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ABSTRACT
Artificial intelligence (AI), a transformative technology rooted in decades of computational evolution, from early symbolic reasoning

to modern deep learning breakthroughs, is bringing great impact and opportunities to scientific research. Synchronously, AI is

rapidly transforming traditional approaches in bone research. The surge in orthopedic big data, advancements in high-performance

computing, as well as innovative AI algorithms, has led to an explosive growth in applications across bone fundamental research and

orthopedic clinical practice. These applications span pathological investigation, biomarker discovery, screening of critical interven-

tion targets, drug discovery, disease diagnosis, treatment assistance, postoperative rehabilitation, and prediction of disease recur-

rence, highlighting vast potential of AI to facilitate bone research. However, challenges persist regarding data quality, data sharing,

interpretability, and ethical considerations. In the future, advances in AI are expected to drive significant progress in drug target

identification and new drug discovery, moving orthopedic clinical practice from symptom management toward precision medicine.

Additionally, the integration of large languagemodels and parallel intelligence in orthopedics could bring revolutionary changes. We

hope this review can provide basis for AI applications in biological research and clinical translation, advancing intelligent and

personalized management of musculoskeletal system diseases.

1 | Introduction

Bones, central organs in the human body, play a vital role in sup-
porting various physiological functions, including hematopoiesis,
immune regulation, endocrine activities, and calcium–phosphate
storage [1, 2]. Diseases arising from bone dysfunction, such as
osteoporosis, fractures, osteoarthritis (OA), spine degeneration,
and bone tumors, not only pose significant health risks to indi-
viduals but also impose substantial economic burdens on society.
Globally, OA affects over 528 million adults, while the prevalence

of osteoporosis is as high as 19.7% [3, 4]. These challenges are
further exacerbated by the accelerating trend of global popula-
tion aging, intensifying the need for innovative solutions.

In recent decades, rapid developments in radiomics and multio-
mics techniques and combined with the emergent AI technologies,
including advancements in machine learning (ML), deep learning
(DL), and natural language processing (NLP), make it possible to
efficiently analyze and interpret vast amounts of intricate medical
data. By uncovering subtle patterns and constructing predictive
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models, AI enhances diagnostic precision and supports clinical
decision-making and personalized interventions in orthopedics
[5–7]. Moreover, the integration of AI with multiomics provides
valuable insights into the pathogenesis of bone disorders, facili-
tates the identification of key genetic targets and signaling path-
ways, and paves the way for the development of novel targeted
therapies [8].

In this review, we have systematically and comprehensively
reviewed publications on AI applications in bone research,
and summarized the current progress in this rapidly evolving
field. We discussed challenges related to clinical practice, patho-
logical evaluation, and mechanism studies, as well as ethical con-
siderations. Particularly, we explored the integration of AI with
orthopedic big data, emphasizing its potential to elucidate critical
disease mechanisms, identify therapeutic targets, and accelerate
drug discovery. Additionally, the incorporation of large language
models and parallel intelligence technologies in clinical orthope-
dics promises to propel the field toward intelligent and precision
medicine. This review aims to provide an up-to-date perspective
for orthopedic clinicians and researchers, inspiring innovative
approaches in AI-driven bone research and advancing the disci-
pline toward a future of enhanced accuracy, efficiency, and
intelligence.

2 | What is the Artificial Intelligence?

2.1 | The Brief History of AI

AI was originally defined as enabling computers and machines
to simulate human cognitive processes and intelligent behaviors,
such as learning, reasoning, planning, perception, and language
understanding. Its core principle lies in enabling machines to
learn from large datasets, recognize patterns and relationships
within the data, and apply this knowledge to make informed
decisions on new data [9]. Today, AI has evolved into a driving
force behind the latest technological and industrial revolutions,
achieving remarkable success across numerous disciplines.
Figure 1a illustrates the historical milestones in the development
of AI.

In 1950, the concept of AI was first proposed by Alan Turing,
regarded as the “father of artificial intelligence,” sparking
widespread interest among scholars [10]. The term “Artificial
Intelligence” was formally coined at the Dartmouth Summer
Workshop in 1956, signifying the official launch of this emerging
field. This period witnessed rapid progress in AI research, includ-
ing the establishment of the International Joint Conference on
Artificial Intelligence (IJCAI) in 1969, and the inaugural publi-
cation of the journal Artificial Intelligence in 1970, both of which
significantly fostered further academic exchange and research in
the field. In subsequent years, AI made significant strides in logic
reasoning, problem-solving, and expert systems, breakthrough
achievements like Logic Theorist [11], the Lisp programming
language [12], General Problem Solver (GPS) [13], and pioneer-
ing expert systems like DENDRAL and MYCIN [14, 15].
However, limitations in reasoning methods, data acquisition,
computational power, and hardware capability caused progress
to stall.

Entering the 21th century, rapid advancements in computer
hardware, algorithms, and the emergence of the internet and
big data fueled new progress in AI. These breakthroughs
triggered a new era of AI research. Landmark achievements
included IBM’s AI program—Watson, outperforming humans
in a trivia competition in 2011 [16], and Google’s AlphaGo
defeating world champion Lee Sedol in Go through self-learning
in 2016 [17]. In 2024, Google DeepMind’s AlphaFold3 model rev-
olutionized structural biology by accurately predicting nearly all
biomacromolecular structures, including proteins, DNA, and
RNA [18]. These milestones demonstrate that AI can now rival
or even surpass human capabilities in specific domains. Today,
the scope of AI has expanded to encompass a wide range of sub-
fields, including ML, DL, and NLP, as shown in Figure 1b. These
technologies have begun to integrate into areas such as bone
research, fostering the growth of orthopedics-AI and ushering
transformation from traditional orthopedic medicine.

2.2 | ML

ML, the backbone of AI, is designed to enable computers to learn
and improve performance without explicit programming. The ML
process typically involves three key stages: data preprocessing,
model training, and evaluation [19]. Common ML algorithms,
including Naive Bayes, logistic regression, support vector machines
(SVM), decision trees, and artificial neural networks (ANN), derive
decision rules from datasets with known features and labels to
solve classification and regression tasks [20, 21]. In orthopedics,
ML has demonstrated significant clinical value across various
applications. Now ML is widely employed in image recognition,
where algorithms assist in analyzing medical imaging like X-rays,
CT scans, and magnetic resonance imaging (MRI), to identify frac-
tures, tumors, and other abnormalities with remarkable accuracy
[22]. ML also shows a strong ability in diagnostic assistance by inte-
grating patients’ data and imaging results to support clinicians
in making accurate diagnoses [23]. Additionally, ML has been
increasingly applied in prognosis prediction, enabling personalized
treatment plans by predicting disease progression, surgical out-
comes, and potential complications [24]. The data processing
and learning workflow of the ML model is shown in Figure 1c.

2.3 | DL

DL, a specialized subset of ML, emerged from the development of
deep neural networks (DNNs) algorithms introduced by Hinton
[25]. Its defining feature lies in the construction of multilayered
neural networks that mimic neuronal functions in the human
brain, enabling the system to learn and process complex data
patterns through hierarchical information processing. Unlike tra-
ditional ML, DL models perform end-to-end learning, autono-
mously extracting and refining features from raw data during
training. This approach reduces the reliance on manual interven-
tion and allows DL to excel in handling unstructured data, such
as text, images, and audio [26]. Among various DL architectures,
convolutional neural networks (CNNs) are particularly promi-
nent, which use convolutional layers to extract localized features,
pooling layers to reduce spatial dimensions and prevent overfit-
ting, and fully connected layers to map inputs to outputs [27].
These capabilities make CNNs invaluable in orthopedic
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applications. They have been effectively applied in automatic
detection of conditions like fractures, OA, and bone tumors using
stained tissue sections or imaging data [28–30]. This automation
not only improves accuracy but also provides clinical insights
into the screening, diagnosis, and prognosis of skeletal diseases.
The basic framework of the DL model is shown in Figure 1d.

2.4 | NLP

NLP sits at the intersection of computer science, AI, and linguis-
tics, focusing on equipping computers with the ability to analyze
unstructured text or spoken data and extract knowledge from
complex multimodal sources [31]. Early NLP systems

FIGURE 1 | Overview of AI. (a) The history of AI. (b) The relationship between AI, ML, DL, NLP, and various application scenarios. (c) The typical

data process of ML. (d) The neural network framework of DL. (e) The process of NLP algorithm.
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predominantly relied on rule-based methods, such as keyword
and pattern matching, which limited their flexibility and appli-
cability [32]. Modern NLP frameworks are built upon advanced
DL models like CNNs, recurrent neural networks (RNNs), and
transformer models [33, 34], which enable models to learn uni-
versal language representations from large-scale, unannotated
text datasets. This foundation has enabled NLP systems to
expand beyond traditional text analysis, to incorporate applica-
tions in speech recognition and multimodal data understanding
[35, 36]. Today, NLP has emerged as a powerful tool in orthope-
dics and bone biology research, surpassing traditional models in
tasks like text mining, diagnostic reports analysis, and multi-
modal data integration. Its applications include standardized dis-
ease screening, automated report generation, and tailored health
management recommendations, driving advancements in clini-
cal decision-making and operational efficiency [37–39]. The
training and analysis framework of the NLP model are shown
in Figure 1e.

3 | The Application of AI in Bone Research

To provide a comprehensive overview of the applications of AI in
bone research, we conducted a bibliometric analysis encompass-
ing 2837 publications, with search and screening details provided
in the Supporting Information. Our retrieval analysis revealed
that majority of the existing studies focus on using AI to assist
clinical applications, while relatively few of them explore AI
application in fundamental biological research. These will be
detailed in the following sections.

3.1 | AI Application in Fundamental Bone
Biological Research

3.1.1 | Exploration of Pathological Mechanisms

The advent of orthopedic big data fueled by breakthroughs in
sequencing technologies, genomic data and large-scale biological
datasets, has positioned AI as a transformative tool to decode dis-
ease mechanisms. By bridging computational power with biolog-
ical complexity, AI empowers researchers to uncover latent
patterns and causal relationships in bone pathophysiology.

The convergence of AI and multiomics data has accelerated
understanding of disease mechanisms and discovery of novel bio-
markers. Recently, ML approaches have been used to identify
novel diagnostic and prognostic markers across bone disorders
frommultiomics data, including CDH2 and PFKFB3 for OA diag-
nosis [40], SQLE for osteosarcoma prognosis [41], CRTAC1 and
COL9A1 for OA risk stratification [42], and SOST and ADIPOQ
for osteoporosis susceptibility [43]. Beyond static analyses, AI-
driven dynamic modeling of single-cell RNA sequencing
(scRNA-seq) data deepens our understanding of cellular hetero-
geneity and cellular interactions within the pathological micro-
environment. For example, Zhou et al. combined t-SNE/UMAP
clustering with the trajectory inference algorithms Monocle 2
and Slingshot to analyze scRNA-seq data from tumor samples
of 11 osteosarcoma patients. Through comprehensive examina-
tion of the transcriptomic properties, regulators networks, and

dynamics of malignant osteosarcoma cells, together with stromal
and immune cells of the tumor microenvironment, they identi-
fied a transdifferentiation trajectory whereby malignant osteo-
blastic cells arise from malignant chondroblastic precursors.
Moreover, they observed lower infiltration of osteoclasts in chon-
droblastic, recurrent, and lung metastatic osteosarcoma lesions
compared to primary osteoblastic osteosarcoma lesions, suggest-
ing distinct microenvironmental remodeling across osteosar-
coma subtypes and progression stages [44]. Additionally, TIGON,
a dynamic unbalanced optimal transport algorithm, further
advanced this field by coupling Wasserstein–Fisher–Rao metrics
with neural networks, which has successfully enhanced the
robustness and accuracy in predicting cell state transition and
cell population growth, while revealing dynamic transcriptional
regulation by SNAI1 during epithelial–mesenchymal transition
and offering new perspectives on bone remodeling and patho-
logic cellular behavior [45]. Complementarily, Rauch et al.
employed the newly developed ML tool, IMAGE, to map bidirec-
tional regulatory networks of pro-osteogenic and antiadipogenic
transcription factors in mesenchymal stem cells (MSCs),
uncovering RUNX2/SMAD3-mediated osteogenesis–adipogene-
sis crosstalk, which informs therapeutic strategies for metabolic
bone disorders [46].

In addition, AI facilitates systematic extraction of mechanistic
insights from large-scale biomedical datasets. For example, Xu
et al. developed an attention-based U-Net model using MRI data
from approximately 47 000 UK Biobank participants. By integrat-
ing genome-wide association studies (GWAS) and transcriptome-
wide association studies (TWAS), they identified numerous
functional sex-specific genes, such as TIMP4 and PPARG, which
are involved in adipocyte differentiation and bone remodeling.
These findings offer novel insights into the pathogenesis of
osteoporosis [47]. Similarly, Kun et al. applied DL models to
characterize individuals with skeletal diseases in total 31 221
individuals with X-ray analysis from the UK Biobank and they
identified 145 genome-wide loci associated with skeletal diseases
and OA-specific hip/knee morphological signatures [48]. Notably,
Garg et al. further demonstrated the power of AI in multimodal
data integration through their MILTON framework, which inte-
grated diverse datasets from the UK Biobank, including longitu-
dinal health records, whole-genome sequencing data from
484 230 individuals, and plasma proteomics profiles from 46 327
participants. In their efforts to predict the risk of multiple mye-
loma, investigators identified that TNF receptor superfamily pro-
teins (e.g., TNFRSF13B/17) are key contributors, highlighting
their potential as predictive biomarkers and therapeutic targets
[49]. Collectively, these studies exemplify AI’s capacity to trans-
form multimodal data into mechanistic discoveries and therapeu-
tic targets.

More importantly, emerging AI approaches are unraveling the
neurobiological complexity of OA-related chronic pain. Cheng
and his colleagues used a network-based multivariable ML
approach to reveal that dynamic functional connectivity (dFC)
across brain networks is closely associated with characteristics
of chronic neuropathic pain [50]. Liu et al. constructed a pheno-
typic screening platform by integrating a high throughput all-
optical electrophysiology and a computational framework to
explore the chronic pain associated with OA and to screen the
potential therapeutics. The optical electrophysiology system
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captured membrane voltage dynamics in dorsal root ganglion
(DRG) sensory neurons, which were sensitized by a defined mix-
ture of disease-relevant inflammatory mediators (termed as
SPARC). In parallel, the computational framework was devel-
oped to model a multiparametric OA-SPARC neuronal pheno-
type and to quantitatively assess the reversal of this phenotype
in response to candidate pharmacology. This platform achieved
a remarkable throughput of up to 500 000 neurons per day at
single-cell and single-action potential resolution. Approximately
3000 approved drugs and compounds were screened for their
efficacy in alleviating OA-associated pain. Notably, the study
suggested the involvement of “Raf-MEK-ERK” signaling axis in
mediating inflammatory pain in DRG neurons [51]. This work
exemplifies the powerful processing capacities of AI-driven plat-
form in the acquisition and analysis of high-dimensional data.
Intriguingly, the brain age predicted difference (brain-PAD),
defined as the predicted brain age minus chronological age, has
been hypothesized to be associated with chronic pain. Recently,
Valdes-Hernandez et al. employed DeepBrainNet, a novel convo-
lutional neural network for predicting brain-PADs, to examine this
relationship, and results revealed that individuals with OA pain
exhibited a brain-PAD that was 3–4.7 years higher than those with
chronic low back pain (CBP) and healthy controls [52].

Finally, cutting-edge AI methodologies hold untapped potential
for structural prediction of bone-related disease targets. For exam-
ple, intrinsically disordered proteins (IDPs), which lack stable ter-
tiary structures, have long posed a formidable challenge for
structural prediction due to their inherent heterogeneity and con-
formational dynamics. Addressing this issue, Brotzakis et al.
recently introduced AlphaFold-Metainference, a hybrid approach
that synergistically integrates the sequence-based predictive power
of AlphaFold with the physics-based sampling of molecular
dynamics simulation, enabling accurate prediction of the dynamic
structures of IDPs [53]. This methodological breakthrough pro-
vides a valuable tool for elucidating the functional plasticity of
bone-related IDPs, such as Noggin and Chordin (key regulators
of BMP signaling pathway), RANKL (a crucial osteoclast differen-
tiation factor), and c-Myc (overexpressed in osteosarcoma) [54–
56]. Parallel to these advances, DL techniques have catalyzed
breakthroughs in functional annotation of phosphorylation, which
is of critical importance in regulating bone metabolism and bone
homeostasis. Two pioneering methods—MMFuncPhos and
EFuncType—now enable multimodal prediction of functional
phosphorylation sites and precise determination of their regula-
tory effects (activation/inhibition) on enzymatic activity [57].
Given the centrality of phosphorylation in maintaining the deli-
cate balance between bone formation and resorption, these tools
are poised to accelerate the discovery of dysregulated phosphory-
lation sites in various bone diseases [58, 59]. Equally important is
the PIONEER framework in protein–protein interaction (PPI) pre-
diction, which leverages multimodal DL to achieve genome-scale
mapping of protein-binding partner-specific interfaces with reli-
able precision [60]. Notably, the regulation of bone homeostasis
is largely dependent on protein interactions. For example, mis-
sense mutation of the LRP5 gene results in the mutation of trans-
lated protein (LRP5 p.A214V) which could not properly bind to its
partner protein frizzled receptor, leading to the disruption of Wnt
signaling and alteration of bone density. Similarly, the perturba-
tions in the RANK–RANKL–OPG ternary complex will affect oste-
oclast formation and bone resorption and influence the

development of osteoporosis [61, 62]. By enabling systematic
construction of bone-specific PPI perturbation maps, PIONEER
could bridge genotype–phenotype correlations with interface
drug design, providing multiscale network insights into skeletal
pathology and fostering the development of interface-targeted
therapeutics.

3.1.2 | Development of Treatment Targets and Drug
Design

The development of therapeutic strategies remains the frontier in
fundamental bone biology research. While traditional experi-
mental approaches are often labor-intensive and costly, AI is
emerging as a transformative solution for deciphering drugtarget
interactions, optimizing molecular design, and predicting toxicity
profiles.

Recent innovations highlight AI’s capacity to expedite therapeu-
tic discovery. For example, Cathepsin K serves as an important
therapeutic target for osteoporosis, Parwez et al. integrated ML,
QSAR modeling, and molecular dynamics simulations to identify
five novel Cathepsin K inhibitors with validated binding modes
[63]. Similarly, Cai et al. developed an NLP-based unsupervised
DL framework to discover the osteogenic pentapeptide AIB5P,
which enhances bone regeneration via integrin α5/FAK signal-
ing and outperforms parathyroid hormone (PTH) in animal mod-
els [64]. Beyond novel compound discovery, AI is also a powerful
aid for drug repurposing. Wang et al. employed a DL-based effi-
cacy prediction system (DLEPS) to screen antiosteoporosis drugs
from TargetMol database, identifying dihydroartemisinin that
modulates the GCN5-H3K9ac epigenetic axis to enhance osteo-
genic differentiation of bone marrow mesenchymal stem cells
(BMSCs) [65]. This is further exemplified by SHAFTS (a 3Dmolec-
ular similarity algorithm), which uncovered the micromolar-
level inhibition of tamsulosin on TMEM16A, a calcium-activated
chloride channel pivotal in osteoporosis pathophysiology [66].
Notably, AI-driven combinatorial drug screening has also gained
attraction. The BATCHIE model enables accurate prediction of
unknown drug synergies, successfully identifying PARP and topo-
isomerase I inhibitor combinations with therapeutic potential for
osteosarcoma [67, 68].

In addition to these advances, deep generative models are
unlocking new paradigms for structure-based drug design. The
GENTRL model, a de novo small-molecule design tool, has
been successfully applied to generate small molecules with favor-
able pharmacokinetic properties and biological activity [69].
Similarly, DeepICL, a 3D molecular generation framework based
on protein-ligand interactions, has been employed to design lig-
ands that fit novel target binding pockets [70], while DeepBlock,
a DL method targeting protein sequences, outperforms con-
ventional methods in generating low-toxicity, high-affinity
ligands with synthetic feasibility and drug-like properties [71].
Interestingly, a groundbreaking tool, VideoMol, introduces
dynamic molecular representation by encoding 3D conforma-
tions into 60-frame videos, overcoming the limitations of
traditional molecular descriptors (e.g., SMILES or graphs) and
enabling superior performance in tasks such as predicting
ligand-GPCR binding activity and identifying drug targets for
common diseases [72]. Complementary tools like Cyto-Safe,
an ML-based cytotoxicity screening platform, and KGE_NFM,
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a knowledge graph-enhanced framework for prediction of drug-
target interactions and understanding the relationships between
drugs, targets, and diseases, further expand AI utility in early-
stage drug discovery [73, 74]. Although these tools have not
yet been widely applied in bone diseases, their potential to accel-
erate the development of therapeutic drugs is worthy of in-depth
exploration by bone researchers.

In brief, despite remarkable progress, AI applications in bone biol-
ogy remain nascent, with most studies relying on small-scale
sequencing or public datasets. Future integration of large-scale
genetic data, such as GWAS or TWAS, could unlock deeper
insights into bone disease mechanisms and therapeutic targets.
Additionally, the advent of AI virtual cell (AIVC), a multiscale
and multimodal neural network model, can dynamically depict
and simulate the behaviors of molecules, cells, and tissues under
various states. It is expected to revolutionize the modeling of bone
microenvironment, and enable high-fidelity simulations of osteo-
blasts, osteoclasts, and MSCs in the contexts of diseases [75]. Such
advancements will propel a new era of precision medicine, bridg-
ing computational innovation with experimental validation for
high-fidelity digital experimentation in skeletal research.

3.2 | AI Application in Orthopedics Clinical
Practice

3.2.1 | Detection and Diagnosis

Compared to human experts, AI has exhibited better performance
in various orthopedic clinical tasks, ranging from bone age assess-
ment to bone density prediction, as well as disease diagnosis and
classification. By utilizing DL and ML algorithms to analyze large
medical image datasets, AI can identify patterns and features
indicative of orthopedic diseases, significantly enhancing the effi-
ciency and accuracy of orthopedic disease detection and diagnosis.

Bone age assessment is an important tool for evaluating
children’s growth and development, predicting adult height,
and diagnosing skeletal dysplasia. The traditional Greulich
and Pyle (GP) method has limited efficiency due to its reliance
on standard reference charts [76]. However, with advancements
in DL technologies, automated bone age assessment tools are
simplifying the process and improving evaluation accuracy.
For example, an improved GP method integrating DL algorithm
has exhibited lower absolute error and higher accuracy in assess-
ments [77]. Additionally, AI-driven tools such as Deeplasia,
MABAL, RAGCN, and the Fully Automated Deep Learning
System have further advanced the efficiency and standardization
degree of bone age assessment [78–81].

One of the most promising applications of AI in orthopedic
clinical diagnosis is the use of DL algorithms to analyze medical
images like CT, MRI, and histological images. DL-based
computer-aided diagnostic systems can automatically detect ver-
tebral, rib, and pelvic fractures from X-ray or CT images [82–84].
Since a decrease in bone mineral density (BMD) is an early indi-
cator of osteoporosis, early AI-assisted methods primarily relied
on traditional ML models, such as SVM and ANNs, to screen for
osteoporosis using survey and routine check-up data [85, 86].
Recently, DL technologies have enabled AI to more accurately

predict bone density from imaging data. For example, the
DeepDXAmodel successfully predicted BMD values of the femur
with a correlation coefficient (R) of 0.85 and an accuracy of 0.88
in predicting osteoporosis from pelvic X-rays [87]. Yasaka et al.
applied CNN to analyze CT images, revealing significant corre-
lations with BMD values obtained from dual-energy X-ray
absorptiometry (DXA). Using this tool, osteoporosis can be pre-
dicted with high accuracy [88]. Osteo-Net, a low-cost and high-
precision AI tool based on X-Ray images, shows significant
potential in regions with limited medical resources [89].
Beyond imaging, AI has also been used to predict BMD from
genomic data. Wu et al. analyzed the genomic and phenotypic
data of osteoporotic fractures in men study, and compared with
the BMD prediction models established by random forest, gradi-
ent boosting, neural network, and linear regression. They found
that the gradient boosting model performs the best [90]. More
importantly, AI-assisted BMD assessment can help optimize
treatment plans and improve patient outcomes [91].

OA diagnosis presents another clinical challenge. The Kellgren–
Lawrence (KL) grading system, which is based on imaging
remains the gold standard for evaluating the severity of knee
OA. A meta-analysis showed that the DL-based multiclassifica-
tion method for X-ray imaging achieves sensitivity greater than
80% for K-L0, K-L3, and K-L4 [92]. However, the application of
DL in OA diagnosis has not been limited to image analysis
[93, 94], but also has extended to signal data such as Raman spec-
troscopy and surface electromyography (sEMG), and satisfactory
results have been achieved [95, 96]. Moreover, AI-assisted algo-
rithms have been instrumental in the diagnosis of ankylosing
spondylitis (AS). For instance, the LHR-Net algorithm proposed
by Guo et al. achieved an accuracy of 81.58% in lesion segmen-
tation and grading from MRI images, making it a promising
model for automated AS diagnosis [97].

AI is also widely applied in the classification and grading of ortho-
pedic diseases, which play a critical role in informing subsequent
treatment decisions. Schilcher et al. developed a multimodal DL
model that combines electronic health records (EHRs) and imag-
ing data, accurately distinguishing atypical femoral fractures from
normal femoral fractures [98]. Tibbo et al. employed NLP algo-
rithms to extract key information from unstructured text in
EHRs, accurately distinguishing periprosthetic femoral fractures
(PFF) while providing the correct Vancouver classification [99].
In bone tumors classification, AI demonstrated performance com-
parable to that of experienced radiologists and improved the accu-
racy and confidence [100]. Specifically, in osteosarcoma detection,
DL algorithms based on transfer learning have achieved diagnostic
accuracy rates of up to 96% [101].

The application of AI in orthopedic clinical diagnosis continues
to evolve, offering enhanced precision, efficiency, and accessibil-
ity. With ongoing advancements in DL and ML technologies, AI
is poised to further revolutionize orthopedic diagnostics, improv-
ing patient outcomes and clinical decision-making.

3.2.2 | Treatment and Rehabilitation

Beyond disease prediction, clinical diagnosis, and classification,
AI is advancing in treatment decision-making, intraoperative
assistance, prognostic prediction, and rehabilitative care in
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orthopedics. For example, scaphoid fracture detection remains
challenging in radiological imaging. Su et al. developed a
CNN model to automatically identify scaphoid fractures from
X-ray images, assisting in decision-making regarding surgical
or non-surgical treatment [102]. Spinal surgery is inherently
complex due to the dense concentration of nerves and blood ves-
sels near the spine. Advanced surgical robotic systems, such as
Mazor X, Excelsius GPS, and TiRobot, have become invaluable
tools for orthopedic surgeons in performing these procedures.
Mazor X, an intelligent navigation robot for spine surgery, assists
in significantly reducing intraoperative blood loss, shortening
hospital stays, and lowering dependence on surgical tools
[103, 104]. Surgeries guided by Excelsius GPS enable accurate
pedicle screw placement without complications [105]. The
TiRobot, developed by Beijing Jishuitan Hospital in collaboration
with multiple institutions, represents the third generation of
orthopedic surgical robotics and achieves an impressive 98.9%
accuracy in pedicle screw insertion. It surpasses traditional fluo-
roscopic techniques in precision, reduces blood loss, shortens
postsurgery hospital stays [106–108]. Enabled by 5G technology,
TiRobot has facilitated remote control of orthopedic surgeries
across multiple locations with positive clinical outcomes [109].
Although orthopedic surgical robotics have achieved substantial
progress, current systems primarily serve as precision-guided
robotic arms rather than autonomous AI-driven systems. As
AI technology continues to evolve, it is anticipated that future
surgical robots will possess greater intelligence and robustness.

In orthopedic rehabilitation and postoperative care, AI-enabled
wearable devices and sensors have improved patient outcomes by
continuously monitoring movement patterns and rehabilitation
progress. For instance, exercise therapy is widely recommended
for OA treatment as it alleviates pain and enhances joint func-
tion. However, long-term adherence to rehabilitation regimens
remains a challenge for patients, limiting therapeutic efficacy
[110, 111]. The knee monitoring wearable developed by Papi
et al. has gained high patient acceptance, serving not only as
a tracker to encourage sustained exercise but also as a facilitator
for informed interactions between patients and clinicians
[112, 113]. Furthermore, hand function rehabilitation is a crucial
aspect of orthopedic recovery. The HERO Grip Glove, a robotic
orthotic hand-stretching device developed by Yurkewich et al.,
assists stroke patients with severe hand impairments in perform-
ing daily activities independently, significantly enhancing their
quality of life [114].

3.2.3 | Recurrence and Prediction

Early prediction of disease recurrence is crucial for patient treat-
ment and prognosis. AI aids in health management and moni-
toring for high-risk groups by analyzing imaging, behavioral
patterns, and EHRs to identify potential health issues and pre-
vent risk events. Osteosarcoma is the most common primary
malignant bone tumor, accounting for over 44% of all cases,
and is known for its high recurrence and metastasis rates
[115]. Currently, researchers have developed several AI-aided
methods for predicting recurrence in osteosarcoma patients.
Chen et al. developed a radiomics nomogram combining a radio-
logical feature using LASSO algorithm and MRI variables. This
method demonstrated strong predictive ability for early recur-
rence for osteosarcoma, with a C-index of 0.907 (95% CI:

0.838–0.977) in the training cohort and 0.811 (95% CI: 0.653–
0.970) in the external validation cohort [116]. Similarly, Liu
et al. constructed a radiomics nomogram based on CT incorpo-
rating radiomic features and clinical risk factors, which also
showed a good discriminatory for early recurrence in osteosar-
coma patients both in training and validation cohorts (C-index
of 0.779, C-index 0.710, respectively) [117]. The development
of these tools could contribute to precision treatment of bone
tumors.

AI has also advanced in the prediction of fracture risk and osteo-
porosis recurrence. Traditional tools like FRAX and QFracture,
while widely used, are limited by their reliance on predefined risk
factors and long-term predictionmodels [118, 119]. In contrast, DL-
based models offer improved accuracy and broader applicability.
For example, the CNN-based DeepSurv model enhances fracture
risk prediction from spinal X-ray images [120], while the Crystal
Bone model utilizes EHR data to predict fractures within 1–2 years
[121], enabling early intervention. Additionally, AI exhibits great
performance in predicting the risk of osteoporosis via identifying
risk factors, such as gender, age, BMI, and smoking history,
enhancing interpretability [122, 123]. AI also aids in predicting
the risk of fracture recurrence. DL and ML models have been
successfully used to predict the risk of recurrent fractures in elderly
patients with hip fractures within 2–5 years [124, 125], guiding
early interventions. Furthermore, DeepBackRib, a DL-based
model, predicts readmission risk after rib fractures in nonelderly
individuals with 91% recall. This model quantified key factors, such
as chronic obstructive pulmonary disease and length of hospital
stay, which were positively associated with 3-month readmissions
[126]. This enhances interpretability and applicability across differ-
ent populations.

Predicting progression of OA through radiographic methods
remains a challenge, as evidenced by the limited performance
of top models in the 2020 Knee Osteoarthritis Prediction
Challenge [127]. However, recent AI advancements show prom-
ise. Kundu et al. developed a method that combined optimal
mass transport theory with statistical pattern recognition to pre-
dict OA progressors. They tracked OA progression in subjects
over a 3-year follow-up and trained a classifier to differentiate
progressors from nonprogressors based on baseline cartilage tex-
ture maps, achieving a robust test accuracy of 78% in detecting
future symptomatic OA progression 3 years prior to symptom
onset [128]. Complementarily, Han et al. integrated regularized
generative adversarial networks with a latent nearest neighbor
algorithm to generate knee radiographs at future time points,
achieving superior predictive performance and enhancing
radiologists’ diagnostic specificity and sensitivity compared to con-
ventional approaches [129]. Furthermore, the AutoML frame-
work, combining with clinical, biochemical, radiographic, and
MRI data, can predict rapid knee OA progression within 2 years,
while identifying key predictive variables, facilitating clinical
translation beyond traditional “black-box” methods [130]. These
innovations not only advance early OA detection but also offer
insights for studying complex bone-related pathologies.

We provide a detailed summary of the application of AI in bone
from fundamental bone research to orthopedic clinical applica-
tions, as shown in Figure 2. To sum up, AI has been increasingly
applied across various fields of bone research, offering valuable
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insights into bone health and disease progression. From funda-
mental bone research to orthopedic clinical applications, AI
offers several advantages, including automated processing and
interpretation of large, complex datasets, the development of
accurate predictive models, and the identification of potential
biomarkers. These contributions collectively enhance precision
medicine. Table 1 lists the developed algorithms and tools cur-
rently applied in clinical practice.

4 | Challenges of AI in Bone Research and
Clinical Applications

As discussed above, AI has had a profound impact on bone
research, revolutionizing diagnostic and therapeutic strategies
in orthopedics. However, these technological advancements also
come with challenges and ethical considerations. Addressing
these issues is indispensable to ensuring that AI-driven

technologies are implemented effectively, equitably, and respon-
sibly in clinical practice.

4.1 | In Clinical Applications

By leveraging big data, AI can offer insights beyond current capa-
bilities and holds the potential to transform clinical orthopedics
pattern. However, low data quality, inconsistent data formats,
difficulty in data sharing, and limited model interpretability
are significant challenges. Addressing these issues is essential
for maximizing the benefits of AI for both clinicians and patients.

The performance of AI models is intrinsically linked to the qual-
ity of data on which they are trained. Thus, ensuring the accu-
racy, consistency, and integration of data from diverse sources is
the primary challenge (Figure 3a). Orthopedic medical data,
such as imaging, surgical records, EHRs, and genomic data,

FIGURE 2 | The potential applications of AI in orthopedics, including fundamental biological research and clinical applications.
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are often unstructured and recorded in various formats. Imaging
data, including X-rays, MRIs, and CT scans, are constrained by
equipment resolution [134, 135], while EHRs data may contain
noise, missing values, or inconsistencies in annotation criteria
across clinicians [136]. These discrepancies complicate data inte-
gration and model training. To mitigate these issues, standard-
ized data collection and processing protocols must be
established [137]. For example, adopting international standards
like Digital Imaging and Communications in Medicine (DICOM)
and Health Level Seven (HL7) can harmonize data formats
[138, 139]. Additionally, advanced data preprocessing and fusion
algorithms can be developed to remove noise and redundant
information, improving data quality [140]. Finally, establishing
interinstitutional collaboration mechanisms and expert consen-
sus will further enhance data consistency and accuracy in diag-
nostic annotation and clinical workflows.

Beyond data quality, data sharing poses another challenge
(Figure 3b). Patient medical records often contain highly sen-
sitive patient information, protected under strict privacy laws
such as the EU’s General Data Protection Regulation (GDPR)
and the U.S. Health Insurance Portability and Accountability
Act (HIPAA) [141, 142]. In addition, technical barriers arise
from the use of disparate EHR systems across healthcare insti-
tutions, leading to issues with compatibility and interoperabil-
ity. Institutional competition further exacerbates the problem
by creating information silos that hinder data sharing [143].

To address these challenges, researchers are developing opti-
mized data-sharing mechanisms. Federated learning, a
privacy-preserving technique, allows decentralized data storage
while enabling cross-institutional model training, which safe-
guards patient privacy and promotes collaborative AI develop-
ment [144]. Additionally, interoperability standards like Fast
Healthcare Interoperability Resources (FHIR) and openEHR
protocols facilitate seamless data exchange across platforms,
gradually dismantling information silos and fostering a more
connected healthcare ecosystem [145, 146].

From a clinical perspective, model interpretability remains a
key limitation to AI adoption. As algorithms become more com-
plex, many models exhibit “black-box” characteristics, making
their decision-making processes opaque and difficult to under-
stand (Figure 3c). Insufficient interpretability may lead to
reluctance among clinicians to trust AI-driven recommenda-
tions, and may also generate skepticism among patients regard-
ing diagnostic or predictive outcomes, potentially undermining
the clinician–patient relationship. Therefore, developing mod-
els that are both accurate and interpretable will enhance the
applicability of AI in clinical settings. Techniques like
SHapley Additive Explanations (SHAP) or Local Interpretable
Model-Agnostic Explanations (LIME) can help elucidate critical
variables and key features that drive AI predictions, thereby
increasing transparency and credibility in clinical decision-
making [147].

TABLE 1 | AI methods and tools for orthopedic clinical applications.

Developer Tools
Training

data Algorithm Application

Rassmann et al. [78] Deeplasia X-ray image CNN Assessment of bone age and skeletal
dysplasia

Mutasa et al. [79] MABAL Radiographs CNN Bone age assessment

Li et al [80] RAGCN X-ray image CNN Bone age assessment

Tomita et al. [82] Vertebral fractures detection
system

CT image CNN Automatic detection of vertebral fractures

Ho et al. [86] DeepDXA X-ray image CNN Bone mineral density assessment

Kumar [89] Osteo-Net X-ray image DNN Diagnosis of osteoporosis

Ibraheem [96] PESDL sEMG signal RNN Diagnosis of Patellofemoral OA

Guo et al. [97] LHR-Net MRI image CNN Grading of AS

Nguyen et al. [131] Semixup Radiographs DL Grading of Knee OA

Khan et al. [104] Mazor X / / Spinal surgery intelligent navigation robot

Kanaly et al. [105] Excelsius GPS / / Spinal surgery intelligent navigation robot

Tian et al. [106] TiRobot / / Spinal surgery intelligent navigation robot

Yurkewich et al.
[114]

HERO / / Hand function rehabilitation for stroke
patients

Kong et al. [120] DeepSurv X-ray image CNN Predicting fracture risk

Almog et al. [121] Crystal Bone EHR NLP, ML Predicting fracture risk

Choi et al. [126] DeepBackRib EHR DNN Predicting fracture progression

Hu et al. [132] DeepKOA MRI image CNN Predicting Knee OA progression

Yin et al. [133] BikNet X-ray image CNN Predicting Knee OA progression

“/”: The methods or techniques were not described in the literature.
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4.2 | In Pathological and Mechanistic Studies

Traditionally, the study of mechanisms of orthopedic diseases
has heavily relied on molecular biology techniques such as
Western blotting, molecular labeling, and PCR. Although these
methods allow for detailed analysis of the expression and func-
tion of specific molecules within cells or tissues, they are often
costly, time-consuming, and inherently limited in uncovering
the multifactorial and multilayered complexities of orthopedic
diseases. Consequently, these traditional approaches focus on
localized molecular features rather than providing a holistic
understanding of disease mechanisms.

With rapid advancements in proteomics, scRNA-seq, and spatial
transcriptomics, researchers have enabled to obtain vast amounts
of high-dimensional data encompassing genetic, proteomic, and
spatial information. These datasets span various cell types, molec-
ular processes, and spatiotemporal dynamics, greatly expanding
the horizons of orthopedic disease research. However, effectively

leveraging AI to process and analyze these high-dimensional data-
sets and extract meaningful biological insights remains a primary
challenge.

To meet this challenge, developing more efficient data preprocess-
ing algorithms is essential for data cleaning, dimensionality reduc-
tion, denoising, and the standardization of biological data formats
[148]. The correlated clustering and projection (CCP) algorithm is
a prime example, which enables dimensionality reduction and fea-
ture extraction in scRNA-seq [149]. Similarly, the spatial transcrip-
tomics graph neural network k-sums clustering (STGNNks)
algorithm, which integrates graph neural networks, autoencoders,
and k-sums clustering, improves spatial transcriptomics data anal-
ysis, facilitating more accurate cell type identification [150].

Beyond these algorithmic advancements, the integration of tran-
scriptomic, proteomic, and imaging data is crucial for establish-
ing a comprehensive multimodal data platform for orthopedic
diseases research, as described in Figure 4. Existing large-scale

FIGURE 3 | Navigation of the current challenges and potential solutions faced by AI in orthopedic clinical practice. (a) Potential strategies for

addressing data quality challenges. (b) Adopting federated learning and increased interoperability in healthcare systems to facilitate data sharing.

(c) Opening the “black box” to enhance model interpretability, focusing on methods that balance model accuracy with lucid explanations.
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orthopedic datasets like FracAtlas and the osteoarthritis initiative
(OAI) primarily focus on imaging data [151, 152]. In contrast, the
field of oncology provides a valuable template for data integra-
tion and processing. Multimodal datasets, such as The Cancer
Genome Atlas (TCGA), The Cancer Imaging Archive (TCIA),
and the Genomic Data Commons (GDC), exemplify a more holis-
tic approach by integrating genomics, clinical, pathological, and
imaging data. This comprehensive framework has significantly
advanced AI model training and the study of cancer molecular
mechanisms, offering a blueprint for future orthopedic research
[153–155]. Finally, establishing interdisciplinary collaboration
mechanisms is essential for the effective integration of AI and
bioinformatics in bone research. Research institutions, health-
care organizations, and data science experts should actively share
data, participate in the construction of multimodal orthopedic
datasets, and establish unified data standards. By promoting
interdisciplinary collaboration, AI can be better to support the
elucidation of orthopedic disease mechanisms, leading to intelli-
gent solutions for disease diagnosis and treatment.

4.3 | Ethical and Regulatory Considerations

The application of AI in orthopedics introduces new ethical and
regulatory challenges, particularly concerning patient privacy pro-
tection. The development and deployment of AI models rely on
substantial patient data, necessitating stringent data regulations
to ensure that data collection and usage adhere to ethical standards
[156]. Additionally, to minimize the risks of unauthorized access
and data breaches, the informed consent of the patients should
be required before collecting and using private data [157].
Therefore, a unified data governance framework is essential to
ensure data security and confidentiality during storage and trans-
mission, with strict ethical guidelines to prevent misuse by data
users. For example, the World Health Organization (WHO) out-
lines six considerations for AI in health regulation, including trans-
parency, risk management, data usage, privacy protection, and

promoting collaboration among patients, physicians, regulatory
bodies, and government entities [158].

4.4 | Concern of Overreliance on AI

AI has shown amazing charm across various fields. However,
admittedly, AI technology still has inherent limitations and
potential risks, necessitating a balanced reliance on AI. Not
all AI models outperform traditional methods, particularly when
faced with insufficient or low-quality data. Ahmed and Imran
found that while AI achieved a 99.13% accuracy rate in distin-
guishing between normal and severe Knee OA cases, its accuracy
dropped to 67% for other classifications, indicating its limitations
in nuanced clinical decision-making [159]. Additionally, despite
the methodological advancements, its clinical effectiveness is not
always guaranteed. A systematic review of 65 randomized con-
trolled trials revealed that approximately 40% of AI-based inter-
ventions showed no statistically significant improvement over
standard care [160]. Therefore, prior to integrating AI technolo-
gies into clinical practice, healthcare teams should critically eval-
uate their performance relative to traditional methods. This
careful evaluation is essential to optimize computational resour-
ces allocation and ensuring meaningful improvements in patient
outcomes.

5 | Future Perspective of AI in Bone Research

5.1 | Discovery of Drug Targets for Bone Disease
Driven by AI

The integration of AI and big data in orthopedics is expected to
yield significant breakthroughs in three key areas: target discov-
ery, drug development, and data-driven precision treatment.
These developments may shift orthopedic disease treatment from
mere symptom relief to precise medicine.

FIGURE 4 | Establishment of a comprehensive multimodal platform by integrating orthopedic clinical data, molecular biological information and

self-evolving algorithms across multiple dimensions can significantly enhance the understanding of orthopedic disease mechanisms.
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5.1.1 | Accelerated Target Discovery: AI-Driven
Molecular Network Analysis

Traditional target discovery relies on stepwise experimental
screening and validation, which can be time-consuming and
labor-intensive [161–164]. As the genomics and systems biology
improves by leaps and bounds, it provides us a more comprehen-
sive view to analyze complex gene-to-gene and protein-to-protein
interaction networks. However, these networks remain intricate
and challenging to decipher [165]. The advance of AI algorithms
facilitates the processing and analysis of high-dimensional,
multi-layered data, gradually unveiling the molecular regulatory
networks behind complex diseases, such as Alzheimer’s [166],
cancer [167], and cardiovascular diseases [168]. Similarly, bone,
as a central organ, exhibits a multifactorial and complex patho-
physiological relationship. Recent studies demonstrate the poten-
tial of AI in identifying crucial targets for bone diseases that are
challenging to detect through traditional experimental methods
[169, 170]. With the accumulation of orthopedic big data, AI-
driven molecular network analyses in bone diseases will increas-
ingly enable systematic, intelligent target discovery. However,
when applying AI to orthopedic data, it is crucial to prioritize
model interpretability and reliability. Due to the “black box”
nature of many AI algorithms, their real-world application
may be limited, underscoring the need to combine AI models
with experimental validation.

5.1.2 | Optimizing Drug Development: Paradigm Shift
from Experiment-Driven to Data-Driven

Drug development is a costly and time-intensive process, with a
success rate of less than 10% for drugs that reach phase I clini-
cal trials [171]. This complex process involves three main
stages: understanding disease mechanisms and identifying
key targets, developing therapeutics for these targets, and vali-
dating drug efficacy and safety. Against this backdrop, AI-
driven drug discovery has made notable strides, utilizing
physics- or chemistry-based algorithms to enhance drug design
efficiency, thus revolutionizing traditional drug development
models.

AI applications in drug development encompass virtual screening,
de novo molecular design, docking, and property prediction.
Despite this broad scope, the success of AI in drug discovery
has lagged behind other fields. Studies indicate that ML models
often generalize poorly to data outside their training sets, reducing
accuracy and practical utility [172]. This limitation may be partly
due to algorithmic shortcomings, but primarily reflects limitations
in training data. Currently, public datasets are limited to tens or
hundreds of thousands of samples, which is far below the trillions
of data points in imaging fields. Unfortunately, generating biolog-
ical and chemical data is costly and challenging to automate, so a
rapid increase in data volume is unlikely in the short term.
Consequently, maximizing the utility of existing data is essential.
Data augmentation techniques or federated learning approaches
could improve data quality and quantity. Additionally, developing
novel data sources is equally crucial. As data volumes increase,
data-driven research in orthopedic drug development is likely
to expand, potentially shifting the current experiment-driven
paradigm.

5.1.3 | Moving toward Precision Therapy: Treatment
Shifting from Symptom Relief to Precision Medicine

AI is progressively advancing orthopedic treatment from tradi-
tional symptom relief toward intelligent precision medicine.
Through large-scale real-world data modeling, AI can leverage
genetic, imaging, and clinical data from patients to create person-
alized treatment maps for orthopedic diseases. For example, in
heterogeneous conditions like OA and osteoporosis, AI can clas-
sify patients based on unique genetic expression profiles and clin-
ical features, identifying disease subtypes or stratifying risk
[173, 174]. By integrating this in-depth analysis, AI can further
optimize treatment protocols and improve patient outcomes
[175]. Furthermore, fostering communication between AI algo-
rithm developers and clinical orthopedic practitioners is crucial
to realizing precision medicine in orthopedics. Algorithm
researchers should prioritize developing tools that are user-
friendly for doctors and patients, while clinicians should explore
nontraditional challenges and provide new requirements to
guide researchers in designing more precise and applicable AI
models.

5.2 | Integrating Multiple Models for Orthopedic:
Bone-GPT

In recent years, the emergency of large language models (LLMs)
like ChatGPT-4, along with advancements in generative AI and
inference models like openAI o1 and DeepSeek, has driven a par-
adigm shift in AI research from “small-scale workshops” to
“large-scale factories” and ultimately to “intelligent manufactur-
ing.” The success of PathChat in pathology demonstrates the
broad potential for LLMs in medical field [176]. Against this
backdrop, we introduce the concept of Bone-GPT—a generative
large language model for orthopedics, with versatile applications
spanning clinical practice, community health, and medical train-
ing. Clinical applications include: (1) assisting in the analysis of
medical imaging and pathology data to enhance diagnostic accu-
racy; (2) utilizing patient-specific data, like EHR records to offer
tailored therapeutic strategies; (3) supporting orthopedic sur-
geons with preoperative guidance and virtual surgical simula-
tions to improve success rates and safety; (4) monitoring
patient recovery data to provide customized rehabilitation plans
and early warnings for potential complications; and (5) offering
emotional support to patients undergoing diagnosis and treat-
ment to alleviate psychological stress. Bone-GPT can extend
beyond clinical settings to serve the broader community by:
(1) providing general orthopedic health consultations and bone
health information for the public; (2) aiding preliminary diagno-
sis based on symptoms and offering guidance on whether
medical attention is necessary; and (3) offering daily health man-
agement advice for patients with chronic conditions (e.g., osteo-
porosis, osteoarthritis). In addition, Bone - GPT can be utilized in
orthopedic clinical training: enhancing clinial skills of medical
students and orthopedic trainees through simulated clinical
scenarios, interactive case studies and clinical decision-making
exercise.

Realizing Bone-GPT is a comprehensive project that faces multiple
challenges: (1) Data quality and availabilityorthopedic data collec-
tion and annotation are often complex and resource-intensive,
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embarrassing traditional supervised learning methods. Therefore,
advanced data analysis and annotation algorithms for limited data
are required. (2) Ethical and bias considerations—ensuring fair-
ness are free from potential biases related to race, gender, region,
or other factors. (3) Interdisciplinary collaboration—successful
application of close Bone-GPT required synergy among orthopedic
specialists, data scientists, physicists, biomedical engineers, and
ethicists to navigate the complexities of medical AI applications.
(4) Causal inference and explainability—current AI models excel
at generating highly accurate predictions but are limited in their
understanding of causality. To improve medical decision-making,
Bone-GPT should incorporate causal inference methods (e.g.,
structural causal models, SCMs) and reinforcement learning to
establish cause-and-effect relationships within complex pathologi-
cal networks.

5.3 | Parallel Virtual and Reality: Parallel
Intelligence Advancing Orthopedic Medicine
New Frontiers

The future of healthcare management envisions a comprehensive
approach that spans the entire life course. It begins with dynamic
monitoring of health to infer possible diseases and propose early
interventions. Parallel intelligence presents a transformative
opportunity to realize this vision. Parallel intelligence aims to
enhance the understanding and control of complex processes
by enabling parallel interactions between artificial systems and
real-world systems. This framework, grounded in the ACP meth-
odology (artificial systems, computational experiments, and par-
allel execution), establishes a continuous loop of data generation,
knowledge extraction, and action implementation [177]. Such an
iterative process ensures dynamic evolution and real-time adjust-
ments, leading to more precise and efficient operation of complex
healthcare systems. Here, we outline the blueprint of parallel
intelligence in orthopedic care, as shown in Figure 5.

In modern medical research, AI has revolutionized our ability to
predict biological processes. For example, the AlphaMissense
model can predict the pathogenicity of missense mutations in pro-
teins [178], the PrimateAI-3D model identifies individuals at high
risk for disease based on rare genetic variants [179], and the

LucaProt model has identified over 160 000 new RNA viruses,
revealing viral evolutionary paths [180]. These breakthroughs
showcase AI’s potential in genetic analysis, early diagnosis, biolog-
ical evolution, and precision medicine. Integrating these cutting-
edge technologies within a parallel intelligence framework, the
bidirectional interaction between the virtual and real-world sys-
tems can fundamentally reshape orthopedic healthcare models.
Here, we propose four potential applications for parallel intelli-
gence in orthopedic clinical practice: (1) Prediction of genetic path-
ogenicity: A parallel intelligence system combined with tools like
AlphaMissense and PrimateAI-3D can analyze missense mutation
data to predict disease risk, progression, and therapeutic response.
This capability enables the development of targeted pharmacolog-
ical or gene therapies. (2) Disease progression simulation: By uti-
lizing real-world data, parallel intelligence systems can create
virtual models to simulate the natural course of diseases, such
as osteoarthritis and osteoporosis. This simulation facilitates the
prediction of characteristic disease progression patterns, forming
the foundation for personalized and proactive disease manage-
ment strategies. (3) Treatment strategy validation: Virtual systems
can simulate the efficacy and side effects of different treatment
strategies (e.g., pharmacotherapy, physical therapy, and surgical
interventions), facilitating pre-evaluation of their effectiveness
and safety, and offering reliable scientific support for individual-
ized treatment plans. (4) Dynamic disease management: Parallel
intelligence systems enable real-time patient condition monitor-
ing, with virtual simulations continuously updating based on
incoming clinical data. This dynamic system predicts disease
trends, adjusts therapeutic strategies accordingly, and fosters an
iterative data-driven feedback cycle. Ultimately, orthopedic dis-
ease management becomes more precise, more adaptable, and
capable of optimizing long-term patient prognosis and health
outcomes.

6 | Conclusion

In conclusion, the integration of AI into bone research offers
unprecedented opportunities for advancing precision medicine.
However, challenges remain, including complex scenario with
clinical applications, interpretation of pathological mechanisms,
ethical considerations, and concerns about overreliance on AI.

FIGURE 5 | Blueprint of parallel intelligence in orthopedics. The parallel intelligence system facilitates dynamic simulation of orthopedic disease

evolution, providing actionable feedback that enhances the prevention and precision personalized interventions.
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Addressing these obstacles requires a multidisciplinary team com-
prising orthopedic specialists, molecular biologists, data scientists,
bioinformaticans, policymakers, and regulatory agency personnel.
Prospects for the future, the deep integration of AI with orthopedic
big data holds promise for significant breakthroughs in targets dis-
covery and drug development. Moreover, advancements in LLMs
and parallel intelligence technologies could further propel ortho-
pedic treatment from symptom relief toward health risk avoidance,
offering intelligent solutions for early prevention, diagnosis,
and personalized interventions. Albeit not perfect yet, as more
researchers, clinicians, and patients incorporate AI into their rou-
tine research and practice, more data will be generated, which, in
turn, will enhance AI performance and the quality of clinical
applications.
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