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GRAPHICAL ABSTRACT

PUBLIC SUMMARY
■   Artificial Intelligence (AI) accelerates the translation of bone biology into advanced therapeutics.

■   Computational innovation integrates complex data to overcome critical barriers in skeletal research.

■   Cross-disciplinary collaboration is vital to bridge research findings with therapeutic applications.
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Bone biology orchestrates complex interactions at  cellular,  molecular,  and
systemic levels,  maintaining  skeletal  homeostasis  and  systemic  physiol-
ogy.  While  significant  progress  has  been  made  in  understanding  bone
pathophysiology, traditional research methods face challenges in deconvo-
luting  the  intricate  bone  microenvironment  and  translating  findings  into
effective therapeutic strategies. Artificial intelligence (AI) directly addresses
these limitations with  its  exceptional  capacity  for  analyzing vast,  complex
datasets and identifying subtle patterns that are often missed by conven-
tional approaches. This review explores how AI is revolutionizing bone biol-
ogy research and accelerating its translation into therapeutic applications.
We categorize AI techniques, including machine learning (ML), deep learn-
ing (DL), and natural language processing (NLP), and systematically assess
their applications in bone biology. AI shows remarkable potential in decod-
ing  complex  cellular  signaling  networks,  identifying  novel  biomarkers,
enhancing  diagnostic  accuracy,  and  enabling  personalized  therapeutic
approaches for bone disorders. We critically evaluate current implementa-
tions and delineate challenges related to data quality, model interpretability,
and  ethical  considerations.  Finally,  we  propose  future  directions  focusing
on  data  standardization,  multi-omics  integration,  and  cross-disciplinary
collaboration  to  unlock  the  full  potential  of  AI  in  advancing  bone  health
management and developing novel therapies.

 INTRODUCTION
A comprehensive understanding of bone biology is essential for managing

not only skeletal  pathologies but  also the many systemic diseases linked to
skeletal dysfunction.1-3 To appreciate this translational relevance, it  is crucial
to  recognize  that  bone  biology  is  a  multifaceted  discipline  encompassing
anatomy,  physiology,  biomechanics,  developmental  biology,  and  molecular
genetics.4-6.  Far from being a static structural framework, bone is a dynamic
and  metabolically  active  organ(Figure  1).7,8 It  acts  as  a  mineral  reservoir  for
calcium and phosphorus, houses the bone marrow niches critical for produc-
ing all hematopoietic lineages and immune cells, and functions as the body’s
largest  endocrine  organ,  modulating  systemic  metabolism  by  secreting
hormones like  osteocalcin.6,8-10 This  deep integration with the body’s essen-
tial physiological processes is maintained by bone remodeling that a continu-
ous  process  of  renewal  precisely  controlled  by  boneforming  osteoblasts,
bone-resorbing  osteoclasts,  and  mechanosensing  osteocytes.11 When  the
delicate balance of this process is disturbed by aging, hormonal changes, or
other stressors, debilitating conditions such as osteoporosis and osteoarthri-
tis can emerge, severely impacting quality of life for millions and imposing a
substantial socioeconomic burden worldwide.12,13

Despite the clear therapeutic need, both fundamental research and practi-
cal application face significant hurdles. In the laboratory, conventional in vitro
models  fail  to  fully  recapitulate  the  complex  bone  microenvironment,  and
imaging cellular events within dense,  mineralized tissue remains a profound
challenge.14-16 In  current  practice,  traditional  diagnostic  tools  like  X-rays and
DXA  scans  often  detect  degenerative  diseases  only  after  significant  and
potentially  irreversible  damage  has  occurred.17,18 Furthermore,  the  sheer
volume  and  complexity  of  modern  multi-omics  and  imaging  datasets  have
begun  to  outpace  the  capabilities  of  traditional  statistical  analysis.19,20 This
creates  a  critical  gap  between  biological  discovery  and  effective  health
management,  highlighting  an  urgent  necessity  for  more  powerful  analytical
tools.  AI  presents  a  unique  opportunity  to  shift  the  management  paradigm
from  treatment  to  prevention.  By  analyzing  complex  datasets  to  identify

predictive  biomarkers  and  subtle  early-stage  patterns,  AI  models  have  the
potential  to  enable  proactive  interventions  long  before  significant  structural
damage occurs (Figure 1).

AI  has  emerged  as  a  transformative  technology  capable  of  bridging  this
gap.21,22 With  its  power  to  interrogate  vast,  high-dimensional  datasets  and
identify  subtle  patterns  invisible  to  the  human  eye,  AI  can  accelerate  the
translation  of  basic  biological  findings  into  therapeutic  applications.23,24 AI
models hold the potential to decode the intricate signaling pathways, genetic
regulations, and biomechanical interactions that govern bone health, thereby
enabling predictive biomarkers long before structural damage occurs. Simul-
taneously,  AI  is  propelling  the  development  of  innovative  diagnostic  tools,
allowing  for  more  precise  and  early  detection  of  bone  diseases  through
image analysis and biomarker identification.25,26 Additionally, AI aids in creat-
ing  tailored  therapeutic  approaches  by  integrating  comprehensive  patient
data  to  forecast  treatment  responses  and  refine  interventions.27,28 AI  also
demonstrates  remarkable  potential  in  decoding  cellular  signaling  pathways,
genetic regulation, biomechanical interactions, and systemic cross-talk within
bone  biology,  especially  when  applied  to  multi-omics  datasets.19,29 While
several reviews have discussed AI in broader fields like orthopedics or radiol-
ogy, this review provides a focused synthesis on the application of specific AI
methodologies  directly  to  bone  biology,  uniquely  bridging  the  gap  from
fundamental molecular and cellular research to its eventual advanced thera-
peutics.30-32 By  systematically  categorizing  the  techniques  and  highlighting
this  translational  pathway,  we  aim  to  offer  a  comprehensive  roadmap  for
both basic scientists and clinicians interested in this emerging field.

This review provides a comprehensive examination of AI's diverse applica-
tions in bone biology research, spanning from fundamental scientific investi-
gations to potential therapeutic applications. We classify the different types of
AI  models  commonly  used  in  biomedical  research  and  explore  novel  or
emerging  AI  techniques  applied  in  basic  bone  biology  research.  Through  a
critical analysis of current implementations, we aim to elucidate AI's transfor-
mative  role  in  bone  biology  and  offer  insights  into  how  and  why  AI  can  be
harnessed  to  advance  our  understanding  and  management  of  bone  health
and disorders. Furthermore, we discuss present limitations and suggest solu-
tions to enhance this innovative approach.

 The imperative for AI in bone biology
This  review  explores  will  explore  the  multifaceted  applications  of  AI  in

advancing  bone  biology  from  basic  research  to  therapeutic  practice,  as
conceptually  outlined in Figure 2.  We delineate how specific  AI  domains are
leveraged to  analyze  complex  biological  data.  For  instance,  Machine  Learn-
ing  (ML)  models  are  increasingly  used  to  analyze  patient  biomarkers  and
'omics' data, enabling robust patient stratification and the prediction of treat-
ment  outcomes.32,33 Concurrently, Deep Learning (DL)  frameworks are prov-
ing  indispensable  for  automating  the  interpretation  of  medical  imagery  like
radiographs  and  digital  histopathology,  as  well  as  accelerating  therapeutic
development through drug discovery and the computational design of novel
biomaterials.34 Furthermore, Natural Language Processing (NLP) is employed
to  systematically  mine  vast  archives  of  scientific  literature  and  electronic
health records, uncovering hidden patterns and generating new hypotheses.35

Beyond  these  established  domains,  emerging  techniques  such  as  Protein
Language Models  are  revolutionizing  our  ability  to  engineer  bespoke  thera-
peutics  and  understand  the  molecular  machinery  governing  bone
physiology.36 This  integrated  computational  framework,  which  relies  on  the
synthesis  of  large-scale,  diverse  datasets,  is  critical  for  building  predictive
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models  of  biological  processes.  Finally,  we  showcase  tangible  examples  of
translational  success,  identify  key obstacles to implementation,  and discuss
the future of AI in reshaping the therapeutic management of bone health.

 CLASSIFICATION OF AI TECHNIQUES IN BONE BIOLOGY
 Machine learning in bone biology

Machine Learning, a core subset of AI, encompasses algorithms that learn
from  data  to  make  predictions  or  decisions  without  being  explicitly
programmed  for  specific  tasks.37-39 Within bone  biology  research,  ML  tech-
niques are instrumental in distilling actionable insights from the complex and
high-dimensional datasets generated by modern research.

 Supervised  learning. Supervised  learning  algorithms,  trained  on  labeled
datasets with predefined input-output relationships,  enable models to accu-
rately classify new data or predict outcomes.40 In bone biology, this machine
learning  approach  has  proven  highly  beneficial,  notably  in  classifying
diseases,  predicting  risks,  and  assessing  therapeutic  responses  using  high-
dimensional biological data like genomics, proteomics, and transcriptomics.

One notable  application  is  identifying  diagnostic  and  prognostic  biomark-
ers  for  skeletal  diseases,  such  as  OA.41-43 Researchers  have  successfully
leveraged supervised  learning  techniques,  including  LASSO  logistic  regres-
sion  and  SVM-RFE,  to  scrutinize  microarray  datasets  and  therapeutic
samples.44,45 These methods have aided in discovering potential OA biomark-
ers like SEH1L and BIRC2, highlighting AI's ability to scour complex genomic
datasets for  molecules  relevant  to  diagnostics  and  therapeutic  advance-
ments.46 Furthermore, focusing on specific gene sets, such as mitochondria-
related genes, has pinpointed GRPEL1 as a novel diagnostic indicator for OA,
showcasing how targeted analyses can reveal  biomarkers  linked to  specific
cellular pathways involved in OA pathogenesis.47

Beyond biomarker discovery,  supervised learning frameworks significantly
contribute  to  stratifying  disease  risks.48,49 For  example,  a  comprehensive
machine  learning  model,  devised  Feature  retrospective  therapeutic,  lifestyle,
and biomarker data from over 19,000 individuals,  effectively forecasted five-

year  OA  risk.27 This model  pinpointed  established  risk  factors  and  catego-
rized  patients  into  14  distinct  OA  risk  profiles.  Validation  in  an  independent
cohort attested  to  the  model's  robustness  and  potential  to  unveil  personal-
ized  biomarkers  tied  to  underlying  disease  mechanisms,  like  disruptions  in
GDF5 and TGF-β signaling pathways.  Such predictive models pave the way
for early OA detection and tailored prevention strategies based on individual
risk profiles.

Moreover, supervised learning is increasingly employed in rheumatology to
anticipate  treatment  responses  for  conditions  profoundly  affecting  bone
health,  such as Rheumatoid  Arthritis  (RA)  and Spondyloarthritis  (SpA),  often
characterized  by  bone  erosion  and  inflammation.50-52 In  RA,  where  biologic
therapies  exhibit  varying  efficacy,  machine  learning  methods  have  analyzed
molecular signatures from synovial biopsies.51,53 Data from the R4RA clinical
trial showed that algorithms analyzing these signatures could predict  thera-
peutic  response,  with  Area  Under  Curve  (AUC)  values  of  0.74  for  rituximab
and  0.68  for  tocilizumab,  and  also  identified  multidrug  resistance  patterns
(AUC 0.69).54 These findings underscore the potential  of combining molecu-
lar  profiling  with  machine  learning  to  steer  personalized  treatment  choices
and optimize therapeutic outcomes in inflammatory bone diseases.

In regenerative medicine and biomaterial science, supervised learning aids
in  the  rational  design  of  materials  for  bone  tissue  engineering.55,56 By
constructing  and  analyzing  comprehensive  databases,  ML  algorithms  can
foretell the  osteoinductive  potential  of  biomaterials  based  on  their  physico-
chemical properties.14 A recent study exemplified this, achieving high predic-
tive  performance (Area Under  Curve AUC=0.921)  and identifying key factors
influencing  bone formation,  such as  material  porosity  and the  incorporation
ratio of BMP-2. This ML-guided optimization led to the creation of biomateri-
als  that  significantly  boosted  new  bone  formation  in  preclinical  models,
surpassing  average  database  performance.  This  illustrates  how  supervised
learning can expedite the design and refinement of biomaterials for superior
bone regeneration.

 Unsupervised  learning. Unsupervised learning  algorithms  explore  unla-
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Figure 1.  The intersection of bone biology, disease, and Artificial Intelligence (AI) The diagram illustrates the multifaceted nature of bone biology (left panel), encompassing its
roles in structural support, mineral storage, hematopoiesis, immune function, and endocrine regulation. Pathological conditions like osteoarthritis and osteoporosis arise when
these functions are disrupted. Artificial intelligence (right panel) offers a powerful paradigm for advancing bone health by integrating diverse data inputs, such as patient records,
radiomics, and genetics to drive outputs in biomarker and drug discovery, tissue engineering, and precision medicine.
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beled datasets, discerning latent patterns and intrinsic structures without any
prior  knowledge  of  outcome  variables.57 These  techniques  are  particularly
valuable  in  bone  biology,  as  they  elucidate  heterogeneity  within  complex
biological data, facilitate data-driven patient stratification, and aid in the iden-
tification of novel molecular signatures or cell populations.58-60

A prime application of  these algorithms lies in  patient  stratification,  espe-
cially  in  heterogeneous  conditions  such  as  osteoporosis.61,62 Unsupervised
methods,  including  clustering  algorithms  and  Principal  Component  Analysis
(PCA),  are  applied  to  multi-omics  data  from  patient  cohorts.63 By  reducing
data dimensionality and revealing inherent groupings, these techniques unveil
distinct molecular profiles among individuals with osteoporosis.62 This strati-
fication surpasses traditional clinical classifications, offering a more nuanced
understanding of  disease subtypes and potentially  guiding the development
of precise, targeted therapeutic strategies.48

Beyond  patient  stratification,  unsupervised  learning  plays  a  pivotal  role  in
extracting  novel  biological  insights  from  high-dimensional  omics  datasets,
such as genomics,  transcriptomics,  proteomics,  and metabolomics.59 These
analyses contribute to pipelines aimed at identifying regulators and markers
of  skeletal  cell  function  and  differentiation.  For  example,  studies  utilizing
machine learning for analyzing complex biological data related to osteoclast
activity  have  highlighted  molecules  like  the  G-protein  coupled  receptors
SSTR2 and FFAR4,  as well  as FLNB and LOX-1,  facilitating the discovery of
potential diagnostic and prognostic biomarkers, and therapeutic targets.64

Moreover,  unsupervised  approaches  have  proven  effective  in  identifying
novel  secreted  factors  involved  in  bone  homeostasis.65,66 Through sophisti-
cated  analysis  of  multi-omics data,  researchers  have  identified  375  candi-
date osteokines that are potentially responsive to stimuli  such as aging and
mechanical loading.67 Subsequent integrated secretion prediction (ISP) analy-
sis,  utilizing  Gene  Ontology  (GO)  annotations,  has  pinpointed  107  potential
bone-secreted genes (BSGs). Notably, this approach has implicated fatty acid-
binding  protein  3  (FABP3),  secreted  by  senescent  osteoblasts,  in  crosstalk
with vascular  smooth  muscle  cells,  thus  demonstrating  the  ability  of  unsu-
pervised learning  to  uncover  previously  unknown  intercellular  communica-
tion networks relevant to bone health and associated pathologies.

 Reinforcement  learning  (RL). RL  involves  training  an  agent  to  make
sequential decisions by interacting with an environment.68,69 The agent learns
through trial and error, receiving feedback in the form of rewards or penalties
for  its  actions,  aiming  to  maximize  a  cumulative  reward  over  time.  This
paradigm  is  well-suited  for  optimizing  strategies  in  dynamic  and  complex
systems.

When  applied  to  bone  biology,  RL  offers  promise  in  addressing  intricate
optimization tasks, particularly those encountered in bone tissue engineering
(BTE).55,70 BTE  is  a  multidisciplinary  field  that  focuses  on  regenerating  bone

through a combination of scaffolds, cells, and growth factors. The success of
BTE relies  heavily  on the precise adjustment  of  multiple  interrelated factors,
such as scaffold material traits (e.g., composition, porosity, pore size distribution,
mechanical  features)  and  the  timed release  of  bioactive  molecules  to  guide
cellular behavior. This creates a highly complex, dynamic system where opti-
mizing one parameter can affect others, presenting a formidable obstacle for
traditional  methods.71,72 To handle this intricacy,  RL techniques,  including Q-
learning, have been suggested for automatically generating optimized three-
dimensional vascular networks tailored to individual bone defect geometries
in  bioprinting.  Here,  the  RL  agent  systematically  explores  and  improves
potential  vascular  designs  within  anatomical  limits,  guided  by  rewards  that
prioritize structures likely to boost bioprinting feasibility and subsequent graft
survival (for instance, by minimizing vessel tortuosity). The ultimate objective
is  the  automated  creation  of  vascular  designs  optimized  for  the  successful
production and performance of vascularized bone grafts.

The selection of  the appropriate  ML paradigm is  intrinsically  linked to  the
specific  research  question  being  addressed  in  bone  biology.  Supervised
learning  is  employed  when  the  goal  is  prediction  or  classification  based  on
known examples. Unsupervised learning is utilized for discovering underlying
structures and patterns in unlabeled data, often as a first step in understand-
ing complex datasets like omics. Reinforcement learning offers a framework
for  modeling  and  optimizing  interventions  within  dynamic,  multi-parameter
biological systems where sequential decision-making is key.

 Deep learning in bone biology
Deep Learning represents a more advanced subfield of Machine Learning

that  utilizes  artificial  neural  networks  with  multiple  layers  to  interrogate
complex  data  and  learn  hierarchical  representations.73,74 The  ability  of  deep
learning models to automatically extract intricate features from raw data has
led to significant advancements in bone biology research.

 Convolutional  neural  networks  (CNNs). CNNs  excel  in  processing  grid-
like  data,  particularly  images,  making  them invaluable  for  analyzing  medical
imaging modalities common in bone biology, such as X-rays, CT scans, and
MRI.75,76 Their  application  has  transformed  the  analysis  of  microscopy
images of bone tissue and cells, facilitating the extraction of quantitative data
and revealing new morphological insights.77,78

Within  the  field  of  bone  histopathology,  CNNs  are  significantly  enhancing
the  analysis  of  digitized  whole-slide  images  (WSIs)  from  biopsies.79 These
models  automate  complex  analytical  tasks  traditionally  reliant  on  manual
interpretation  by  pathologists,  offering  remarkable  potential  for  improving
diagnostic efficiency,  consistency,  and objectivity.  Applications  include  clas-
sifying  primary  and  metastatic  bone  tumors  based  on  cellular  morphology,
tissue  architecture,  and  matrix  composition;80,81 quantifying  specific  cell
populations, such as osteoclasts in culture assays, to aid drug screening and
mechanistic  studies;82 rapidly  assessing bone marrow cellularity;83 detecting
hematopoietic disorders within bone marrow biopsies;84 and identifying prog-
nostically significant microenvironmental features.85,86 Various CNN architec-
tures,  sometimes  integrated  into  larger  analytical  platforms,  enable  these
capabilities,  exhibiting  a  profound  ability  to  learn  subtle  and  complex
morphological  patterns,  aiding  in  challenging  differential  diagnoses  and
reducing inter-observer variability.

A compelling example of CNNs' power is found in osteosarcoma research,
where  deep  learning  models  applied  to  post-neoadjuvant  therapy  histology
slides  predict  patient  prognosis.  One  neural  network  accurately  automated
tumor  necrosis  quantification,  achieving  an  excellent  correlation  with  expert
pathologist assessments (R2 = 0.899; P < 0.0001). Importantly, this morphol-
ogy-based supervised approach also predicted overall  survival,  demonstrat-
ing  significant  predictive  value  (Hazard  Ratio  [HR]  =  2.43,  95% CI  1.10-5.38;
P = 0.0028).87 Furthermore, Features like certain types of necrosis, fibroblas-
tic stroma, and osteoblastic morphology correlated with better survival, while
viable tumor and fat necrosis indicated worse outcomes, demonstrating how
neural  networks  can  automate  assessment  and  identify  new morphological
biomarkers for prognosis.

In  the  field  of  medical  image  analysis,  advanced  architectures  such  as
Swin-UNetR are  being  investigated  for  image  segmentation  duties,  particu-
larly  in  analyzing  the  complex  osteocyte  networks  within  bone  tissue.88 A
recent study examining the automation of osteocyte connectomics segmen-

 

 

 

Figure 2.  A  schematic  of  the  landscape  of  Artificial  Intelligence The  central  AI
concept branches  into  four  interconnected  disciplines.  Machine  Learning  encom-
passes  foundational  methods  like  Supervised,  Unsupervised,  and  Reinforcement
Learning. Deep Learning represents a class of machine learning algorithms using deep
neural networks,  including Convolutional  Neural  Networks (CNNs),  Generative Adver-
sarial  Networks  (GANs),  and  Transformers.  Natural  Language  Processing  (NLP)
involves  techniques  that  enable  machines  to  understand  and  generate  human
language,  such as  Transformer  encoders  and retrieval-augmented question  answer-
ing. Finally, Novel Techniques highlights emerging and highly impactful models, exem-
plified by Large Language Models (LLMs) and specialized Protein Language Models.

REVIEW    Biomedicine   

4  　　　The Innovation Life 4(1): 100186, January 19, 2026 www.the-innovation.org/life

https://www.the-innovation.org/life
https://www.the-innovation.org/life
https://www.the-innovation.org/life


tation and measurement, which is pivotal for comprehending bone physiology,
revealed  the  limitations  of  traditional  techniques:  they  are  time-consuming
and  prone  to  human  error.89 By  deploying  U-Nets  and  Vision  Transformers,
the  study  achieved  notable  segmentation  accuracy,  reaching  81.8%  for
osteocytes  and  42.1%  for  dendritic  processes  when  benchmarked  against
manual  labeling.  Furthermore,  the  model  accurately  distinguished  between
the bones of young (2-month-old) and aged (36-month-old) mice, and even
detected  degenerative  changes  arising  from  genetic  modifications.  Such
progress  has  the  potential  to  significantly  advance  bone  health  research  by
facilitating a more efficient and detailed exploration of osteocyte networks.

 Recurrent  neural  networks  (RNNs). RNNs  have  the  capacity  to  retain
information  from  preceding  time  steps  through  their  recurrent  connections,
thus  enabling  them  to  model  temporal  dependencies  within  sequential
data.90,91 This  characteristic  makes  them  ideal  for  investigating  dynamic
biological  processes.  For  example,  in  bone  biology,  RNNs can  be  applied  to
model  the  sequential  stages  of  bone  development,  and  predict  patient-
specific  bone  density  changes  from time-series  data.92 In  a  groundbreaking
application,  an  RNN-based  architecture  was  successfully  used  as  the  final
classifier in an image processing pipeline. After extracting key features from a
potential fracture site,  the RNN model processes this information to make a
highly  accurate  prediction.  This  method  serves  as  a  clear  example  of  how
RNNs  can  be  applied  to  solve  challenging  pattern-recognition  problems  in
clinical  bone  analysis.  In  addition,  another  key  application  is  in  automated
Bone Age Assessment (BAA), a crucial diagnostic process in pediatrics.91 One
advanced model utilizes a multi-stage approach based on the Tanner-White-
house  3  (TW3)  method.  After  segmenting  key  regions  of  a  hand  X-ray,  a
Faster R-CNN is used to learn and extract deep feature sets. Finally, an Opti-
mally trained RNN models processes these sequential features to predict the
final  bone  age.  The  model's  performance  was  enhanced  by  optimizing  the
RNN's training  weights  with  a  novel  algorithm,  demonstrating  a  sophisti-
cated fusion of AI techniques to solve a classic radiological problem.

 Generative  adversarial  networks  (GANs). GANs  constitute  a  notable
category of deep learning models, recognized for their proficiency in generat-
ing  synthetic  data.93 In  the  domain  of  bone  biology  research,  GANs  have
emerged  as  invaluable  tools,  especially  for  expanding  limited  datasets  and
simulating a range of bone conditions.

GANs operate by comprehending the inherent patterns within real datasets,
enabling  them  to  produce  novel  synthetic  samples  that  mirror  the  original
data.94 This capability effectively bolts down the size and variety of datasets
available  for  training  other  AI  models,  a  crucial  aspect  in  medical  imaging
where acquiring  extensive,  meticulously  annotated  datasets  can  pose  chal-
lenges due to privacy restrictions and the infrequency of specific conditions.95

Beyond  their  utility  in  data  augmentation,  GANs  are  finding  their  footing  in
various other aspects of bone biology research. A prime example is their use
in virtual staining of label-free microscopy images of bone tissue. This tech-
nique  allows  researchers  to  generate  images  that  appear  histologically
stained (e.g.,  with  H&E)  from  unstained  samples,  reducing  sample  prepara-
tion  time  and  cost  while  preserving  the  tissue  for  other  analyses.96 Another
powerful application is in facilitating the segmentation of intricate bone struc-
tures within medical images. GANs can be trained to translate sparse or low-
resolution  medical  images  into  high-resolution,  clearly  delineated  images,
making  it  easier  for  other  AI  models  to  accurately  identify  and  measure
features like trabecular bone microarchitecture or osteocyte lacunae.97

 Transformer  networks. Transformer  networks,  originally  developed  for
natural  language  processing,  have  exhibited  remarkable  performance  in  a
range  of  sequence-based  tasks.97,98 Their  capacity  to  capture  long-range
dependencies  through  self-attention  mechanisms  has  propelled  their
widespread use in computer vision and bone biology investigations. A signifi-
cant  application is  in  the early  prediction of  bone metastasis  in  lung cancer
patients,  a  critical  step  for  improving  patient  outcomes.99 Researchers  have
developed  a  multimodal  model  using  two  Swin  Transformer  networks  to
independently  process  CT  scans  and  digitized  histopathological  images.
These distinct data streams were then integrated using decision-level fusion,
creating  a  more  holistic  and  accurate  predictive  tool  than  single-modality
approaches.  This  model  achieved  outstanding  accuracy  (AUC  of  0.966),
showcasing the power of Transformers to synthesize diverse clinical data for
complex risk stratification.

 Natural language processing in bone biology
Natural Language Processing, a subset of artificial intelligence, centers on

enabling  computers  to  comprehend,  interpret,  and  manipulate  human
language.100,101 In the  domain  of  bone  biology  research,  NLP  proves  invalu-
able  in  sifting  through  the  enormous  and  continuously  expanding  scientific
literature,  extracting  pertinent  information,  identifying  relationships,  and
revealing  insights.102 The  overwhelming  volume  of  biomedical  publications
poses a considerable challenge for researchers striving to stay abreast of the
latest  developments  and  discern  crucial  interconnections  between  studies.
NLP techniques offer automated solutions for processing and analyzing this
extensive  textual  data,  equipping  researchers  with  potent  tools  to  expedite
the  discovery  process.103,104 This  process  involves  analyzing  vast  corpora  of
unstructured  text,  such  as  PubMed  abstracts,  full-text  articles,  and  clinical
trial  records.  The  goal  is  to  structure  this  information  using  specific  NLP
tasks.  For  instance,  techniques  like  Named  Entity  Recognition  (NER)  are
employed to automatically  scan literature and identify  key biological  entities
such  as  genes  (e.g.,  RUNX2),  proteins  (e.g.,  osteocalcin),  and  diseases  (e.g.,
osteoporosis).34,35 Following this, Relation Extraction (RE) models are used to
discern the complex relationships between these entities, such as identifying
drug-target  interactions  or  gene-disease  associations.  The  integration  of
deep learning  is  critical  to  the  success  of  these  tasks.  Modern  NLP models
are  often  built  on  deep  learning  architectures  like  Transformers  (e.g.,
BioBERT),  which analyze the context  of  words within a sentence to perform
NER and RE with far greater accuracy than older methods. This deep learning-
powered knowledge extraction is pivotal for building comprehensive interac-
tion maps and accelerating discovery.105,106

The practical applications of NLP in advancing therapeutic innovations for
bone-related  conditions  are  exemplified  by  several  recent  investigations.107

One notable study sought safer and more economical alternatives to protein-
based  cytokine  therapies  aimed  at  promoting  bone  regeneration.108

Researchers  employed  a  computational  approach  that  integrates  Deep
Learning  and  Natural  Language  Processing  to  scrutinize  protein  databases
annotated  with  functional  information  from  scientific  literature  to  find  new,
short amino acid sequences called bioactive peptides that can promote blood
vessel  growth.  Through  this  in  silico  screening,  they  discovered  a  new  pro-
angiogenic  tripeptide  called  PSP.  Experimental  testing  revealed  that  PSP
stimulates vascularization  in  endothelial  cells  and  boosts  osteogenic  differ-
entiation  of  bone marrow stem cells  in  a  laboratory  setting.  Furthermore,  in
vivo  studies  conducted  on  mice  corroborated  its  regenerative  capabilities.
This  study  highlights  an  effective  method  driven  by  artificial  intelligence  for
identifying and verifying bioactive peptides, opening up avenues for peptide-
based treatments for skeletal disorders.

Another  key  application  is  the  automated  extraction  of  structured  data
from unstructured clinical notes.35 This is exemplified by the development of
"BoneScore,"  an  NLP  tool  designed  to  read  reports  from  dual-energy  X-ray
absorptiometry  (DXA)  scans  and  accurately  pull  out  specific  data  points.
BoneScore uses a rule-based algorithm with a set of regular expressions to
identify and extract femoral neck T-scores, a critical value used to diagnose
osteopenia and osteoporosis.  After  testing,  the tool  achieved 98% accuracy.
This  automation  saves  significant  time  and  effort,  enabling  researchers  to
quickly  assemble  large  datasets  for  studying  bone  health,  risk  factors,  and
disease prevalence.

 Novel and emerging AI in bone biology
While the machine learning and deep learning techniques discussed previ-

ously  have  proven  powerful,  they  often  rely  on  large  volumes  of  well-struc-
tured,  labeled  data  for  training.  However,  many  challenges  in  bone  biology
involve  either  making  predictions  from  very  limited  data  or  synthesizing
knowledge  from  vast,  unstructured  sources.  For  instance,  determining  the
three-dimensional structure of a protein from its amino acid sequence alone,
or generating novel hypotheses by reading the entire corpus of scientific liter-
ature,  are  tasks  that  stretch  the  capabilities  of  conventional  models.  The
following sections explore novel and emerging AI models, such as advanced
protein  structure  predictors  and  Large  Language  Models  (LLMs),  that  have
been  developed  to  address  these  complex,  knowledge-intensive  challenges,
showcasing their unique advantages over previous approaches.109,110

 Protein structure models in bone research. AI is transforming molecular
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biology, particularly  through  the  highly  precise  prediction  of  protein  struc-
tures  using  tools  such  as  AlphaFold  and  through  innovative  protein  design,
thereby greatly influencing bone biology research.111 Reliable 3D structures of
bone-related  proteins,  including  previously  elusive  therapeutic  targets  linked
to  osteoporosis  (e.g.,  in  TP53,  EGFR  pathways),  can  now  be  accurately
predicted.  These  structural  models  form the  basis  for  structure-based  drug
design.112 Moreover,  AI-predicted structures  are  essential  inputs  for  inte-
grated  computational  pipelines  that  combine  network  pharmacology  and
molecular  docking  to  identify  and  prioritize  potential  drug  candidates.113 For
example,  this  method  uncovered  resveratrol's  possible  interaction  with
targets involved in ferroptosis-related osteoporosis, leading to testable thera-
peutic hypotheses.114

Beyond  mere  prediction,  AI  facilitates  the  de  novo  design  of  customized
proteins with new functions tailored for bone applications. This could involve
creating  optimized  osteogenic  growth  factors  with  enhanced  specificity,
enzymes for  biomaterial  modification,  or  targeted peptides for  skeletal  ther-
apy or imaging.115,116

 Large  language  models  in  bone  research. Advanced  Large  Language
Models  (LLMs),  such  as  DeepSeek  and  ChatGPT,  are  robust  AI  systems
renowned for  their  sophisticated reasoning derived from vast  text  and code
datasets.117 Originating  in  natural  language  processing,  their  proficiency  in
complex pattern  recognition,  information  synthesis,  and  contextual  under-
standing  is  driving  exploration  in  scientific  fields,  with  significant  potential
emerging in  bone biology.118 A prime example  is  in  accelerating  drug repur-
posing. For instance, a fine-tuned Large Language Model (GPT-4) was tasked
with  identifying  promising  anti-osteosarcoma  compounds  from  a  library  of
polyphenols.  The  LLM  identified  gossypol  as  a  top  candidate  by  evaluating
the  complex  correlations  between  the  compounds'  multiplexed  chemical
properties  and  known  experimental  anti-osteosarcoma  activity  data.  This
approach  showcases  the  power  of  LLMs  to  synthesize  and  reason  over
diverse data types to generate novel, testable hypotheses for drug discovery
in bone oncology.119 Furthermore, In a groundbreaking study comparing vari-
ous machine  learning  approaches,  LLMs  processing  molecular  representa-
tions  of  drug  compounds  exhibited  remarkable  predictive  power,  achieving
high accuracy (Accuracy (ACC) 0.87–0.88). This notable finding underscores
that,  despite  their  primary  training  on  language,  LLMs  can  effectively  learn
from  non-textual  molecular  data  to  make  biologically  relevant  predictions
about bone health impacts.

In summary,  these powerful  AI  tools expedite the generation of molecular
insights  into  skeletal  health  and  disease.  They  streamline  the  identification
and optimization of therapeutic targets and drug candidates, paving the way
for  the development  of  advanced biologics,  diagnostics,  and biomaterials  to
combat bone disorders.

 Key application domains of AI in bone research
The transformative power of  Artificial  Intelligence extends across a broad

spectrum  of  bone  biology,  from  fundamental  mechanistic  studies  to  direct
therapeutic applications. To provide a clear framework, we have summarized
the  key  AI  methodologies,  their  typical  data  inputs,  and  their  representative
applications  in  bone-related  research  and  therapeutic  practice  in Table  1.
Beyond  advanced  analytical  techniques  and  multi-omics  integration,  AI  is
proving  invaluable  in  specific  contexts  research,  improving  diagnostics,  and
personalizing  treatment  strategies.  To  illustrate  this  translational  pipeline,
Figure 3 provides a conceptual map of the key application domains where AI
is  proving  invaluable.  These  core  areas  including  biomarker  discovery,  drug
discovery,  precision  medicine,  and  advanced  tissue  engineering,  form  the
framework  for  the  subsequent  sections  of  this  report  and  underscore  AI's
versatile role in advancing bone health. There highlight several distinct appli-
cations that underscore AI's versatile role in bone research.

One of the most promising and rapidly expanding areas is AI in bone tissue
engineering.  Building  on  the  multi-omics  integration  discussed  earlier,  AI
offers  unprecedented  precision  in  designing  biomaterials  and  controlling
stem cell differentiation. AI models can predict optimal scaffold architectures
and compositions that best support osteointegration and bone regeneration,
moving  beyond  trial-and-error  approaches.124 Furthermore,  by  analyzing
complex molecular profiles from patient-derived stem cells, AI can guide their
differentiation  towards  specific  bone  or  cartilage  lineages,  enhancing  the
success rates  of  regenerative  therapies  for  critical  bone  defects  or  osteo-
chondral lesions.125 This predictive capability accelerates the development of
personalized  implants  and  bio-scaffolds  tailored  to  individual  patient  needs
and biological responses.

Another significant application lies automated Bone Age Assessment (BAA)
using  radiographs.126,127 Bone age  assessment  is  a  routine  pediatric  thera-
peutic procedure used to evaluate a child's skeletal maturity, which is crucial
for diagnosing growth disorders,  predicting adult height,  and timing pubertal
interventions.  Traditionally,  this  involves  comparing  a  child's  hand-wrist
radiograph against standardized atlases (e.g., Greulich-Pyle or Tanner-White-
house),  a  process  that  is  time-consuming,  subjective,  and  prone  to  inter-
observer  variability.  AI,  particularly  Convolutional  Neural  Networks  (CNNs),
has revolutionized  this  field.  Trained  on  vast  datasets  of  annotated  radio-
graphs,  CNNs  can  automatically  analyze  bone  morphology  (e.g.,  epiphyseal
fusion,  carpal  bone  development)  and  predict  bone  age  with  remarkable
accuracy and  speed,  often  surpassing  human  experts.  This  not  only  stan-
dardizes the assessment process and reduces diagnostic variability but also
significantly lightens the workload for radiologists, allowing for more efficient
therapeutic workflows and timely patient management.

Artificial Intelligence is  also fundamentally  transforming bone and biome-
chanical  research  by  enhancing  finite  element  analysis  (FEA),  a  powerful

 

 

 

Table 1.  Overview of AI techniques and their applications in bone biology.

Technique Family Typical Inputs Representative Algorithm Representative Bone Tasks

Machine Learning
(ML)33,120

Structured/tabular data
(patient demographics, labs, DXA/BMD, FRAX
factors, imaging-derived measurements,
genotypes/omics)

Supervised Learning
Unsupervised Learning
Reinforcement Learning

Risk Prediction
Biomarker Discovery
Treatment Response
Patient Phenotyping
Data Compression

Deep Learning (DL)121,122

Raw/unstructured data
(X-rays/CT/MRI/histology; time series like
accelerometry/gait; genomic/protein sequences;
waveforms)

Convolutional Neural Networks
Generative Adversarial Networks
Recurrent Neural Networks
Transformer Networks

Image Analysis
Fracture Detection / Classification
Image Segmentation
3D Modeling

Natural Language
Processing (NLP)34,35

Unstructured text
(EHRs, clinical notes, radiology/pathology reports,
literature, trial registries, forums)

Transformer encoders
Sequence labeling
Retrieval-augmented QA

Information Extraction Phenotyping
Literature Review / Knowledge
Discovery
Clinical Decision Support

Novel and Emerging
Models36,123

Large text/code corpora; protein/compound
sequences/ structures; knowledge graphs; paired
image–text

Protein LMs
Large Language Models

Protein Structure Prediction
Drug Design
Scientific Literature Synthesis
Clinical Documentation
Knowledge Base Querying
Educational Tools
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computational method used to simulate the physical behavior of materials.128

Traditionally,  FEA has been indispensable for modeling how bone structures
respond to mechanical forces, predicting stress, strain, and potential fracture
points.129 However, conventional FEA is computationally intensive and labor-
demanding,  requiring meticulous manual  effort  that  has made it  impractical
for  rapid,  patient-specific  therapeutic  use.  The  integration  of  AI,  particularly
deep  learning,  addresses  these  limitations  by  automating  and  personalizing
the entire workflow. AI algorithms can autonomously segment complex bone
structures  from  medical  images  and  generate  high-quality,  patient-specific
meshes with minimal manual intervention. Furthermore, AI excels at creating
more physiologically accurate simulations by inferring an individual's unique

bone  material  properties  from  a  combination  of  imaging  data  and  clinical
records. This fusion of technologies provides a scalable solution for person-
alized  biomechanical  analysis  with  profound  therapeutic  implications.  This
transformative approach  is  already  being  applied  to  complex  clinical  prob-
lems.  For  instance,  in  analyzing  knee  joint  dysfunction  linked  to  meniscal
extrusion  (ME),  where  traditional  FEA  is  too  computationally  expensive  for
real-time assessment, a geometric deep learning (GDL) model trained on FEA
data  can  now  predict  biomechanical  responses  almost  instantaneously.130

This  enables  clinicians  to  gain  rapid  insights  into  joint  mechanics,  which  is
invaluable for  improving surgical  planning and designing personalized reha-
bilitation strategies.  Beyond joint  mechanics,  this synergy is also revolution-

L f

 

Figure 3.  The integrated application of AI across the research-to-clinic pipeline in bone biology This figure illustrates the four key areas discussed in this report.  Biomarker
discovery leverages molecular data (e.g.,  genetic, proteomic) to predict treatment response and stratify patients. AI-driven drug discovery accelerates the identification of new
therapeutics and predicts their toxicity. Tissue engineering utilizes computational models informed by histopathology and databases to design and fabricate implants and hydro-
gels via 3D printing. Finally, precision medicine synthesizes high-dimensional 'omics' data to perform subtype analysis and tailor interventions to individual patients.
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izing  the  design  and  validation  of  medical  devices.  In  the  development  of
vertebral implants, AI-driven optimization FEA is used to evaluate the perfor-
mance of novel materials like Magnesium-Rare Earth-Zirconium (Mg-RE-Zr)
alloys.131 By simulating dynamic physiological loads, engineers can precisely
predict stress distribution (up to 0.160 GPa) and deformation patterns (0.015
mm  to 0.01875 mm),  validating  implant  performance  with  high  accuracy
(under 5% error) before clinical use. This provides a robust, predictive method
for enhancing the biomechanical efficacy and safety of spinal implants,  ulti-
mately improving patient outcomes.

Furthermore,  AI  is  making  substantial  inroads  into  the  analysis  of  bone
metastasis.  Bone  is  a  common  site  for  metastasis  from  various  primary
cancers (e.g., breast, prostate, lung), leading to severe pain, pathological frac-
tures,  and  reduced  quality  of  life.33,132 Early  and  accurate  detection  of  bone
metastasis  is  critical  for  guiding  treatment  decisions  and  improving  patient
prognosis. However, identifying subtle metastatic lesions on routine imaging
(X-rays, CT, MRI, bone scintigraphy) can be challenging, especially in complex
anatomical regions or at early stages. AI algorithms, particularly deep learn-
ing  models,  are  being  developed  to  automatically  detect,  localize,  and  even
characterize metastatic lesions. By learning intricate patterns associated with
metastatic  disease  from  large  image  datasets,  AI  can  assist  radiologists  in
identifying suspicious  areas,  quantifying  tumor  burden,  and  tracking  treat-
ment response more objectively than manual methods. This enhances diag-
nostic  accuracy,  reduces  false  negatives,  and  facilitates  more  timely  and
effective  oncology  management,  ultimately  impacting  patient  survival  and
well-being.

In summary, AI's role in bone research is multifaceted (Figure 4). Its ability
to  process  vast,  complex  datasets,  automate  intricate  tasks,  and  uncover
subtle  patterns  makes  it  an  indispensable  tool  for  advancing  bone  tissue
engineering,  standardizing  diagnostic  assessments,  and  improving  the
detection  and  management  of  challenging  conditions  like  bone  metastasis.
These diverse applications collectively underscore AI's transformative poten-
tial to  accelerate  discoveries  and  improve  patient  outcomes  in  muscu-
loskeletal health.

 CHALLENGES AND LIMITATIONS
While  artificial  intelligence  presents  a  powerful  toolkit  for  advancing  bone

biology, several challenges and limitations must be acknowledged to ensure
its  responsible  and  effective  implementation  in  both  research  and  clinical
settings. The transition of AI from a promising research tool to a reliable ther-
apeutic application necessitates careful consideration of factors such as data
quality, model  interpretability,  ethical  implications,  and integration into exist-
ing healthcare systems (Figure 5).

 Data quality and availability
The efficacy of AI models in bone biology relies heavily on access to high-

quality,  comprehensively  annotated  datasets  for  training  purposes.133 Yet,
acquiring  such  datasets  is  often  challenging  due  to  their  scarcity  and  high
acquisition costs. Moreover, ensuring data diversity is essential for AI models
to  achieve  broad  applicability  and  precise  performance  in  various  clinical
contexts and patient demographics.134

The success and adaptability of AI models are directly tied to the richness
and variety of the datasets they are trained on.135 Inadequate, poorly labeled,
or  skewed  datasets  may  result  in  models  with  compromised  accuracy  or
biased  results  against  specific  patient  subpopulations.136 Additionally,  bone
biology  investigations  frequently  yield  diverse  data  types,  stemming  from
distinct  imaging techniques,  multiple omics platforms,  and disparate clinical
data  gathering  methods.56,70 This  diversity  creates  a  significant  hurdle  in
crafting resilient and widely applicable AI models, given AI algorithms' sensi-
tivity  to  input  variations.  Disparities  in  image clarity,  contrast,  or  omics data
processing can influence model outcomes and limit their use across datasets
of  different  provenances.  For  example,  in  bone  imaging,  the  high  density  of
mineralized tissue can create artifacts in micro-computed tomography (μCT)
scans,  leading  to  inconsistencies  that  affect  model  training.  Furthermore,
standardizing image acquisition protocols (e.g.,  resolution,  scanner settings)
across  different  research  centers  is  a  major  challenge,  making  it  difficult  to
pool  datasets  for  large-scale  analysis.  Similarly,  in  multi-omics,  integrating
transcriptomic  data  from  bone  biopsies  with  proteomic  data  from  blood
samples  requires  sophisticated  alignment,  as  these  data  types  are  often
collected  at  different  times  and  measure  different  aspects  of  the  biological
system. Also,  the absence of  uniform bone biology datasets,  encompassing
imaging, omics, and clinical details, complicates the training and assessment
of  AI  models.  The  lack  of  standard  data  formats  and  annotation  criteria
obstructs data sharing and integration among research teams,  thus imped-
ing the progress of AI in bone biology.137,138

 Representing the complexity of bone biology
Bone tissue is characterized by its intricate complexity and dynamic nature,

encompassing a web of cellular interactions,  vascular networks,  innervation,
and  continuous  remodeling.6 Present-day  AI  models  frequently  encounter
difficulties in fully grasping this complexity, thereby hindering their capacity to
precisely  simulate  biological  processes  and  foretell  treatment  outcomes  in
clinically pertinent situations.139

In fact,  prevalent in vitro models often fall  short of replicating the intricate
bone microenvironment,  adding  another  layer  of  complexity  to  the  develop-
ment of AI models that aim to bridge the divide between in vitro observations
and  in  vivo  results.138 Additionally,  capturing  and  analyzing  cellular  and
molecular  events  within  the  dense,  mineralized  matrix  of  bone  tissue  at  a
subcellular  level  remains a substantial  undertaking,  posing obstacles for  AI-
driven analysis.88,140 The inherent density and mineral content of bone tissue
pose challenges to acquiring high-resolution imaging data at the cellular and

 

 

 

Figure 4.  AI-driven personalization of medicine for musculoskeletal conditions This diagram illustrates a workflow for leveraging artificial intelligence to achieve personalized
medicine. It begins with data acquisition from an individual patient, encompassing diverse inputs such as radiomics (quantitative features extracted from medical images like X-
rays or CT scans), genetics & epigenetics (molecular data unique to the patient), and comprehensive patient records (clinical history, lab results, demographics). An AI-Patient
clustering model then processes this rich, multi-modal data to stratify patients into distinct subgroups. Based on the characteristics of these clusters, the AI guides decision-
making toward either non-surgical treatment pathways (e.g., leading to personalized biological therapy and tailored physiotherapy) or surgical treatment pathways (e.g., involv-
ing specific implants or procedures, followed by personalized biological therapy and tailored physiotherapy). This personalized approach aims to achieve a targeted response,
optimizing treatment efficacy and leading to a desired effect in patient outcomes.
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molecular scales, thereby restricting the informational pool available for train-
ing AI models to scrutinize these fine details.

Moreover,  the  task  of  modeling  bone's  perpetual  remodeling  process
between osteoblasts,  osteoclasts,  and  osteocytes,  presents  a  notable  chal-
lenge for contemporary AI methods.138 To accurately simulate bone remodel-
ing,  AI  models  must  adeptly  capture  the  temporal  shifts  and  the  intricate
interplay  among  these  diverse  cell  types,  often  demanding  longitudinal
datasets and advanced modeling techniques.

 Ethical considerations and biases
The integration  of  AI  into  bone  biology  research  and  therapeutic  applica-

tions  raises  several  ethical  considerations  that  must  be  carefully
addressed.140,141 These include concerns related to patient privacy, data secu-
rity, and the transparency of AI algorithms. The use of AI in healthcare neces-
sitates adherence to ethical guidelines to safeguard patient rights and ensure
fair and equitable outcomes.

A critical challenge lies in the potential for biases within AI algorithms used
for  diagnosis  and  treatment  in  bone  diseases.  These  biases  can  originate
from the training data and may inadvertently lead to disparities in healthcare
outcomes  for  different  demographic  groups.142,143 Examples  of  such  biases
related to race, gender, age, and socioeconomic status have been reported. If
the  training  data  for  an  AI  model  underrepresents  certain  demographic
groups or reflects existing biases in healthcare practices, the model's perfor-
mance and recommendations may be unfair or inaccurate for those groups.
Another significant limitation is the "black-box" nature of some deep learning
models,  where  the  decision-making  processes  are  opaque  and  difficult  for
humans to understand.144 This lack of transparency can hinder the adoption
of AI in therapeutic practice, as clinicians may be reluctant to trust decisions
without understanding the underlying reasoning.

 Integration and workflow challenges
The translation of AI applications in bone biology into therapeutic practice

hinges on their smooth integration within prevalent healthcare workflows and
IT  frameworks,  including  Picture  Archiving  and  Communications  Systems

(PACS) and Radiological Information Systems (RIS).145,146 Nevertheless, intro-
ducing  AI  solutions  into  the  intricate  and  frequently  dispersed  healthcare  IT
landscape  can  pose  significant  technical  challenges,  often  demanding
considerable adaptations to existing systems. Additionally, healthcare practi-
tioners  require  comprehensive  training  to  proficiently  operate  AI  tools  and
establish  trust  in  their  results.134,147 Resistance to  change  and  limited  expo-
sure  to  AI  among  medical  providers  can  further  hinder  their  widespread
acceptance.

 FUTURE DIRECTIONS
AI has shown transformative potential in driving innovative advancements

and paradigm  shifts  in  bone  biology  research.  However,  significant  chal-
lenges  remain,  necessitating  targeted  efforts  to  unlock  AI's  full  translational
impact. In what follows, we outline key future directions to enhance AI's role
in advancing skeletal science and therapeutic translation (Figure 6).

 Standardization and data
Standard datasets, particularly large ones, are crucial for building robust AI

models.148 To  ensure  the  dependability  of  AI  applications,  researchers  must
follow established best practices for digital and data-driven health technolo-
gies.  These  include  guidelines  like  the  Checklist  for  Artificial  Intelligence  in
Medical Imaging (CLAIM) and those set by the National Health Service (NHS),
which  underscore  transparent  methodologies  and  exacting  standards,
thereby bolstering the reproducibility and trustworthiness of AI models.147,148

Moving forward, research efforts should prioritize the creation of expansive,
diverse  datasets  incorporating  high-quality  data  from  multiple  sources.
Furthermore,  to  facilitate  the  progress  and  reproducibility  of  future  models,
international bone  biology  associations  should  establish  open  communica-
tion platforms hosting diverse data and source codes,  akin to GitHub or the
GEO database. Such platforms would enable researchers to test and validate
their models using external datasets, while also fostering the development of
shared core codes for AI model optimization.
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Figure 5.  Challenges and limitations in integrating AI into bone biology research and
advanced  therapeutics These  hurdles  span  multiple  domains:  Data  and  Algorithms
(ensuring high data quality, data consistency, and mitigating algorithmic bias); Clinical
Implementation (the need for  robust  clinical  validation and seamless integration into
clinical  workflows);  and  Biological  and  Safety  Concerns  (addressing  the  complex
factors  of  bone  biology  while  ensuring  the  biocompatibility  and  safety  of  AI-guided
applications). Overcoming these multifaceted challenges is essential for the success-
ful and responsible deployment of AI in bone health.

 

Figure 6.  A  strategic  roadmap  for  future  directions  in  bridge  AI  and  bone
biology The  key  directions  include:  (1)  Multidata  Incorporation,  integrating  diverse
datasets  for  comprehensive  analysis;  (2)  Interdisciplinary  Cooperation,  fostering
collaboration between experts in medicine, engineering, and data science; (3) Receiv-
ing  New  Technologies,  embracing  innovation  to  enhance  capabilities;  (4)  Ethical
Considerations, ensuring responsible development and application; (5) Standard Data,
establishing  uniform  data  protocols  for  reproducibility  and  large-scale  analysis;  and
(6)  Tissue  Engineering,  a  primary  application  target  for  these  advanced  approaches.
Together, these pillars represent a comprehensive strategy for driving innovation.
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 Multidata incorporation
The evolving omics technologies have shifted the spotlight to the integra-

tion  of  multi-omics data,  encompassing  genomics,  proteomics,  transcrip-
tomics, and epigenomics. Future initiatives will concentrate on merging these
diverse datasets and devising refined algorithms to scrutinize heterogeneous
data from various origins.149,150 This approach promises deeper insights into
the intricate interplay of genes, proteins, environmental stimuli, and mechanical
forces.

Moreover,  the  escalating  significance  of  digital  clinical  archives  in  forging
predictive  models  and  facilitating  drug  discovery  cannot  be  understated.
Forthcoming AI  frameworks ought to strive for  the assimilation of  extensive
real-world clinical information, such as electronic health records and patient-
reported  outcomes.  This  integration  will  bolster  the  pertinence  and  utility  of
prognostic outputs,  enabling  AI  instruments  to  generate  more  tailored  fore-
casts on treatment reactions, disease progression, and potential drug synergies.

 Ethical considerations
Although there is a pressing need to advance AI applications in bone biol-

ogy, ethical considerations are paramount in shaping their future progress.151

Common challenges in medical AI deployment include algorithmic bias, data
privacy  concerns,  and  the  need  for  informed  consent.  It  is  imperative  for
researchers to guarantee that upcoming AI applications are fair, transparent,
and adhere to ethical norms, thereby fostering trust and promoting equitable
results for a wide range of patients.

 Integration with emerging technologies
As  new  technologies  arise,  artificial  intelligence  must  adapt  to  harness

these  innovations.  Organoids,  which  are  three-dimensional  organ  models
crafted from stem cells have demonstrated remarkable promise in pharma-
ceutical research.152,153 AI can refine the development and cultivation parame-
ters  for  bone  organoids,  thus  speeding  up  the  screening  process  among
thousands  of  potential  drug  candidates.  Future  research  efforts  should
concentrate  on  integrating  organoids  and  AI  in  the  field  of  bone  biology,
aiming to investigate bone disorders and facilitate drug discovery.

With  the  cost  of  sequencing  and  multi-omics  data  gathering  steadily
declining,  AI  will  be pivotal  in  amalgamating these intricate  datasets.154 This
will aid in pinpointing novel therapeutic targets, anticipating patient outcomes,
and  tracking  disease  advancement.  Precision  medicine,  driven  by  AI,  is
destined to expand towards tailored therapies. This will empower clinicians to
fine-tune treatments for individuals suffering from bone ailments, simultane-
ously  enriching  multi-omics  data  repositories  to  refine  AI-powered  models
continuously.

 AI-guided tissue engineering
AI-guided  tissue  engineering  offers  considerable  potential  in  driving

advancements  in  bone  regeneration  and  tailored  therapies.155 Forthcoming
research ought to prioritize the incorporation of patient-specific data, includ-
ing  imaging  and  mechanical  loading  conditions,  into  the  design  phase  of
tissue  engineering.  Such an  approach is  likely  to  enhance the  integration  of
engineered tissue with  its  surrounding environment  and diminish  complica-
tions often encountered with conventional implants. Furthermore, AI's capa-
bility to  monitor  the  progression  of  bone  tissue  formation  and  adjust  treat-
ment protocols in real-time through AI-guided systems promises more flexi-
ble  and  responsive  treatment  plans.  These  plans  can  be  tailored  to  each
patient's unique healing trajectory, potentially leading to improved outcomes
and expedited recovery periods.

 Cross-disciplinary collaboration
Addressing  the  aforementioned  challenges  demands  concerted  efforts.

Future  endeavors  should  focus  on  creating  standardized,  top-quality
datasets, enhancing model  interpretability,  building resilient  validation struc-
tures,  outlining  unequivocal  ethical  standards,  reducing  prejudices,  and
promoting  collaborative  efforts  among  computational  scientists,  biologists,
and clinicians. This will align innovative practices with clinical demands.

The  progress  of  AI  in  bone  biology  hinges  on  solid  collaborations  across
fields.  Computer  scientists  and  AI  researchers  offer  invaluable  technical
proficiency  in  shaping  and  deploying  algorithms,  whereas  bone  biologists

impart  vital  domain  understanding  for  substantial  model  advancement  and
interpretation.  Clinicians  impart  pivotal  perspectives  on  practical  necessities
and factors for effective therapeutic application. This interdisciplinary method
guarantees that AI resolutions tackle genuine obstacles in bone biology investi-
gations  and  therapeutic  practices.  Collaborative  systems  that  enable  the
exchange of knowledge and resources among these diverse parties will prove
essential in forging AI solutions that truly elevate bone health management.

 CONCLUSIONS
Artificial intelligence represents a paradigm shift, promising to revolutionize

our understanding and approach to bone biology and its associated patholo-
gies. Its diverse capabilities span from decoding complex molecular networks
and accelerating  tissue  engineering  research  to  enhancing  precision  detec-
tion and enabling precision therapeutic strategies. This technology opens up
exciting new opportunities for addressing critical unmet needs in bone health
management.  Nevertheless,  alongside  these  advancements,  substantial
challenges persist,  such  as  concerns  regarding  data  quality,  model  trans-
parency, ethical considerations, and workflow integration. Surmounting these
obstacles  requires  a  collaborative  effort  to  standardize  data  sets,  enhance
model explainability, and ensure equitable implementation. The advancement
of AI in bone biology relies on its integration with cutting-edge technologies,
the exploration of multi-omics approaches,  and the establishment of ethical
guidelines.  Through  cross-disciplinary  collaboration  and  a  patient-centered
focus,  AI  has  the  potential  to  deepen  our  understanding  of  skeletal  biology
and improve bone health globally.  As methodologies evolve,  AI  is positioned
to  deliver  increasingly  personalized  and  efficient  skeletal  health  strategies,
while  also  expanding  our  fundamental  understanding  of  bone  biology.
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