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ABSTRACT

Background: Deep learning, and in
particular the convolutional neural network
(CNN), has moved from proof of concept to
commercial deployment in orthopaedic
trauma within a single decade. Practising
surgeons increasingly encounter these tools
without a clear account of what the evidence
does and does not support.

Objective: To synthesise current evidence
on artificial intelligence across the
orthopaedic trauma pathway, covering
fracture detection, classification, outcome
prediction, operative support and generative
language applications; to appraise the
methodological quality of that evidence; and
to define what 1s required for safe adoption in
India and other low- and middle-income
countries.

Methods: PubMed (MEDLINE), Embase
and Scopus were searched for English-
language, peer-reviewed studies published
between January 2015 and April 2026. Titles,
abstracts and full texts were screened against

pre-specified inclusion and exclusion
criteria, and findings were synthesised
narratively. Methodological quality was

appraised against the domains of QUADAS-

2 for diagnostic-accuracy studies and
PROBAST for prediction-model studies.
Key findings: Pooled sensitivity and
specificity for fracture detection on plain
radiographs clustered around 0.87 to 0.91,
comparable with specialist clinicians, and
clinician sensitivity rose to 0.97 when the
algorithm was used as an adjunct. Site-
specific networks matched or exceeded
expert performance at the hip, distal radius,
scaphoid, proximal humerus, ankle, ribs and
spine. Classification remained weaker
(accuracy 60% to 81% for the distal radius),
and outcome-prediction models gained little
over conventional regression (area under the
curve 0.80 versus 0.79 for 30-day mortality
after hip fracture). Generative language
models  showed  early utility in
documentation and patient education but did
not reach resident-level performance and
produced erroneous content at clinically
relevant rates. Risk of bias was high in about
half of the diagnostic studies, and only about
one model-development study in nine
reported external validation.

Conclusion: Artificial intelligence has
achieved specialist-level accuracy for
fracture detection but has not yet
demonstrated patient-level benefit. The
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priorities for India are representative
multicentric datasets, external wvalidation,
CLAIM- and TRIPOD+AI-compliant
reporting, and prospective clinical-impact
trials rather than further internal-validation
accuracy studies.

Keywords: Attificial intelligence; Deep
learning; Convolutional neural network;
Orthopaedic trauma; Fracture detection;
Large language models.

INTRODUCTION

Artificial intelligence (AI) refers to
computational systems that perform tasks
normally requiring human cognition: pattern
recognition, classification, prediction and
decision support. Two paradigms dominate
medical Al Classical machine learning (ML)
learns rules from structured tabular features
such as age, sex and laboratory values. Deep
learning (DL) uses multi-layer neural
networks, most notably convolutional neural
networks (CNNs), to learn hierarchical
representations directly from raw inputs such
as radiographic pixels 1. Since the 2012
ImageNet breakthrough and the development
of architectures such as VGG, ResNet,
Inception, DenseNet and You-Only-Look-
Once (YOLO), DL has reshaped medical
image interpretation 1,

Orthopaedic trauma is an archetypal early
target for medical Al. Plain radiography
remains the diagnostic cornerstone and
generates the highest imaging volume in
most emergency departments; a fracture is a
discrete visual pattern well suited to CNN
learning; and missed or delayed fracture
diagnosis causes substantial morbidity and is
a leading source of diagnostic malpractice
claims B4, In a classic emergency-
department audit, Guly found that 79.7% of
diagnostic errors were missed fractures, most
often from radiograph misinterpretation
(77.8%) 1. A tool that flags fractures in real
time therefore addresses a documented
failure point rather than a hypothetical one.
The volume of publication has become
difficult to navigate. In a 2025 review of 217
studies, Misir reported that 52.5% appeared

in 2024 alone, with detection (24.4%) and
classification (12.0%) the commonest
applications and the hip/femur, spine and
wrist the most studied regions [®l. Several
meta-analyses report pooled accuracy
approaching or exceeding 90% on plain
radiographs ™1 and a parallel literature
addresses outcome prediction % robotic
fixation, report triage and rehabilitation

monitoring.

Enthusiasm has nonetheless outpaced
validation. Concerns persist regarding
methodological  transparency,  external
generalisability, interpretability, medico-

legal accountability, equity of training data
and workflow integration '"121, This review
synthesises the evidence across the
orthopaedic trauma continuum for the
practising surgeon, appraises its
methodological quality, and states explicitly
what is and is not ready for the Indian clinical
environment.

MATERIALS AND METHODS

Article identification

PubMed (MEDLINE), Embase (Elsevier)
and Scopus were searched for English-
language, peer-reviewed publications from 1
January 2015 to 30 April 2026. Search terms
combined controlled vocabulary and free-
text variants of "artificial intelligence",
"machine learning", "deep learning" and
"convolutional neural network"  with
"fracture", "orthopaedic trauma" and
"musculoskeletal trauma", together with
anatomical site terms. The search was
supplemented by hand-searching reference
lists of retrieved systematic reviews and of
the 2025 review by Misir [6, and by forward
citation tracking of the principal meta-
analyses [-10,

Screening approach

Records were screened in two stages by the
authors: titles and abstracts for topical
relevance, then full texts against the criteria
below. Disagreement was resolved by
discussion. Because this is a narrative rather
than a systematic review, screening was not
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independently duplicated and no record
count or PRISMA flow diagram is reported.

Inclusion criteria

Studies were eligible if they (i) applied Al
ML or DL to a clinical task within the
orthopaedic trauma pathway, including
detection, classification, segmentation,
outcome prediction, operative planning,
documentation or rehabilitation; (ii) reported
quantitative performance against an explicit
reference standard, or were systematic
reviews or meta-analyses of such studies; and
(iii) appeared in a peer-reviewed journal.
Externally validated models, prospective
designs and reader studies with clinician
comparators were prioritised.

Exclusion criteria

Excluded were conference abstracts,
preprints, editorials without original data,
single-case technical demonstrations, studies
of degenerative or oncological disease
without a trauma component, studies in
which the reference standard was not stated,
and duplicate reports of the same dataset.

Rationale for study selection

Selection was purposive rather than
exhaustive, designed to answer a clinical
rather than a bibliometric question: what can
a practising orthopaedic surgeon currently
rely on? Priority went to the highest available
level of synthesis for each task, the largest
and most rigorously labelled datasets, and
studies reporting clinician comparators.
Where several studies conveyed the same
message, representative ones were tabulated
rather  than  described  individually.

PROBAST domains 3141, This article does
not claim systematic review status in the
PRISMA 2020 sense '3, As only published
literature was synthesised, institutional ethics
committee approval was not required.

OVERVIEW OF Al TECHNIQUES
RELEVANT TO ORTHOPAEDIC
TRAUMA

Three technical families account for almost
all published applications. Supervised CNNs
are trained on labelled radiographs to output
a fracture probability or a localisation
bounding box; ResNet, DenseNet, VGG,
Inception, EfficientNet and YOLO variants
predominate I, Classical ML methods,
including regularised logistic regression,
random forests, gradient-boosted trees and
support vector machines, are applied mainly
to tabular clinical data for outcome
prediction % Natural language processing
(NLP), including recent generative large
language models (LLMs), is applied to free-
text reports and electronic health records for
cohort identification, coding and triage 6.
Reported metrics include sensitivity,
specificity, accuracy, predictive values, F1
score and the area under the receiver
operating characteristic curve (AUC);
localisation tasks add intersection over union
and mean average precision. Prediction-
model studies should also report calibration,
not discrimination alone, a requirement
frequently unmet. CLAIM and TRIPOD+AI
are the contemporary reporting standards
116171 and QUADAS-2 and PROBAST the
corresponding risk-of-bias tools ¥4, Figure
1 maps these technique families onto the
trauma pathway and structures the sections

Methodological quality was appraised that follow.
narratively  against QUADAS-2  and
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Figure 1. Current Applications of Artificial Intelligence across the
Orthopaedic Trauma Care Pathway
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Figure 1: Applications of artificial intelligence (Al) across the orthopaedic trauma care pathway. The middle
layer shows the Al tasks deployed at each clinical stage; the lower row summarises the resulting clinical
impacts. CNN, convolutional neural network; CT, computed tomography; DL, deep learning; ML, machine
learning; MRI, magnetic resonance imaging; NLP, natural language processing; XR, radiograph.

Al FOR FRACTURE DETECTION

Detection on conventional radiographs is by
some distance the most mature application,
and three meta-analyses frame the overall
picture (Table 1). Kuo and colleagues,
pooling 42 studies, reported Al sensitivity
and specificity of 0.91 (95% CI 0.84-0.95
and 0.81-0.95 respectively), statistically
comparable with clinicians at external
validation; the clinically important finding
was that clinician sensitivity rose to 0.97
when Al was used as an adjunct rather than

as a replacement ’l. Yang and colleagues
reported closely similar pooled estimates
independently B, and Jung and colleagues,
across 66 studies, confirmed that imaging-
based models substantially outperform
tabular and hybrid approaches !°1. These
estimates must be read against a single
sobering figure: 22 of the 42 studies (52%) in
Kuo's meta-analysis were at high risk of bias
on QUADAS-2 appraisal "I, a caveat first
raised by Langerhuizen and colleagues 18],

Table 1: Major systematic reviews and meta-analyses on artificial intelligence in orthopaedic trauma.

First author, year Scope Studies Key findings
(journal) (n)
Langerhuizen, 2019 Detection and 10 Feasibility established; reference-
(Clin Orthop Relat Res) | classification in trauma standard rigour and external validity
18] imaging flagged
Yang, 2020 (Clin Deep learning in fracture 14 (9 Pooled sensitivity 0.87, specificity
Radiol) ¥ detection pooled) | 0.91
Kuo, 2022 (Radiology) Al in fracture detection 42 Pooled sensitivity and specificity 0.91;
m Al-assisted clinician sensitivity 0.97;
52% high risk of bias
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First author, year Scope Studies Key findings

(journal) (n)

Lex, 2023 (JAMA Netw | Hip fracture detection and | 39 Sensitivity 89.3%, specificity 87.5%;

Open) 1 outcome prediction non-inferior to clinicians; 30-day
mortality AUC 0.80 vs 0.79

Jung, 2024 (PLOS Digit | Detection across image and | 66 Imaging-based models outperform

Health) P! tabular modalities tabular and hybrid; marked
heterogeneity

Mohammed, 2024 (Int J | Taxonomic review of Alin | 85 Six-category taxonomy;

Comput Intell Syst) "1 | orthopaedic disease trustworthiness concerns emphasised

detection

Husarek, 2024 (Sci Rep) | Commercial fracture- 17 Favourable pooled accuracy; industry-

201 detection products funding bias; sparse independent
validation

Oude Nijhuis, 2024 (Eur | Al for distal radius 15 Detection AUC 0.87-0.99;

J Trauma Emerg Surg) fractures classification accuracy only 60-81%

[21]

Misir, 2025 (Injury) ¢ Comprehensive review of | 217 52.5% published in 2024; hip/femur,

Al in orthopaedic trauma spine and wrist most studied

Yu, 2022 (Radiol Artif External validation of DL Not External validation uncommon; 5-10

Intell) 22 radiology algorithms pooled pp accuracy decrement when
performed

Abbreviations: Al, artificial intelligence; AUC, area under the receiver operating characteristic curve; DL,

deep learning; pp, percentage points.

Hip and proximal femur

The hip is the most-studied site; performance
figures for representative studies at every site
are tabulated in Table 2 rather than repeated
here. Urakawa and colleagues trained a
VGG-16 CNN on 3,346 proximal-femoral
images and outperformed five comparator
orthopaedic surgeons on every metric
(accuracy 95.5% versus 92.2%) 231, Cheng
and colleagues added gradient-weighted
class activation mapping to a DenseNet-121,
reaching AUC 0.98 while supplying the heat-
map localisation that supports clinician trust
241, Krogue and colleagues advanced the task
from binary detection to functional
subclassification of femoral-neck and
intertrochanteric fractures 1>5. Mutasa and
colleagues showed that data augmentation
can partly compensate for limited training
sets 26l and Yamada and colleagues
demonstrated the incremental value of
integrating two radiographic views 271,

The definitive synthesis remains that of Lex
and colleagues, covering 39 studies, 39,598
radiographs and 714,939 patient records %1,
Two conclusions carry practical weight. For
diagnosis, the pooled odds ratio for
diagnostic error of ML versus clinicians was
0.79 (95% CI 0.48-1.31), which establishes

non-inferiority but not superiority. For post-
operative outcome prediction, the median
AUC for 30-day mortality was 0.80 against
approximately 0.79 for conventional scoring,
an increment that does not obviously justify
the accompanying loss of interpretability 11,
Wrist, distal radius and scaphoid

The distal radius is the commonest upper-
limb fracture site and is frequently first
assessed by non-specialists, making it a high-
value target for decision support. Reported
AUC:s cluster between 0.90 and 0.99 (Table
2). Suzuki and colleagues approached the
performance ceiling by combining two
views, matching or exceeding three hand
surgeons 1?81, Thian and colleagues illustrate
the opposite caution: sensitivity of 98.1%
was purchased at a specificity of 72.9%, an
operating point that would generate a
substantial false-positive workload in a busy
casualty 2. Gan and colleagues found CNN
performance superior to radiologists and
equivalent to orthopaedists 1’1, while Oude
Nijhuis and colleagues released an open-

source model, a rare contribution to
reproducibility B!, Most importantly,
Lindsey and colleagues showed in a

controlled reader study that decision support
significantly improved clinician sensitivity,
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shifting the evidence from algorithmic
accuracy toward human-machine
performance 1321,

Scaphoid fracture, where a missed diagnosis
commonly progresses to non-union, is of
particular clinical relevance. Hendrix and
colleagues developed and validated a CNN
reaching musculoskeletal-radiologist-level
performance on multi-view radiographs
33,341 "and Ozkaya and colleagues reported
concordant results in an independent
evaluation 1351,

Proximal humerus, ankle and axial
skeleton

Chung and colleagues trained a ResNet-152
for detection and Neer classification of
proximal humerus fractures, exceeding
comparator specialists on binary accuracy
36, Prijs and colleagues reported one of the
few externally validated orthopaedic models,
retaining discrimination for ankle fracture
detection, classification and localisation on
an out-of-distribution test set 37, and Olczak
and colleagues extended this to AO/OTA
2018 malleolar classification B8l In
polytrauma, where rib fractures are
notoriously underdiagnosed, Weikert and
colleagues validated a DL algorithm on
whole-body trauma computed tomography
(CT) with high per-patient sensitivity 3%
Husarek and colleagues have since

synthesised CT-based detection more
broadly ™. Hong and colleagues
demonstrated simultaneous detection of

vertebral fracture and osteoporosis from
lateral  spine  radiographs,  enabling
opportunistic screening !, an application
with plausible public-health value in India.
Paediatric and multi-region models
Paediatric application must contend with
physeal  anatomy and  growth-plate
variability. Dupuis and colleagues externally
validated a commercial algorithm in children
and found preserved but lower performance
than in adults, which argues against
deploying adult-trained models in paediatric
casualty without age-stratified validation 1421,
Regnard and colleagues assessed a
commercial algorithm across limbs, pelvis,
focal bone lesions and elbow effusions with
measurable  improvement in  reader
performance 1 and Anderson and
colleagues showed that DL assistance closed
the accuracy gap between less-experienced
and specialist clinicians, the largest gains
accruing to  residents and  non-
musculoskeletal radiologists “4l; Cohen and
colleagues reported non-inferiority for wrist
fractures 51, Two workflow studies report
acceptable turnaround in prospective routine
use "I and fewer missed fractures without
an increase in reading time 121,

Table 2: Representative deep-learning studies for fracture detection across major anatomical regions.

Anatomical site First author,

(journal)

year

Architecture / dataset

Reported performance

Intertrochanteric hip | Urakawa, 2019

VGG-16; 3,346 images

Accuracy 95.5% vs 92.2% for

Digit Imaging) 26!

(Skeletal Radiol) 3! 5 surgeons

Hip (pelvic Cheng, 2019 (Eur DenseNet-121 + Grad- AUC 0.98 with heat-map

radiograph) Radiol) 4 CAM,; 25,505 radiographs localisation

Hip (multi-class) Krogue, 2020 DenseNet detection; 3,026 Binary accuracy 93.7%;
(Radiol Artif Intell) hips functional subclassification
125]

Femoral neck Mutasa, 2020 (J CNN with GAN and DRR Detection AUC 0.92; Garden

augmentation; 9,063 images

classification AUC 0.96

Distal radius

Gan, 2019 (Acta
Orthop) P

Inception-v4 + Faster R-
CNN; 2,340 radiographs

AUC 0.96; superior to
radiologists

Distal radius

Thian, 2019 (Radiol
Artif Intell) !

Inception-ResNet Faster R-
CNN; 7,356 studies

Sensitivity 98.1% but
specificity 72.9%

Distal radius

Suzuki, 2022 (J Digit
Imaging) 8

DCNN on two views

Accuracy 99.3%, AUC 0.993

Wrist (decision
support)

Lindsey, 2018 (Proc

Natl Acad Sci USA)
132]

U-Net + DCNN; 135,409
radiographs

Clinician sensitivity
significantly improved
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Anatomical site First author, year

(journal)

Architecture / dataset

Reported performance

Scaphoid Hendrix, 2021

133]

CNN; multi-view hand and
(Radiol Artif Intell) wrist

Musculoskeletal-radiologist-
level discrimination

Proximal humerus Chung, 2018 (Acta

ResNet-152; shoulder

Accuracy 96% vs 93% for

Orthop) P#!

Orthop) P! radiographs specialists

Ankle Prijs, 2023 (Eur J CNN with external Discrimination retained out of
Trauma Emerg Surg) | validation distribution
1371

Ankle (AO/OTA) Olczak, 2021 (Acta CNN; AO/OTA 2018 High correct-classification

malleolar rate

Rib (trauma CT) Weikert, 2020

(Korean J Radiol) !

DL; whole-body trauma CT

High per-patient sensitivity

Vertebra (lateral
radiograph)

Hong, 2023 (J Bone
Miner Res) 41l

DL spine radiograph model

Concurrent fracture and
osteoporosis detection

Paediatric Dupuis, 2022 (Diagn

Interv Imaging) 42!

Commercial DL; external
validation in children

Preserved but lower than
adult performance

Multi-region
limb/pelvis

Regnard, 2022 (Eur J
Radiol) 3

BoneView commercial DL

Improved reader detection of
fractures and dislocations

Abbreviations: AUC, area under the receiver operating characteristic curve;, CNN, convolutional neural
network; CT, computed tomography, DCNN, deep convolutional neural network,; DL, deep learning; DRR,
digitally reconstructed radiograph; GAN, generative adversarial network.

Al FOR FRACTURE
CLASSIFICATION

If detection is the field's success story,
classification is its reality check.
Classification supports AO/OTA coding,
operative decision-making and outcome
stratification, but performs consistently
worse than detection because the reference
standard itself carries substantial inter-
observer  disagreement.  Olczak and
colleagues achieved a high rate of correct
AO/OTA-2018 malleolar classification 381,
and Chung and colleagues reported Neer
classification concordant with specialists 1361,
The clearest quantification of the gap comes
from Oude Nijhuis and colleagues: across 15
distal radius studies, classification accuracy
was 60-81% and AUC 0.59-0.84, against
0.87-0.99 for detection in the same series 12!,
Prediction of loss of reduction after cast
immobilisation, the most clinically
actionable task in this domain, remains an
open question 211,

Al FOR OUTCOME PREDICTION

Prognostic = modelling  has  attracted
comparable enthusiasm and delivered less.
Published models address predominantly
hip-fracture mortality, length of stay,
delirium, 30-day complications, discharge

destination and functional recovery. The
synthesis by Lex and colleagues found only
modest incremental discrimination over
conventional  regression, with  wide
heterogeneity in input variables and model
complexity ', Beyond the hip, models exist
for distal-radius functional outcomes, non-
union risk after long-bone trauma and
neurological recovery in spinal trauma. The
recurring lesson is that well-specified clinical
scores remain competitive benchmarks, and
that most apparent ML gains derive from
high-dimensional data integration rather than
from the algorithm itself 1%l Responsible
deployment therefore requires calibration
assessment, external  validation and
PROBAST-compliant appraisal 4],

METHODOLOGICAL QUALITY OF
THE EVIDENCE BASE

Headline accuracy figures in this field are
systematically optimistic, for structural
rather than incidental reasons. Appraised
against QUADAS-2 and PROBAST
domains, the same weaknesses recur across
diagnostic and prognostic studies alike
(Table 3). Patient selection is usually
retrospective and single-centre, often with
case-control sampling and exclusion of
technically imperfect radiographs, which are
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precisely the images on which clinicians
most need help. Reference standards are
frequently derived from radiology reports
rather than CT, operative findings or follow-
up, so the model learns to reproduce the
reporting radiologist rather than the
underlying truth. Index-test thresholds are
commonly selected after the fact, and
prediction-model studies report
discrimination while omitting calibration.

Two quantitative anchors define the scale of
the problem. Kuo and colleagues judged 52%
of the 42 studies in their meta-analysis to be

at high risk of bias !”l, and Oliveira e Carmo
and colleagues, screening 1,349 records,
found that of 36 studies developing a CNN
for fracture detection or classification only
four (11%) reported any external validation
[46]: Yu and colleagues reached the same
conclusion across radiology more broadly
221, The practical implication is that a
reported internal AUC of 0.95 should be
discounted rather than accepted at face value,
the decrement on out-of-distribution data
being of the order of 5 to 10 percentage
points 221,

Table 3: Recurrent risk-of-bias concerns in orthopaedic trauma Al studies, mapped to QUADAS-2 and

PROBAST domains.

Domain (tool) Recurrent problem

Illustrative evidence

Patient selection

Retrospective single-centre or case-control sampling;

52% of 42 studies at high risk

reported selectively

(QUADAS-2) equivocal and technically poor radiographs of bias 7

excluded, inflating apparent accuracy
Index test Thresholds chosen after analysis; readers unblinded Design limitations flagged
(QUADAS-2) in adjunct studies; best-performing model iteration from the outset 18!

Reference standard
(QUADAS-2)

Labels from radiology reports rather than CT,
operative findings or follow-up; inter-observer

Classification accuracy 60-
81% vs detection AUC 0.87-

disagreement rarely quantified

0.99 121

Flow and timing

Excluded images incompletely accounted for; partial

Heterogeneity across 66

populations; external validation rare and
performance falls when performed

(QUADAS-2) verification of the reference standard studies !

Predictors and Data-driven predictor selection without clinical Wide heterogeneity in inputs
outcome rationale; outcome definitions differ across registries | and complexity [
(PROBAST)

Analysis Discrimination reported without calibration; low Median AUC 0.80 vs 0.79 for
(PROBAST) events-per-variable; overfitting unaddressed regression 1%

Applicability (both) | Training data skewed away from South Asian 4 of 36 CNN studies (11%)

externally validated (22461

Abbreviations: Al, artificial intelligence; AUC, area under the receiver operating characteristic curve; CNN,

convolutional neural network; CT, computed tomography;, PROBAST, Prediction model Risk of Bias
Assessment Tool; QUADAS-2, Quality Assessment of Diagnostic Accuracy Studies 2.

PRE-OPERATIVE PLANNING,
ROBOTICS AND INTRA-OPERATIVE
APPLICATIONS

Beyond diagnosis, Al is being applied to the
operative episode itself. Automated fragment
segmentation and virtual reduction have
progressed beyond feasibility at selected
sites: Jeon and colleagues clinically validated
a deep-learning segmentation and simulation
model for Neer 3- and 4-part proximal
humerus fractures, which reproduced post-
operative anatomy more closely than manual
reduction (Dice coefficient 0.78 versus 0.69,
P <0.001) in less working time 47l In spinal

trauma, commercial robotic platforms
integrate Al-guided trajectory planning with
intra-operative navigation, with comparative
studies reporting improved pedicle-screw
accuracy relative to freehand technique 31,

Post-operative surveillance is more mature.
Tan and colleagues developed classification
and object-detection models for implant cut-
out on post-operative pelvic radiographs
using 40,191 images, achieving an AUROC
0f 0.998 and 95.5% localisation accuracy on
true-positive images, a proof of concept for
automated monitoring of fixation failure 41,
Intra-operative fluoroscopic analysis of
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reduction quality and implant position,
including tip-apex distance in
cephalomedullary nailing, is a logical
extension of detection-domain CNNs but
remains far less mature. Theatre translation
additionally requires real-time inference,
vendor-neutral integration with fluoroscopy
workstations and certification as Software as
a Medical Device.

GENERATIVE AI AND LARGE
LANGUAGE MODELS IN
ORTHOPAEDIC TRAUMA

The applications so far are discriminative:
the model assigns a label to an image or a
patient. Generative models produce text
instead, and have entered orthopaedic
practice through the clinic, the consent
conversation and the electronic record rather
than the radiology worklist. Two systematic
reviews map this literature. Zhang and
colleagues found wide heterogeneity in how
performance was defined, with diagnostic
accuracy of 55% to 93% and orthopaedic
examination scores of 45% to 73.6%, and
concluded that LLMs cannot replace
orthopaedic professionals in the short term
but may serve as a copilot 5. Mo and
colleagues, reviewing 60 studies, found that
newer models  outperformed  their
predecessors but that orthopaedic residents
(74.2-75.3%) continued to outscore the

models on in-training examination questions
[51]

Clinical documentation

Documentation is the most rigorously tested
application to date. Baker and colleagues
conducted a blinded randomised trial
comparing typing, dictation and ChatGPT
for documenting the history of present illness
from standardised patient histories. The
LLM produced longer and, on the Physician
Documentation Quality Instrument, higher-
quality histories than either comparator, but
introduced erroneous information into 36%
of documents 1521, That combination of better
prose and unreliable facts mandates clinician
verification of every generated note before it
enters the record. Related NLP applications,

including automated cohort identification,
fracture-registry population and severity
coding from unstructured reports, make
lighter demands on factual generation and are
correspondingly closer to deployment 161,

Patient education

Patients now consult chatbots before and
after fracture consultations, whether or not
surgeons endorse it. Christy and colleagues
found an online platform's answers to
common distal radius fracture questions
broadly appropriate but variably reliable 331,
and the wider orthopaedic pattern is
consistent: readability and tone are good,
while accuracy, currency and source
attribution are not 3%, For Indian practice,
where patient material in regional languages
is scarce, the pragmatic model is surgeon-
curated rather than patient-facing: LLM-
drafted counselling material reviewed and
approved by the treating clinician before
release.

Operative planning support

This is the weakest evidence domain and
should be described as such. No validated
LLM application for operative planning in
orthopaedic trauma has been reported;
published work is confined to examination
and clinical-vignette questions rather than
implant or approach recommendations for
real patients, and Mo and colleagues
identified image analysis as a functionality
that remains largely unstudied B,
Multimodal models combining radiographic
input with clinical text are a plausible
direction, but at present this is a research
agenda rather than a clinical tool.

Limitations and hallucination risk

Four limitations constrain all current LLM
use in trauma. First, hallucination: models
generate fluent but fabricated content, most
notoriously in citations. Bhattacharyya and
colleagues found that most references
generated by ChatGPT in medical content
were fabricated or inaccurate 34l; the same
failure mode applied to a clinical statement is
more dangerous than a false radiographic
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positive, because it arrives with no image
against which to check it. Second, non-
determinism: the same prompt may yield
different answers on different days or model
versions, which is incompatible with the
reproducibility expected of a medical device.
Third, data governance: entering patient
identifiers into public LLM endpoints raises
confidentiality obligations that most Indian
institutions have not addressed in policy.
Fourth, regulatory status: general-purpose
LLMs are not cleared as Software as a
Medical Device for diagnostic use in any
major jurisdiction, and responsibility for any
resulting error rests entirely with the treating
surgeon.

REHABILITATION AND WORKFLOW
INTEGRATION

Pose-estimation and  wearable-sensor
systems allow objective monitoring of range-
of-motion recovery and activity after
fixation, and are amenable to smartphone-
based tele-rehabilitation, a meaningful
proposition for rural Indian follow-up where
formal physiotherapy is scarce. Vogel and
colleagues note, however, that much of the
supporting evidence derives from other
medical domains and has yet to be validated
in orthopaedic trauma populations 1. At
departmental level, NLP-based triage of
emergency radiology worklists could bring
high-risk studies to attention earlier,
although patient-level benefit is unproven 61,

COMMERCIAL PRODUCTS AND
REGULATORY LANDSCAPE
Commercial translation has run ahead of
independent evaluation. Van Leeuwen and
colleagues catalogued more than 100
commercially available Al radiology
products in a single year and found the
supporting scientific evidence limited for
many 3%, Husarek and colleagues reported
broadly favourable pooled accuracy across
commercial fracture-detection systems but
flagged industry-funded study design and
sparse independent validation ?° Several
such systems, including Gleamer BoneView,
are in routine European and North American
emergency-department use 143561,

Regulation is evolving unevenly. The
European Union Medical Device Regulation
and the EU Al Act impose post-deployment
monitoring obligations, and the United States
Food and Drug Administration increasingly
emphasises post-market surveillance and
transparent change control for adaptive
algorithms. India regulates through the
Central Drugs Standard Control
Organisation under the Medical Device
Rules, within which software-based devices
are still being accommodated; deployment in
Indian institutions therefore remains limited
and largely at the discretion of individual
centres.

CHALLENGES AND LIMITATIONS
Beyond study-level risk of bias, several
cross-cutting challenges constrain
translation. Training datasets are heavily
skewed toward North American, European
and East Asian populations; differences in
bone density, body habitus, implant selection
and radiographic protocol limit direct
transferability 6. Interpretability remains
partial: saliency mapping offers visual
plausibility but not causal explanation
adequate for medico-legal scrutiny, and Zech
and colleagues showed that models can
achieve apparently high performance by
latching onto confounders such as side
markers and scanner artefacts 371,
Reference-standard variability confounds
cross-study comparison, since report-based
labels, expert consensus and operative
confirmation are not interchangeable.
Automation bias and algorithm aversion are
both documented failure modes, so Al output
should be framed as adjunctive rather than
authoritative. Medico-legal accountability in
India remains ambiguous, health-economic
evaluation is sparse, and the capital and
integration costs of commercial products are
substantial for public-sector institutions.

Limitations of this review

This is a narrative review: selection was
purposive, screening was not independently
duplicated, no PRISMA flow diagram is
presented and no quantitative pooling was
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undertaken, so selection bias cannot be
excluded. Risk-of-bias appraisal was
narrative and domain-based rather than a
formal scored assessment of every included
study. The commercial landscape in
particular is likely to have changed between
the final search and publication.

INDIAN AND LOW- AND MIDDLE-
INCOME COUNTRY CONTEXT

Three features of Indian trauma practice
shape Al priorities. First, road-traffic and
occupational fracture volume is high and
case-loads routinely exceed the specialist
staffing of district hospitals, so decision
support that raises the floor of resident and
emergency-physician ~ performance  has
greater marginal value here than tools that
raise the specialist ceiling. Second, digital
radiography is now widespread, but picture-
archiving and communication systems are
inconsistently deployed, which constrains
real-time integration far more than algorithm
accuracy does. Third, representative Indian
datasets are scarce: no large-scale, consented
Indian  trauma  imaging  repository
comparable to international resources such as
FracAtlas 38! exists. Curating a multicentric
Indian registry under appropriate ethical
governance is the highest-yield investment
available, and federated learning offers a
privacy-preserving route suited to the Indian
hospital landscape.

Future Directions

Priorities for the next five years follow from
the deficiencies identified above: multicentre
prospective validation with pre-registered
protocols; uniform adherence to CLAIM,
TRIPOD+AI and DECIDE-AI reporting
standards; benchmark datasets inclusive of
South  Asian  populations;  pragmatic
randomised trials testing whether Al reduces
missed-fracture rates, shortens time to theatre
or improves patient-reported outcomes;
multimodal integration of imaging and
clinical data; explainable architectures
adequate for medico-legal accountability;
and incorporation of Al appraisal into
residency curricula. What the field does not

need is another generation of internal-
validation accuracy studies.

CONCLUSION

Artificial intelligence, and particularly CNN-
based deep learning, has achieved specialist-
level diagnostic accuracy for fracture
detection on conventional radiographs across
the major sites of orthopaedic trauma, and
demonstrably improves the performance of
less-experienced clinicians when used as
decision support. Its record elsewhere is
weaker: classification lags behind detection,
outcome prediction offers little over
conventional regression, and generative
language models remain unreliable in factual
output. Roughly half of the diagnostic
literature carries a high risk of bias and only
about one study in nine reports external
validation, so published accuracy should be
read as an upper bound rather than an
expectation. Translation into routine Indian
practice requires external validation on
representative datasets, prospective clinical-

impact evidence, clear medico-legal
frameworks and investment in national
trauma imaging registries. Until that

evidence exists, the orthopaedic surgeon
should treat artificial intelligence as a clinical
adjunct and retain full diagnostic and
therapeutic accountability.
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