model; ready for clinical
validated on GSE21257 translation study
Ong et al., 2024 Single-center studies; limited Multi-center external validation is
generalization required

Khan et al., 2024 High accuracy in a small cohort Needs scale-up and validation across
diverse genetic backgrounds

Cé et al., 2025 Multimodal model; performance Require clinical outcome-based
metrics reported validation
Wang et al., 2024 CNN with high accuracy; no Needs application in histopathology labs
clinical validation with patient follow-up
Aziz et al., 2023  Good performance; no clinical ~ Suggest integration with clinical
trial genomics systems for RWE collection
Aziz et al., 2023  NLP-based model; F1-score Needs external validation using
reported annotated clinical reports

External and Prospective Validation

* Apply models to unseen, real-world hospital datasets from different institutions.

» Conduct prospective observational trials or pragmatic clinical trials under ethically approved
settings.

Regulatory and Ethical Compliance

* Align model development with FDA SaMD or EU MDR requirements.

» Implement Bias and Fairness Audits to ensure generalization across age, gender, and ethnicity.

Model Interpretability and Clinician Involvement

* Incorporate explainable Al methods like SHAP, LIME, or attention heatmaps.

» Use co-design methodologies involving continuous feedback from domain experts.
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Through the focus on standardized validation, regulatory compliance, and clinician-driven design,
the studies reviewed here can shift from promising research findings to clinically relevant solutions.
The reinforcement of these avenues will considerably advance reproducibility, credibility, and the
potential for real-world value in managing osteosarcoma.

3.4 Comparative Analysis of AI Approaches

Early diagnosis, prognosis, and risk stratification in osteosarcoma have been greatly aided by ar-
tificial intelligence (Al) advances. Still, the successful clinical translation of artificial intelligence
(AI) systems depends on critically evaluating their performance, interpretability, robustness, and
adaptability to real-world limitations in addition to merely enumerating algorithms. The examined
models are examined here in depth with regard to classical machine learning (ML), deep learning
(DL), hybrid methods, dataset features, and model-specific benefits and constraints.

3.4.1 Classical ML vs. Deep learning

Strengths and Weaknesses Owing to their lesser computational demands, interpretability, and
efficacy on smaller datasets, classical machine learning algorithms include Support Vector Machines
(SVM), Random Forests (RF), and Logistic Regression have consistently shown strong performance
on structured clinical datasets. For example, Fikri et al. [44], Used XGBoost, SVM, and RF on a
balanced clinical dataset in 2025 to achieve high accuracies (94.7% for XGBoost and 94.39% for
SVM), implying these models are successful when handling tabular or clinical data with engineered
features [45].

By contrast, DL models—particularly Convolutional Neural Networks (CNNs)—thrive at process-
ing high-dimensional and unstructured data such as histology slides and medical images. Wang
etal., for instance, achieved a 92.5% accuracy in histopathological classification with CNNs in 2024;
Cé et al. [39], Combined multimodal radiomics with deep learning in 2025 to improve survival
stratification and treatment response prediction. Still, deep learning methods frequently suffer from
the “black-box” phenomenon, need massive labeled datasets, and costly computing resources. Their
immediate interpretability and application in resource-limited clinical environments are constrained
by this [46, 47]. A comparative overview of the technical specifications, input features, model
types, and performance metrics of the Al algorithms used across the reviewed studies is presented
in TABLE 4.

Use-Case Suitability The reviewed studies illustrate that classical ML models are particularly
well-suited for use cases involving structured, numerical, or categorical data, such as gene expres-
sion profiles (e.g., Qu et al., 2024 [35]) and clinical variables. Their interpretability makes them
preferable for regulatory compliance and physician trust.

On the other hand, DL models are more effective in imaging-based use cases (e.g., histopathology,
CT, MRI), as shown by Cé etal. (2025) [39], and Wang et al. (2024) [32]. They outperform classical
models in feature abstraction and end-to-end learning from raw data. In genomics, hybrid models
like autoencoder + RF [40], provide a middle ground by leveraging unsupervised feature extraction
and interpretable classifiers.
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Table 4: Comparative Technical Summary of Al Algorithms in Reviewed Studies

Study Model Type Input Type  Dataset Size Strengths Limitations Aczlggcy/
Fikri et al. Classical Clinical Data Custom High accuracy, Limitedto 94.7%,
(2025) ML (XG- (SMOTE interpretabil-  structured 94.39%
Boost, Balanced) ity data
SVM, RF)
Wang DL (CNN) Histopathology Public OS  Good at Black-box, 92.5%
et al. Dataset unstructured data-
(2024) data intensive
Aziz et al. Hybrid (Au- RNA-Seq TARGET-  Feature Model com- AUC:
(2023) toencoder oS reduction + plexity 0.87
+ RF) classification
Papalia DL & ML  SPECT Images Meta-review Broad coverage Lack of AUC >
et al. (Meta- (59 implemen- 0.8
(2024) review) studies) tation
uniformity
Hua et al. NLP + SVM Radiology Custom Language-based Needs F1: 0.84
(2024) Reports Clinical prediction annotation

In real-world practice, hybrid and ensemble models that integrate DL for feature extraction and
classical ML for decision-making are gaining traction, offering both accuracy and interpretability.

3.4.2 Challenges in model generalizability

Dataset Bias and Overfitting The shared limitation in the majority of studies is the limited size
of the dataset and diversity of the sources. Numerous models (e.g., Ong et al., 2024 [48]; Khan
et al., 2024 [36]) are trained with single-institution or small cohort data, some having fewer than 40
diagnosed cases. This can result in possible overfitting and poor generalization to populations with
various demographics, imaging protocols, or clinical processes. For example, Khan et al. [36], have
reported almost perfect accuracy in the classification of subtypes, but generalizability is doubtful
because the sample size was too small.

Imbalanced datasets and a lack of external validation were also observed in a number of the studies,
which hindered reproducibility.

Strategies for Improvement Many solutions have been suggested for generalizability and over-
fitting problems, including federated learning, which enables models to be trained on data from
many sources without damage patient confidentiality. Cross-validation methods and transfer learn-
ing strategies also offer hope for increasing model robustness and improving generalizability among
a range of kinds of patients [49]. To overcome these limitations, several strategies have been
suggested or applied:
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* SMOTE-based balancing (e.g., Fikri et al., 2025 [44]) helped mitigate class imbalance.

* Multimodal data fusion (e.g., Ogbonna et al. [42], 2024; C¢ et al., 2025 [39]) increased model
robustness by incorporating different imaging and clinical modalities.

* Transfer learning and cross-domain adaptation, though underutilized in reviewed studies, re-
main promising for leveraging large public datasets and fine-tuning on local data.

» Federated learning represents a future direction to train models across institutions without
direct data sharing, addressing data privacy and diversity challenges.

» Benchmarking frameworks and multi-center validation studies are urgently needed to stan-
dardize evaluation metrics and improve reliability.

3.4.3 Comparative insights based on dataset scale and model performance

Among the reviewed studies:

* Fikri et al. [44], and Aziz et al. used structured and transcriptomic data and achieved strong
binary classification performance (AUC: 0.87-94.7%) on modest-sized datasets.

» Wang et al. and C¢ et al. demonstrated the utility of DL on imaging data with high accuracy,
but lacked details on external validation.

» Khan et al. achieved exceptionally high accuracy in sarcoma subtype classification using
methylation data, but results may be inflated due to the small dataset (36 cases).

* Papalia et al. performed a meta-review, offering general insights into model types but lacking
implementation depth.

Thus, models that balance accuracy, interpretability, and data efficiency (like XGBoost or hybrid
autoencoder + RF) are currently more adaptable to clinical deployment. In contrast, DL models
remain more powerful but data-hungry and less explainable—requiring further improvement for
regulatory approval and clinical trust.

The comparative analysis underscores the need for technical rigor, dataset diversity, and clinically
meaningful outcomes in osteosarcoma Al research. Future studies must go beyond reporting accu-
racy and instead focus on algorithm transparency, external validation, and real-world applicability.
Emerging approaches like explainable Al, multimodal learning, and federated architectures are
likely to shape the next generation of Al tools in oncology. The overview of the key Al contributions
in osteosarcoma diagnosis and risk stratification is depicted in FIGURE 3.

TABLE 5 provides a comprehensive summary of the reviewed studies focusing on Al-based ap-
proaches for the diagnosis and risk stratification of osteosarcoma, highlighting the methodologies,
datasets used, performance metrics, and key findings across the literature.
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Figure 3: Al contributions in osteosarcoma diagnosis and risk stratification

4. LIMITATIONS AND FUTURE DIRECTIONS

Notwithstanding the encouraging developments in artificial intelligence (Al) for early detection and
risk stratification of osteosarcoma, many constraints remain that impede the smooth incorporation
of these technologies into clinical use. Understanding these difficulties is crucial for putting present
results into context, but also for plotting a direction toward stronger, generalizable, and ethically

applicable artificial intelligence solutions in osteosarcoma treatment.

4.1 Li

mitations

The current limitations in the application of Al in osteosarcoma prediction are as follows:
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Table 5: Summary of Reviewed Studies on Al-Based Diagnosis and Risk Stratification in
Osteosarcoma
Author, Target Input Architecture Pre- Dataset Outcome OutputResult
Year Variable Processing
Muhammad OsteosarcomaClinical XGBoost, SMOTE Custom Risk of OS Binary Acc.: 94.7%
Ainul Fikri Detection  Data SVM, RF  Balancing (Balanced (XGB), 94.39%
et al., 2025 via SMOTE) (SVM)
[44]
Papalia Bone Bone DL & ML  Image 59 Studies  Metastasis Binary AUC > 0.8
et al., 2024 Metastasis SPECT Models Normalization (Meta- Hotspot (most models),
[31] Detection & Images Review) Detection RF & LR < 0.8
Prognosis
Ogbonna  Early Osteo- MRI, CT, Deep Multimodal  Studies Fracture Multi- Higher
et al., 2024 porosis HR-pQCT Learning Image Fusion (2014-2024) Risk class  Accuracy,
[42] Detection Prediction Sensitivity,
Specificity than
DXA
Quetal, Prognosisin Gene SVM, RF Biomarker GSE21257 High/Low Binary Validated,
2024 [35] OS Patients Expression Selection Risk Strati- Effective
Profiles (SERPINE2, fication Prognostic
CPT1B) Model
Ong et al., Spinal CT Spine ML, DL, Tumor Region Multiple Detection, Multi- Performance
2024 [48] Cancer Images Radiomics  Annotation Single- Classifica- class Variable;
Detection & Center tion, Generalization
Manage- Studies Prognosis Limited
ment
Khan et al., Sarcoma DNA ML Methylation 36 OS, EWS, Multi- Acc.: ~100%
2024 [36]  Subtype Methyla-  Classifier ~ Pattern Confirmed SS Classifi- class (SS), 98.84%
Classifica- tion Extraction Cases cation (08), 93.33%
tion Profiles (EWS)
Céetal., Diagnosis & MRI, CT, Imaging Multimodal ~ Multi-modal Treatment Multi- Improved
2025 [39]  Prognosis of PET Analytics + Imaging Clinical Response  class  Survival
(0N} Radiomics  Analysis Data Prediction Stratification
Wang et al., Histopathologitmtology CNN Image Public Os-  Cell Type Multi- Acc.: 92.5%
2024 [32] Classifica- Slides Labeling teosarcoma Classifica- class
tion Histology  tion
Dataset
Aziz et al., Genomic RNA-seq Deep Gene TARGET- High/Low Binary AUC: 0.87
2023 [40] Risk Stratifi- Data Learning Selection, Di- OS Risk
cation (Autoen- mensionality Patient
coder + RF) Reduction Prediction
Hua et al., OsteosarcomaRadiologicalNLP + SVM Entity Clinical Metastasis Binary F1: 0.84
2024 [S0] Metastasis  Reports, Recognition, Report Prediction
Prediction ~ MRI Tokenization Dataset

4.1.1 Limited and imbalanced datasets

Given the paucity of big, varied, and well-annotated data sets particular to osteosarcoma, this is
among the most significant restrictions in the current scenario. Existing databases usually have
little sample sizes and class imbalances—usually are more benign or healthy samples than malignant
ones—due to the uncommon nature of the condition. This restricts how well machine learning and

3915



https://www.oajaiml.com/ | June 2025 Vijay Govindarajan, et al.

deep learning models can generalize across populations, hence overfitting and decreased perfor-
mance upon being presented with unknown clinical data. Most datasets come from one institution
or geographical area; this reduces the models’ relevance across several patient groups [51].

4.1.2 Lack of standardization in methodologies

The approaches used vary markedly across studies. Variations in image preprocessing approaches,
feature extraction pipelines, model architectures, and performance evaluation criteria complicate the
reproduction of results and result comparison. The lack of standardized practices for data handling,
model validation, and reporting impedes the impartial benchmarking of artificial intelligence models
and, hence, delays regulatory approval and medical translation [52].

4.1.3 Interpretability and Trust Issues

Although DL algorithms—particularly CNNs have shown excellent diagnostic accuracy, their “black
box” nature presents problems in a medical setting. Many medical practitioners are reluctant to
depend on Al-driven judgments devoid of explicit, interpretable justification. Although tools like
GradCAM and SHAP have been introduced to improve transparency, they are not yet sufficient to
fully bridge the gap between Al outputs and clinical reasoning [53].

4.1.4 Integration into clinical workflows

Transforming research models of Al systems into adaptable clinical tools still presents a major chal-
lenge. Not only will integrating Al models into current healthcare infrastructure, such as radiology
information systems (RIS) and EHR, require technical adjustments, but also medical staff training,
realignment with institutional policies, and changes in clinical workflow. Furthermore, varied by
region and still changing are the regulatory structures governing the clinical implementation of
artificial intelligence tools [54].

4.1.5 Ethical, legal, and privacy concerns

Especially sensitive imaging and genetic data, the use of patient data raises important legal and
ethical concerns into play. Still difficult is making data anonymous, obtaining patient consent, and
adhering to privacy policies, including GDPR and HIPAA. Training data biases can also cause unfair
results, perhaps harming underrepresented groups in diagnosis and therapy planning [55].

4.2 Future Directions

Using conscientious, collaborative, multidisciplinary approaches, future studies should tackle the
restrictions listed above to fully exploit Al’s potential to improve osteosarcoma results.
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4.2.1 Creation of large, multicenter datasets

Hospitals, research facilities, and data repositories must urgently cooperate to produce vast, mul-
ticenter databases. In this respect, federated learning could be very significant in allowing model
training across distributed data sets without sacrificing patient confidentiality. Such a method would
guarantee data variety and enhance model generalization among groups [56].

4.2.2 Development of standardized evaluation frameworks

The Al research industry should give top priority to establishing uniform standards for data prepro-
cessing, model building, validation approaches, and performance metrics to help reproducibility and
relevant cross-study comparisons. For Al-based medical diagnostics, programs designed especially
for such assistance as CONSORT and TRIPOD might be invaluable in establishing standards and
guaranteeing methodological accuracy [57].

4.2.3 Advancements in Explainable Al (XAI)

Future Al systems should pay attention to improving model transparency and explainability. In-
tegrating explainable Al methods—attention mechanisms, decision trees inside deep models, and
causal inference frameworks—can help healthcare professionals obtain a straightforward under-
standing of the decision-making process. This would help in medical acceptance and build confi-
dence [58, 59].

4.2.4 Real-world clinical trials and validation

Most modern research supports Al models on synthetic or retrospective data sets. Next, possible
clinical studies are needed to assess the real-world safety and effectiveness of artificial intelligence
systems used for osteosarcoma diagnosis and prognosis. Apart from the accuracy of diagnosis, these
studies should evaluate patient results, doctor satisfaction, and workflow efficiency.

4.2.5 Integration of multimodal and longitudinal data

For a more thorough knowledge of osteosarcoma biology, artificial intelligence models should be
created to combine multimodal data, including imaging, histopathology, genomics, proteomics, and
clinical history [60]. The inclusion of longitudinal data might also let artificial intelligence systems
monitor the development of illnesses and forecast metastasis or relapse over time, therefore helping
long-term therapy planning.
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5. CONCLUSION

This systematic review highlights the changing possibilities of Al in the early detection and risk
staging of osteosarcoma. Through examination of many Al approaches, including machine learning,
deep learning, radiomics, and histopathological image analysis, this review shows how these tools
are aiding more precise, timely, and data-driven diagnosis. Integrating artificial intelligence into
clinical workflows has proven to be beneficial for improving diagnostic accuracy, mitigating human
errors, and enhancing prognostic modeling. The reviewed uses show notable progress toward
more individualized and effective osteosarcoma treatment despite existing limits in data availabil-
ity, model interpretability, and clinical validation. Moreover, this analysis stresses the need for
cross-disciplinary work, including pathologists, clinicians, bio informaticists, and data scientists, to
overcome problems delaying the complete clinical application of artificial intelligence in oncology.
Future work should center on creating ethical, transparent, clinically validated artificial intelligence
tools that can easily interface with current medical systems. Al is set to become a vital component
of osteosarcoma treatment as research develops, since it enables early prevention, directs therapy
choices, and eventually raises patient quality of life and survival. Continuing advancement of Al
applications offers the potential of changing cancer diagnosis and prognosis, therefore significantly
advancing precision oncology worldwide.
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