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Abstract 
Background:  Fracture healing assessment remains subjective and delayed, relying on serial radiographs 
interpreted with semi-quantitative scoring systems (RUST, RUSH, RUSHU) that carry substantial observer 
variability. Machine learning (ML) offers the prospect of earlier, objective, and individualized prognostication 
of union, delayed union, and non-union. 
Methods:  We performed a narrative evidence-synthesis review prepared with reference to the SANRA 
checklist. PubMed/MEDLINE, Scopus, Web of Science, IEEE Xplore, and preprint servers were searched 
(January 2015–June 2026); thirty representative publications on ML applications were synthesized across four 
domains: image-based deep learning, mechanobiology-informed finite-element/ML hybrid models, wearable-
sensor biomechanics, and registry-based mortality/complication prediction. 
Results:  Convolutional networks dominate image-based tasks, with union-prediction accuracies of 91–93.6% 
in scaphoid series and detection AUCs up to 0.97; ML surrogates reproduce finite-element healing simulations 
at a fraction of the computational cost; wearable insole data predicted lower-extremity healing with 
approximately 76% accuracy (n = 25); and ML models predicted post-hip-fracture mortality with AUCs of 
0.68–0.89 (largest cohort 74,396 cases), with gradient-boosting methods frequently outperforming logistic 
regression. SHAP-based explanations consistently revealed biologically plausible predictors. Nearly all studies, 
however, are retrospective, single-center, and internally validated, with heterogeneous non-union definitions and 
infrequent external validation. 
Conclusions:  ML-based fracture healing prediction is promising but remains at a proof-of-concept stage. 
Multi-center prospective datasets, standardized outcome definitions with TRIPOD/CLAIM-concordant 
reporting, external validation, and clinician-in-the-loop trials are prerequisites for clinical adoption; no current 
model is ready for standalone clinical decision-making. 
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Introduction 

Bone fractures are among the most common 
musculoskeletal injuries worldwide. Although the 
majority heal uneventfully with standard fixation or 
conservative care, non-union complicates 
approximately 10% of fractures overall, with 
substantially higher rates after open and high-
energy injuries and in the presence of patient-
related risk factors such as smoking, elevated body 
mass index, and alcohol use [1]. Delayed union and 
non-union result in prolonged disability, repeated 
surgical intervention, and substantial economic 
burden [1,2]. Timely identification of fractures at 
risk of impaired healing is therefore critical to 
guide early intervention, whether through 

modification of mechanical loading, biological 
augmentation, or revision surgery. Traditional 
approaches to assessing fracture healing rely 
heavily on serial plain radiography interpreted 
using semi-quantitative scoring systems: the 
Radiographic Union Score for Tibial fractures 
(RUST) [3], validated for reliability and validity 
[4]; its hip analogue, the Radiographic Union Score 
for Hip fractures (RUSH) [5,6]; and the humeral 
analogue RUSHU, which predicts humeral shaft 
non-union [7]. These are complemented by clinical 
criteria including pain on weight-bearing and 
tenderness at the fracture site [3–7]. Although 
clinically useful, these tools suffer from 
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considerable inter- and intra-observer variability 
and generally detect impaired healing only after a 
substantial delay, limiting opportunities for early 
corrective intervention [4–8]. Over the past decade, 
artificial intelligence (AI) and its principal subfield, 
machine learning (ML), have been increasingly 
applied across orthopedic trauma care, spanning 
automated fracture detection, injury classification, 
surgical planning, and outcome prediction [9–11]. 
Within this broader landscape, a growing and 
methodologically diverse body of work has 
specifically targeted the prediction of fracture 
healing trajectories, non-union risk, and associated 
complications, using data ranging from 
radiographic images and micro-computed 
tomography (micro-CT) scans [12] to wearable-
sensor gait metrics [13] and structured clinical 
registries [14]. Unlike fracture detection — now a 
comparatively mature application with radiologist-
level performance reported in several studies 
[15,16] — healing prediction poses distinct 
challenges, because it requires modeling a 
dynamic, weeks-to-months-long biological process 
rather than interpreting a single static image. 

This review aims to (i) summarize the biological 
basis of fracture healing relevant to model design, 
(ii) synthesize the major ML approaches applied to 
fracture healing and related outcome prediction, 
(iii) present a comparative overview of reported 
model performance across application domains, 
(iv) discuss the role of model interpretability in 
clinical adoption, and (v) identify the principal 
methodological gaps and future research priorities 
in this rapidly evolving field. The organizational 
taxonomy of the approaches reviewed is 
summarized in Figure 2. 

Biological Basis of Fracture Healing: An 
understanding of the underlying biology of fracture 
repair is essential context for interpreting the 
features, inputs, and time horizons used by 
predictive models. Fracture healing is classically 
described as a four-phase, partially overlapping 
process: an initial inflammatory phase marked by 
hematoma formation and recruitment of immune 
cells; a soft-callus phase in which mesenchymal 
progenitor cells differentiate into chondroblasts and 
fibroblasts, forming a cartilaginous bridging 
matrix; a hard-callus phase in which this 
cartilaginous template undergoes endochondral 
ossification into woven bone; and a prolonged 
remodeling phase during which woven bone is 
progressively replaced by lamellar bone until the 
original cortical architecture is restored [2,17]. 
Immune–skeletal crosstalk (osteoimmunology) is 
now recognized as a central regulator of this 
sequence, linking the early inflammatory milieu to 
later reparative and remodeling events [2]. 
Mechanical stability at the fracture site, vascular 
supply, and local biological signaling — including 

growth factors such as transforming growth factor-
β, vascular endothelial growth factor, and bone 
morphogenetic proteins — jointly govern whether 
healing proceeds along a normal trajectory or is 
diverted toward delayed union or non-union [2,17]. 
Mechanobiological theory further posits that the 
mechanical strain and interfragmentary movement 
experienced at the fracture gap regulate tissue 
differentiation, providing the conceptual foundation 
for finite-element (FE) models of fracture healing 
that simulate stress, strain, and tissue differentiation 
over time [17]. These physics-based models, 
although mechanistically detailed, are 
computationally expensive, which has motivated 
the development of ML surrogates capable of 
approximating FE outputs at a fraction of the 
computational cost [18,19]. 

Review Methodology: This narrative review was 
prepared with reference to the SANRA (Scale for 
the Assessment of Narrative Review Articles) 
checklist. A structured literature search of 
PubMed/MEDLINE, Scopus, Web of Science, 
IEEE Xplore, and preprint servers (arXiv, 
medRxiv) was performed for publications dated 
January 2015 to 30 June 2026, using combinations 
of (“machine learning” OR “deep learning” OR 
“artificial intelligence” OR “neural network”) AND 
(“fracture healing” OR “bone union” OR “non-
union” OR “delayed union” OR “fracture repair”), 
without restriction on anatomical site; a 
representative PubMed search string is provided in 
Appendix A. 

Eligible publications were peer-reviewed original 
studies and systematic reviews in English reporting 
ML or deep-learning models for fracture healing, 
union/non-union classification, healing-stage 
assessment, or fracture-related mortality and 
complication prediction. Foundational 
biomechanical and biological literature predating 
2015 was included where conceptually necessary. 
Titles and abstracts were screened by two authors, 
and thirty representative publications addressing 
ML applications were purposively selected to span 
image-based deep learning, mechanobiology-
informed hybrid modeling, wearable-sensor 
approaches, and registry-based prediction of 
fracture-related mortality and complications; the 
selection flow is summarized in Figure 1, and 
additional foundational references describing 
scoring-system development and fracture biology 
were cited where relevant. Selection was purposive 
rather than exhaustive, and the resulting synthesis 
should be interpreted as a representation of the 
current evidence landscape.This review does not 
report a formal risk-of-bias assessment (e.g., 
PROBAST) or meta-analytic pooling of effect sizes 
and should therefore be interpreted as a qualitative 
evidence synthesis rather than a quantitative 
systematic review. 
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Figure 1: Literature identification and selection flow. Bracketed counts should be completed from the 

authors’ search log prior to submission. 
 
Machine Learning Approaches for Fracture 
Healing Prediction 

Radiographic and Imaging-Based Deep 
Learning Models: The largest and most mature 
body of work applies convolutional neural 
networks (CNNs) and related deep learning 
architectures to plain radiographs, computed 
tomography (CT), and micro-CT for fracture 
detection, classification, and, increasingly, healing-
stage assessment. Early CNN-based systems 
demonstrated the feasibility of automated fracture 
detection on wrist, scaphoid, hip, and whole-body 
trauma imaging, achieving sensitivity and 
specificity comparable to or exceeding that of 
practicing radiologists in several series 
[15,16,20,21]. A recent systematic review of deep 
learning in scaphoid care found that transfer-
learning architectures such as ResNet, DenseNet, 
and EfficientNet consistently outperformed 
custom-built CNNs, particularly when trained on 
multicenter datasets, and that multi-view fusion of 
anteroposterior and lateral radiographs improved 
recall by approximately 12 percentage points 
relative to single-view analysis [22]. Beyond 

generic fracture detection, deep neural networks 
have also been applied to more specialized 
diagnostic distinctions, such as differentiating 
atypical femoral fractures from typical femoral 
shaft fractures on plain radiographs — a distinction 
with direct implications for identifying 
bisphosphonate-associated healing complications 
[23]. Building on fracture-detection capabilities, 
several groups have extended deep learning to the 
prediction of union versus non-union. In the largest 
series identified, a TensorFlow-based deep learning 
algorithm applied to pre- and post-operative 
radiographs of 346 scaphoid non-union patients 
predicted union following revision surgery with 
approximately 93.6% accuracy, notably using 
imaging data alone, without patient-level clinical 
covariates [24]. In the same evidence base, a 
custom CNN achieved approximately 93.6% 
accuracy in predicting post-surgical union, while a 
YOLOv5–ResNet-50 pipeline classified outcomes 
into union, non-union, and osteonecrosis categories 
with 91% accuracy and an area under the curve 
(AUC) of 0.96; across detection studies, reported 
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accuracies ranged from 81% to 96% with AUCs up 
to 0.97 [22]. 

At the tissue level, a segmentation-based deep 
network (VM-TE-UNet) applied to micro-CT 
imaging of rodent fracture callus (2,448 images) 
achieved a Dice similarity coefficient of 0.809 for 
callus and non-union region segmentation (95th-
percentile Hausdorff distance 13.1), improving on a 
baseline architecture, and identified quantitative 
bone morphometric parameters — including bone 
surface-to-tissue-volume ratios of mineralized 
cartilage and osteogenic tissue — that differed 
significantly between healing and non-union 
trajectories during the inflammatory and repair 
phases [12]. In that study, the model screened 
healing failure as early as 14 days after fracture in 
rats. Such findings illustrate how image-derived 
quantitative biomarkers can supplement, or 
eventually replace, qualitative radiographic scoring, 
although the rodent healing biology and timeline 
differ substantially from human fracture repair and 
warrant caution when extrapolating. 

Non-Union and Delayed-Union Risk Prediction 
Models: A parallel and clinically important stream 
of research targets the prediction of non-union or 
delayed union using a combination of radiographic 
scoring, clinical risk factors, and, increasingly, ML 
classifiers.  

Established radiographic scoring systems — RUST 
for tibial fractures [3,4], RUSH for hip fractures 
[5,6], and RUSHU for humeral shaft fractures [7] 
— provide semi-quantitative healing scores derived 
from serial follow-up radiographs and have 
demonstrated reasonable inter- and intra-observer 
reliability, forming a natural feature input for 
downstream predictive models [8]. In humeral shaft 
fractures managed non-operatively, a RUSHU 
score of eight or less at six weeks was associated 
with a 4.3-fold increased risk of non-union (relative 
risk 4.3; 95% CI 2.7–6.9), and applying the score 
improved non-union prediction from a 41% 
baseline risk to 66% at six weeks and 75% at 
twelve weeks; a cut-off of seven or less yielded 
82% specificity at 63% sensitivity [8]. 

A recent systematic review and meta-analysis of 
prediction models for delayed union and non-union 
highlighted that, although numerous multivariable 
models have been developed, external validation 
remains infrequent and reported discrimination is 
highly variable across anatomical subgroups and 
validation tiers, underscoring the early stage of 
clinical maturity in this domain [26]. Clinical risk-
factor analyses — several using logistic regression 
rather than more complex ML algorithms — have 
consistently identified high-energy trauma 
mechanism, open fracture, degree of cortical 
contact, postoperative infection, and use of staged 
external fixation as predictors of delayed union or 

non-union following intramedullary nailing of 
tibial shaft fractures, concordant with large 
epidemiologic analyses identifying open fracture, 
smoking, and obesity among the strongest non-
union risk factors [1,26]. These logistic-regression-
based studies, although not always described as 
“machine learning” in the strict sense, form an 
important methodological bridge toward the more 
complex ensemble and deep learning classifiers 
now being explored for the same prediction task. 

Complementing score-based approaches, several 
authors have asked whether deep learning can 
predict non-union directly from radiographic 
appearance, reasoning that CNNs may detect sub-
visual pixel-level changes in callus earlier than the 
human eye can appreciate bridging under RUST 
criteria [25]. Computed tomography, increasingly 
used as a reference standard for union assessment, 
represents a further promising — but still 
underexplored — modality for automated 
volumetric healing assessment. 

Mechanobiology-Informed and Finite-Element–
Machine Learning Hybrid Models: A distinctive 
and increasingly influential methodological 
direction couples mechanobiological FE simulation 
with ML surrogates, aiming to preserve the 
mechanistic fidelity of physics-based healing 
models while dramatically reducing computational 
cost. In one representative study, seven ML 
algorithms — support vector regression (SVR), 
random forest (RF), XGBoost, multilayer 
perceptron (MLP), CNN, recurrent neural network 
(RNN), and long short-term memory (LSTM) 
network — were trained on 648 simulated healing 
trajectories generated from a validated 21-day 
mechanoregulation-based FE model of femoral 
fracture healing in rodents, varying implant 
configuration, loading regime, and biological 
parameters [18]. The resulting ML surrogate 
generalized well to unseen parameter combinations, 
remained robust when trained on as little as 50% of 
the available data, and enabled Shapley-value-
based interpretation showing that screw number 
increased central callus stiffness while excessive 
mechanical loading impaired outer callus formation 
— findings consistent with established 
mechanobiological theory [17,18]. 

A related computational modeling study of distal 
radius fracture healing integrated 
mechanoregulated cell differentiation, tissue 
formation, and angiogenesis into a three-
dimensional FE model, generating 3,600 simulated 
cases across physiologically relevant loading 
conditions, fracture geometries, gap sizes, and 
healing times, then trained multiple ML algorithms 
on the simulation outputs to predict healing 
outcomes at different post-injury stages; a cubic 
support vector machine performed best during 
early-stage healing, whereas a trilayered artificial 
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neural network outperformed alternatives during 
late-stage healing [19]. Model outputs also 
suggested that fracture geometry and gap size 
materially influenced the predicted healing 
trajectory — Smith fractures with medium gap 
sizes favored healing, whereas Colles fractures 
with large gap sizes led to delayed healing through 
excessive fibrous tissue formation [19]. 

These hybrid approaches illustrate a broader trend 
of using ML not merely as a black-box classifier 
but as a computationally efficient, explainable 
surrogate for mechanistic biological simulation, 
with potential application to real-time, patient-
specific rehabilitation planning. 

Wearable-Sensor and Biomechanical Data-
Driven Models: A smaller but methodologically 
distinct body of work leverages continuous, 
objective biomechanical data captured via wearable 
sensors to predict fracture healing progression, 
addressing the subjectivity and intermittent nature 
of radiographic follow-up.  

In a retrospective study of 25 patients with closed 
lower-extremity fractures, continuous underfoot 
loading data from a gait-monitoring insole were 
processed to extract step-level features, with 
decision-tree and LASSO-regression-based feature 
selection feeding a logistic regression classifier that 
predicted days-to-healing within a 30-day window, 
achieving approximately 76% mean accuracy, 
precision, recall, and F1-score under 10-fold and 
leave-one-out cross-validation [13]. Feature 
importance analysis highlighted the clinical 
relevance of medial underfoot loading distribution 
as a marker of healing progression, and the authors 
noted the approach’s potential to enable earlier 
detection of complications such as asymptomatic 
delayed union [13].  

Given the modest sample size and purely internal 
cross-validation, this work should be regarded as 
proof-of-concept-level evidence, with attention to 
the potential for optimistic performance when 
feature selection is performed within the cross-
validation loop; external validation in larger 
cohorts is required. Nevertheless, it exemplifies a 
broader opportunity to integrate continuous, 
remote, and objective biomechanical monitoring 
into fracture healing surveillance, complementing 
rather than replacing periodic radiographic 
assessment. 

Prediction of Mortality and Complications in 
Fracture Populations: Beyond direct prediction of 
bone union, a substantial and clinically influential 
body of ML research addresses prediction of 
mortality and major complications following 
fracture, particularly in hip fracture populations, 
where post-fracture mortality is a critical outcome 
for shared decision-making. Multiple independent 

groups have developed and internally validated ML 
models — including random forest, XGBoost, 
gradient boosting, generalized linear models, and 
naïve Bayes classifiers — for 30-day, 1-year, and 
in-hospital mortality following hip fracture, 
typically using preoperative demographic, 
biochemical, and comorbidity data [27–31]. 
Reported discriminative performance has generally 
ranged from an AUC of approximately 0.68 to 0.89 
depending on cohort size, outcome horizon, and 
feature set, with gradient-boosting methods such as 
XGBoost frequently outperforming logistic 
regression and other classifiers in head-to-head 
comparisons [28,30]; a naïve Bayes classifier 
trained on sociodemographic and comorbidity data 
alone performed on par with more complex 
ensemble methods while remaining directly 
interpretable [31].  

A large-scale application using the Dutch Hip 
Fracture Audit, encompassing 74,396 cases, 
extended this work toward shared decision-making, 
aiming to support individualized treatment 
discussions between clinicians and patients 
regarding operative versus non-operative 
management [14]. 

Although these models do not directly predict bone 
healing, they represent a mature and clinically 
impactful application of the same core ML 
methodologies within the broader fracture care 
pathway. Their validation experience offers 
instructive lessons for healing-prediction model 
development: most models report discrimination 
(AUC) but comparatively few report calibration or 
decision-curve analyses, and where external 
validation has been attempted, performance often 
degrades relative to internal estimates [10,14,26]. 

Broader Applications of Artificial Intelligence in 
Orthopedic Trauma: Several recent scoping and 
systematic reviews have mapped the wider 
landscape of AI applications in orthopedic trauma, 
situating fracture healing prediction within a 
broader ecosystem that includes automated fracture 
detection and classification, injury severity triage, 
surgical planning, and postoperative complication 
prediction [9–11,32–34].  

A comprehensive review analyzing 217 studies 
published between 2015 and 2025 found that deep 
learning approaches (43.3%) and traditional 
machine learning methods (39.2%) together 
dominated the field, with fracture detection and 
classification representing the most common 
application category, followed by outcome 
prediction tasks; notably, only 14.5% of studies 
underwent external validation and just 3.2% 
reported prospective clinical validation [11]. A 
systematic review and meta-analysis of AI in 
trauma triage found that the best-performing 
models outperformed conventional triage tools for 
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mortality, hospitalization, and critical-care 
admission prediction [32], while broader syntheses 
of AI in orthopedic surgery report high diagnostic 
accuracy and improving predictive performance 
across the surgical care pathway [33,34]. These 
broader reviews consistently emphasize that, while 
diagnostic and detection applications of AI have 
reached a relatively mature stage of validation, 
prediction tasks — including fracture healing 
prediction specifically — remain comparatively 
underdeveloped in terms of external validation and 
prospective clinical evaluation [9–11]. 

Comparative Summary of Representative 
Studies: Table 1 summarizes representative 
machine learning and deep learning approaches 
applied across the fracture healing prediction 
domains discussed above, illustrating the diversity 
of data modalities, algorithms, validation strategies, 
and reported performance metrics. Table 2 presents 
study-level characteristics of the principal healing- 
and outcome-prediction studies. NR = not reported; 
DRF = distal radius fracture. 

Table 1: Representative machine learning approaches for fracture healing and related outcome 
prediction, with validation type and explainability 

Domain Representative 
studies (ref) 

ML/DL 
method(s) 

Data 
source / 
modality 

Sample Validati
on 

Key reported 
performance 

XAI 

Mechanob
iology–
ML 
surrogate 
models 

Razavi et al. 
2025 [18] 

SVR, RF, 
XGBoost, 
MLP, 
CNN, 
RNN, 
LSTM 

Finite-
element 
simulated 
healing 
trajectories 
(rodent 
femur) 

648 
simulat
ed 
trajecto
ries 

Internal 
(unseen 
paramete
r 
combinat
ions) 

High agreement 
with FE ground 
truth; robust 
with as little as 
50% training 
data 

SHAP 

Distal 
radius 
healing-
stage 
prediction 

Liu et al. 2023 
[19] 

Cubic 
SVM; 
trilayered 
ANN 

3-D 
computatio
nal healing 
model 
outputs 

3,600 
simulat
ed 
cases 

Internal Cubic SVM 
best at early 
stage; ANN 
best at late 
stage; gap size 
and geometry 
influential 

NR 

Wearable-
sensor 
healing 
prediction 

North et al. 
2024 [13] 

Decision 
tree, 
LASSO 
regression, 
logistic 
regression 

Insole 
ground-
reaction-
force data 

25 
patient
s 

10-fold 
and 
leave-
one-out 
CV 
(internal) 

≈76% accuracy, 
precision, 
recall, F1 for 
days-to-healing 
(30-day 
window) 

Intrinsic 
(white-
box 
models) 

Micro-CT 
non-union 
prediction 

Yu et al. 2025 
[12] 

VM-TE-
UNet 
(deep 
segmentati
on) + 
early-
diagnosis 
model 

Rodent 
micro-CT 
callus 
images 

2,448 
images 

Internal Dice similarity 
coefficient 
0.809; 95th 
Hausdorff 
distance 13.1; 
screening 
feasible at day 
14 

NR 

Scaphoid 
union 
classificati
on 

Tümen et al. 
2025 [24]; Jha 
et al. 2025 [22] 

CNN, 
YOLOv5–
ResNet-50, 
transfer 
learning 
(DenseNet, 
ResNet, 
EfficientN
et) 

Wrist/scaph
oid 
radiographs 

346 
patient
s (non-
union 
series); 
14 
studies 
in 
review 

Internal 93.6% union-
prediction 
accuracy; 3-
class outcome 
accuracy 91% 
(AUC 0.96); 
detection 
accuracy 81–
96%, AUC up 
to 0.97 

Grad-
CAM++ 
(detectio
n 
studies) 

Radiograp
hic union 
scoring 

Whelan et al. 
2010 [3]; Frank 
et al. 2016 [6]; 
Oliver et al. 

Radiograp
hic scoring 
(RUST, 
RUSH, 

Serial 
radiographs 

Clinica
l 
cohorts 

Observer 
reliabilit
y studies 

Good inter-
/intra-observer 
reliability; 
RUSHU ≤8 at 6 

N/A 
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2019 [7]; Suter 
et al. 2024 [8] 

RUSHU) 
integrated 
with 
statistical/
ML 
models 

weeks → RR 
4.3 for non-
union; used as 
ML input 
feature 

Hip-
fracture 
mortality 
prediction 

Mosfeldt et al. 
2024 [27]; 
Kitcharanant et 
al. 2022 [28]; Li 
et al. 2021 [29]; 
Shuchami et al. 
2026 [30]; 
Dijkstra et al. 
2025 [14]; 
Wang 2025 [31] 

Random 
forest, 
XGBoost, 
gradient 
boosting, 
logistic 
regression, 
naïve 
Bayes 

Registry 
and 
administrati
ve clinical 
data 

Up to 
74,396 
cases 
(Dutch 
Hip 
Fractur
e 
Audit) 

Internal 
validatio
n; 
external 
validatio
n 
infrequen
t 

AUC 0.68–0.89 
across cohorts; 
gradient 
boosting 
frequently 
outperforms 
logistic 
regression 

SHAP / 
direct 
interpret
ation in 
some 

General 
fracture 
detection 
(contextua
l; non-
healing-
specific) 

Thian et al. 
2019 [20]; 
Hendrix et al. 
2021 [15]; 
Cheng et al. 
2019 [16]; Lu et 
al. 2026 [21]; 
Zdolsek et al. 
2021 [23] 

CNN, 
object 
detection 
(YOLO-
family), 
transfer 
learning 

Radiograph
s, whole-
body CT 

Multic
enter 
series 

Mostly 
internal 

Accuracy 81–
96%; sensitivity 
up to 98% per 
study; 
radiologist-level 
performance 

Grad-
CAM / 
saliency 
maps in 
some 

 
Table 2: Study-level characteristics of principal healing- and outcome-prediction studies 

Study (ref) Design / 
setting 

Input data / 
modality 

Algorithm(s) Prediction 
target 

Key 
performance 

Validation 

Razavi et 
al. 2025 
[18] 

Simulation 
study 
(validated 
rodent FE 
model) 

Implant 
configuration, 
loading regime, 
biological 
parameters 

SVR, RF, 
XGBoost, 
MLP, CNN, 
RNN, 
LSTM 

Callus 
stiffness / 
healing 
trajectory 

High 
agreement 
with FE 
ground truth; 
robust at 50% 
training data 

Internal 
(unseen 
combinations
); SHAP 
interpretation 

Liu et al. 
2023 [19] 

Simulation 
study (3-D 
DRF healing 
model) 

Fracture 
geometry, gap 
size, loading, 
healing time 
(3,600 cases) 

Multiple 
ML incl. 
cubic SVM, 
trilayered 
ANN 

Healing 
outcome by 
post-injury 
stage 

Cubic SVM 
best early; 
ANN best 
late 

Internal 

North et al. 
2024 [13] 

Retrospectiv
e cohort, 
single center 
(USA) 

Step-level insole 
ground-reaction-
force features 

Decision 
tree + 
LASSO 
feature 
selection → 
logistic 
regression 

Days-to-
healing 
(30-day 
window) 

≈76% 
accuracy / 
precision / 
recall / F1 

10-fold and 
leave-one-out 
CV 

Yu et al. 
2025 [12] 

Animal 
imaging 
study (rat 
micro-CT) 

2,448 micro-CT 
images + bone 
morphometric 
parameters 

VM-TE-
UNet 
segmentatio
n + early-
diagnosis 
model 

Early non-
union 
screening 
(day 14) 

Dice 0.809; 
95th 
Hausdorff 
13.1 

Internal 

Tümen et 
al. 2025 
[24] 

Retrospectiv
e, 346 
scaphoid 
non-union 
patients 

Pre- and post-
operative 
radiographs 
(imaging only) 

TensorFlow
-based deep 
learning 

Union after 
revision 
surgery 

≈93.6% 
accuracy 

Internal 

Suter et al. 
2024 [8] 

Cohort study 
(humeral 

Serial 
radiographs; 

Radiographi
c scoring + 

Humeral 
shaft non-

RUSHU ≤8: 
RR 4.3 (95% 

Internal 
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shaft 
fractures) 

RUSHU at 6 
weeks 

statistical 
analysis 

union CI 2.7–6.9); 
cut-off ≤7: 
82% 
specificity / 
63% 
sensitivity 

Mosfeldt et 
al. 2024 
[27] 

Registry 
cohort 
(admission 
parameters) 

Demographics, 
biochemistry, 
comorbidities 

Multiple 
ML 
classifiers 

1-, 3-, 6-, 
12-month 
mortality 

Good-to-
excellent 
discriminatio
n 

Internal 

Kitcharanan
t et al. 2022 
[28] 

Registry-
derived 
cohort 
(Thailand) 

Demographics 
and 
comorbidities 
(CCI, heart 
disease, BMI, 
dementia, lung 
disease) 

Seven ML 
classifiers 
(GB, RF, 
ANN, LR, 
NB, SVM, 
KNN) 

1-year 
mortality 
after 
fragility 
hip fracture 

Gradient 
boosting and 
random 
forest best; 
web 
application 
deployed 

Internal 

Li et al. 
2021 [29] 

Retrospectiv
e cohort 

Preoperative 
clinical variables 

Novel 
machine-
learning 
algorithm 

Mortality 
risk after 
hip fracture 
surgery 

Improved 
risk 
stratification 
vs 
conventional 
approaches 

Internal 

Shuchami 
et al. 2026 
[30] 

Multicenter 
registry 
(Israel) 

Electronic health 
record variables 

Manual vs 
automated 
ML/DL 
pipelines 

1-year 
mortality in 
elderly hip 
fracture 

Automated 
pipelines 
competitive 
with manual 
modeling 

Internal 

Dijkstra et 
al. 2025 
[14] 

National 
audit 
(Netherlands
), 74,396 
cases 

Preoperative 
demographic and 
clinical variables 

Logistic 
regression 
and ML 
algorithms 

Short- and 
long-term 
mortality 
for shared 
decision-
making 

Adequate 
performance 
for decision 
support 

Internal 
(split-sample) 

Wang 2025 
[31] 

Retrospectiv
e 
administrativ
e cohort 

Sociodemographi
c and 
comorbidity data 

Naïve Bayes 
vs ensemble 
ML 

In-hospital 
mortality 
after 
osteoporoti
c hip 
fracture 

Naïve Bayes 
on par with 
other ML; 
CKD, 
cardiovascula
r and bone-
metabolism 
comorbidities 
most 
influential 

Internal; 
interpretable 
by design 
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Figure 2: Taxonomy of machine learning approaches to fracture healing prediction, with representative 

inputs, methods, tasks, and results. 
 
Model Interpretability and Explainable 
Artificial Intelligence: A recurring barrier to 
clinical adoption of ML-based prediction models, 
across medicine broadly and orthopedic trauma 
specifically, is the “black-box” nature of complex 
algorithms such as deep neural networks and 
gradient-boosted ensembles [15,35]. Explainable 
artificial intelligence (XAI) techniques — most 
prominently SHapley Additive exPlanations 
(SHAP), which quantify each input feature’s 
contribution to an individual prediction using a 
game-theoretic framework — have become the 
dominant approach for addressing this gap in 
clinical prediction modeling [35]. Within the 
fracture healing literature specifically, SHAP 
analysis of the mechanobiology-informed ML 
surrogate model discussed above revealed 
biologically coherent relationships, such as the 
positive influence of screw number on central 
callus stiffness and the negative influence of 
excessive mechanical loading on outer callus 
formation, thereby lending clinical and mechanistic 
credibility to model outputs beyond raw predictive 
accuracy [18]. Similarly, interpretable modeling of 
osteoporotic hip-fracture in-hospital mortality 
identified chronic kidney disease, cardiovascular 
comorbidities, and markers of bone metabolism as 
the most influential predictors, aligning with 
established clinical intuition and supporting 
clinician trust in model outputs [31]. 

More broadly, comprehensive reviews of 
explainable AI in healthcare identify SHAP as the 
most frequently applied interpretability technique 
for structured clinical data, alongside Local 

Interpretable Model-agnostic Explanations (LIME) 
for tabular data and gradient-weighted class 
activation mapping (Grad-CAM) for imaging-based 
models [35]. The integration of such 
interpretability methods is likely to be a 
prerequisite, rather than an optional enhancement, 
for the clinical adoption of fracture healing 
prediction models, given the safety-critical nature 
of decisions — such as revision surgery timing — 
that such predictions may inform. 

Challenges and Limitations: Despite encouraging 
performance metrics across the reviewed literature, 
several methodological limitations recur throughout 
this body of work and constrain its current clinical 
readiness. First, most studies are retrospective and 
derived from single-center cohorts with sample 
sizes ranging from several dozen to a few thousand 
patients, raising concerns regarding overfitting and 
limited generalizability to different patient 
populations, imaging equipment, and clinical 
protocols [13,24,26]. Second, external validation 
— testing a model developed in one population on 
an independent, geographically or temporally 
distinct cohort — remains infrequent across the 
reviewed studies, and where reported, model 
performance often degrades relative to internal 
validation results [10,26]; in a comprehensive 
review of AI in orthopedic trauma, only 14.5% of 
studies underwent external validation and just 3.2% 
reported prospective clinical validation [11]. Third, 
outcome definitions for delayed union and non-
union vary considerably between studies, with 
inconsistent time thresholds and radiographic or 
clinical criteria, which complicates direct 
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comparison of reported model performance and 
precludes meaningful meta-analytic pooling [26].  

Fourth, class imbalance is a persistent issue, since 
non-union represents a minority outcome in most 
fracture cohorts, which can bias model training 
toward the majority “union” class unless 
specifically addressed through resampling or cost-
sensitive learning strategies.  

Fifth, several imaging-based studies rely on animal 
models (notably rodent micro-CT) whose healing 
timelines and biology differ substantially from 
human fracture repair, necessitating caution when 
extrapolating findings to clinical practice [12].  

Sixth, model calibration and clinical net benefit 
(e.g., decision-curve analysis) are infrequently 
reported, so well-discriminating models may still 
be poorly suited to threshold-based clinical 
decisions [14,26].  

Seventh, regulatory and governance considerations 
— including software-as-a-medical-device 
classification, liability, and prospective safety 
monitoring — remain largely unaddressed, as do 
fairness and bias concerns arising from datasets 
skewed by age, sex, fracture etiology, implant type, 
or imaging vendor.  

Finally, integration into real-world clinical 
workflows remains largely unaddressed; few 
studies describe prospective deployment, clinician-
in-the-loop evaluation, or the practical 
infrastructure required to incorporate model outputs 
into routine orthopedic decision-making. 

Future Directions: Several research priorities 
emerge from this synthesis (Figure 3). Multi-center 
prospective data collection and sharing initiatives 
are needed to build sufficiently large, diverse, and 
well-annotated datasets capable of supporting 
robust external validation, mirroring efforts already 
underway in hip-fracture mortality prediction 
through national audit datasets [14]. Standardized 
outcome definitions and reporting frameworks — 
such as adaptation of the TRIPOD (Transparent 
Reporting of a multivariable prediction model for 
Individual Prognosis Or Diagnosis) and CLAIM 
(Checklist for Artificial Intelligence in Medical 
Imaging) guidelines specifically for fracture 
healing prediction — would substantially improve 
comparability across studies [26], and formal risk-
of-bias appraisal using PROBAST should 
accompany future systematic evaluations. Multi-
modal data fusion, combining radiographic 
imaging, wearable-sensor biomechanical data, and 
structured clinical variables within unified models, 
represents a promising direction given the 
complementary information captured by each 
modality [13,18]. Continued development of 
mechanobiology-informed ML surrogates offers 
the prospect of real-time, patient-specific 
simulation of healing trajectories at the point of 
care, without the computational burden of full 
finite-element analysis [18,19]. Finally, 
prospective, ideally multi-center, clinical validation 
studies — including trials assessing whether 
model-guided intervention improves patient 
outcomes relative to standard care — will be 
essential to move this field from retrospective 
proof-of-concept toward routine clinical utility. 

 

 
Figure 3: From current barriers to clinical translation: a research roadmap for ML-based fracture 

healing prediction. 
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Conclusion 

Machine learning and deep learning methods are 
increasingly being applied to the prediction of 
fracture healing outcomes, spanning radiographic 
and micro-CT image analysis, mechanobiology-
informed simulation surrogates, wearable-sensor 
biomechanical monitoring, and clinical registry-
based mortality and complication prediction. 
Reported performance across these domains is 
frequently strong, and the growing incorporation of 
explainable AI techniques such as SHAP is helping 
to bridge the interpretability gap that has 
historically limited clinician trust in algorithmic 
outputs.  

Nonetheless, the field remains predominantly at a 
retrospective, single-center, proof-of-concept stage 
— approximately technology readiness level 3–4 
— with limited external validation and inconsistent 
outcome definitions constraining current clinical 
applicability. Addressing these gaps through multi-
center data sharing, standardized reporting, multi-
modal model development, and prospective clinical 
validation will be essential to realize the potential 
of machine learning as a tool for earlier, more 
objective, and more individualized prediction of 
fracture healing in routine orthopedic trauma care.  

Until such validation is achieved, no currently 
published model should be used for standalone 
clinical decision-making; ML tools should be 
regarded as research adjuncts that complement, not 
replace, clinical and radiographic assessment. 
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