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Abstract

Degenerative spine disorders are a leading cause of disability worldwide and impose a growing burden on health systems, particularly
in low- and middle-income countries. Large language models are emerging as powerful tools capable of supporting clinical decision-
making, synthesising complex evidence, generating patient-specific explanations, and improving clinical documentation. Their ability
to process free-text clinical narratives and integrate multiple sources of information makes them particularly suited to degenerative
spine care, where decision-making requires the integration of symptoms, neurological findings, imaging, and patient preferences.

This narrative review examines the evolving role of artificial intelligence in spine surgery, with particular emphasis on large
language models in degenerative conditions of the cervical and lumbar spine. We describe current and emerging applications across
clinical triage, radiological interpretation, guideline synthesis, patient communication, and workflow optimisation. Building on these
insights, we propose a structured six-level clinical decision-making framework spanning initial patient contact to postoperative care.

We also discuss key ethical, medico-legal, and governance considerations relevant to the safe implementation of these
technologies, particularly in resource-constrained environments. Large language models are unlikely to replace clinical judgment;
however, when integrated within structured workflows and appropriate safety systems, they have the potential to enhance the quality,

efficiency, and equity of degenerative spine care globally over the coming decade.

Introduction

ow back pain remains the leading cause of years lived with
disability worldwide, with a growing burden driven by
degenerative spine conditions such as lumbar disc herniation,
lumbar canal stenosis, degenerative spondylolisthesis, and
cervical spondylotic myelopathy'2.Clinical decision-making in
these disorders is complex, requiring integration of symptoms,
neurological findings, imaging, comorbidities, and patient
goals, often under time constraints.
Artificial intelligence (AI) and machine learning
(ML) approaches are increasingly explored in spine surgery,
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particularly for outcome prediction, risk stratification, and
imaging analysis *°. However, these models are typically task-
specific, dependent on structured inputs, and limited in their
ability to process the free-text clinical narratives that dominate
routine spine practice.

Large language models (LLM) represent a significant
evolution in artificial intelligence, with the ability to process
natural language, integrate diverse sources of information,
and perform complex reasoning tasks”'’. Early studies
suggest potential applications in clinical decision support,
patient education, and workflow optimisation, but guidance
on their integration into degenerative spine care—particularly
in resource-constrained settings—remains limited' '¢. This
narrative review examines the role of LLMs in degenerative
spine care, current and emerging applications, a clinically
oriented decision-making framework, and key ethical and
governance considerations!’?’.

From Traditional Machine Learning to Large Language
Models in Spine Care

Early Al work in spine surgery was dominated by conventional
machine learning (ML) approaches. Using curated datasets
with  predefined variables (e.g., age, comorbidities,
radiographic parameters, baseline ODI or VAS), models such
as logistic regression, random forests, gradient boosting, and
neural networks have been applied to predict postoperative
improvement, estimate complications such as surgical site
infection or non-union, and classify imaging findings in scoliosis
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and degenerative disease *°.

Lopez et al. found that most Al applications in spine
surgery focused on patient selection and outcome prediction
after fusion, decompression, or tumour surgery’. Subsequent
reviews have reported good discrimination for functional
outcomes and complication risks but highlighted limitations
in generalisability, external validation, and interpretability*.
Prognostic models have also been developed to predict pain and
disability trajectories following lumbar disc herniation surgery®.

Despite their promise, conventional ML models
generally require structured, labelled datasets, are designed
for narrow tasks, and cannot directly process the free-text
narratives common in clinic notes, radiology reports, and patient
communication.

By contrast, large language models (LLMs) are
transformer-based systems trained on large text corpora, including
biomedical literature and clinical-like documents7—10. Rather
than structured prediction alone, LLMs are designed to process
language, enabling tasks such as clinical triage, explanation,
summarisation, and shared decision-making support. In spine
care, an LLM may integrate symptoms, imaging reports, and
guidelines to generate a structured explanation of diagnoses and
management options, while traditional ML remains better suited
for numeric prediction tasks such as outcome estimation. Table
1.

Table 1. Traditional machine learning (ML) versus large
language models (LLMs) in degenerative spine

Feature Traditional ML models Large language mod-
els

Typical Structured numerical or | Free-text symptoms,

inputs categorical variables (age, | examination notes, ra-

ODI, comorbidities, radio- | diology reports, guide-
graphic angles) lines, patient questions

Output Probabilities, classifica- Narrative explana-

type tions, risk scores tions,  recommenda-
tions, summaries,
counselling text

Task Narrow, task-specific (e.g. | Broad, multi-task (tri-

scope predict ODI improvement) | age, education, docu-
mentation)

Data Curated, labelled datasets Large text corpora;

require- less need for task-spe-

ments cific labels

Suitability Strong for outcome predic- | Strong for triage, ex-

for degen- | tion and risk stratification | planation, shared deci-

erative spine sion-making

Suitability | Limited by need for | Potentially high, as

in high-quality labelled da- | models can be used

LMICs tasets with minimal local
structured data but
require governance
and adaptation

Current and Emerging Applications of LLMsin Degenerative

Spine Care

Clinical decision support in common degenerative scenarios

Early studies have evaluated LLM performance in spine-related
clinical decision-making. Almekkawi et al. found that Chat
GPT and Claude could approximate spine surgeons’ decisions
in selected surgical and radiological scenarios, albeit with

variability and occasional clinically important errors *. Lang
et al. suggested that Chat GPT may support diagnostic and
treatment decisions in lumbar spinal stenosis, particularly in
summarising conservative options and surgical indications'.
Similar studies have reported promising performance while
emphasising the need for expert oversight '°.

In routine degenerative spine care, LLMs may assist by
structuring and cross-checking decision pathways in conditions
such as lumbar disc herniation, lumbar stenosis, degenerative
spondylolisthesis, and cervical myelopathy. They can summarise
red flags, correlate symptoms with imaging findings, and
generate guideline-linked management narratives to support—
rather than replace—clinical judgment, particularly under time
pressure or in training environments.

Literature synthesis and guideline interpretation

LLMs can summarise biomedical literature, assist in evidence
synthesis, and generate responses to clinical queries®'*?!. In
degenerative spine care, this may support rapid appraisal of
evidence for procedures such as decompression versus fusion,
minimally invasive approaches, or non-operative therapies.
Retrieval-augmented generation (RAG) in which the model
accesses curated guidelines or literature repositories (e.g.,
NASS or AO Spine recommendations), is particularly valuable
because it reduces hallucinations and improves traceability of
recommendations ™!

Patient education and shared decision-making

Negrini et al. reported that Chat GPT-generated patient
education material for idiopathic scoliosis was generally clear
and accessible but variable in scientific accuracy, supporting
its use as an adjunct rather than a replacement for expert-
reviewed material'"'*. In degenerative spine care, LLMs may
generate explanations of lumbar stenosis, disc herniation, or
cervical myelopathy at different literacy levels and in local
languages, potentially improving informed consent and patient
understanding in high-volume LMIC settings.

Documentation and workflow optimisation

LLMs are increasingly used to support clinical documentation,
including consultation summaries, operative notes, discharge
summaries, referral letters, and follow-up templates20. Reviews
consistently identify administrative support as a high-yield
early application!?!31528 In LMIC centres, such efficiencies may
reduce administrative burden and allow more time for complex
decision-making and teaching.

Technical Foundations Relevant to Spine Surgeons

Spine surgeons do not need detailed expertise in deep learning
to use LLMs safely, but familiarity with key concepts is
useful. LLMs are transformer-based systems trained on large
text corpora and subsequently refined to better follow user
instructions7,10. Models are pretrained on large corpora and
then often “instruction-tuned” on curated datasets to better
follow user prompts.

A clinically important concept is retrieval-augmented
generation (RAG), in which LLMs access external, up-to-
date sources such as guidelines or institutional protocols to
supplement internal training knowledge”®!". This is particularly
relevant in degenerative spine care, where evolving evidence
may influence indications for fusion or minimally invasive
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procedures.Clinicians must also be aware of typical LLM failure
modes. These include hallucinations (confident but incorrect
statements), inconsistency across similar prompts, sensitivity to
superficial prompt changes and embedding of biases present in
training data %1718, Recent studies have also highlighted how
non-clinical features of a patient’s message (e.g., style, grammar,
emotional tone) can inappropriately influence LLM outputs,
potentially leading to unsafe advice if not supervised. These
behaviours underscore the importance of using LLM outputs as
decision support, not as autonomous decision-makers.

Table 2. Key risks of LLM use in spine care and potential
mitigation strategies

Risk Description Potential mitigation
Hallucina- | Confident, incorrect state- | Use RAG with curated
tion ments not supported by evi- | guideline repositories;

dence mandate human verifi-
cation
Automation | Over-reliance by clinicians, | Training on Al literacy;
bias especially trainees clear institutional poli-
cies on LLM role

Bias and in- | Reduced performance in | Ongoing evaluation in

equity under-represented popula- | LMIC cohorts; fine-
tions tuning with local data
where feasible
Privacy |Inadequate de-identifica- | Use on-premise or
breaches tion or insecure data trans- | regionally compliant
fer models; strict data gov-
ernance
Regulatory | Lack of clear liability and | Align with emerging
uncertainty | approval pathways WHO and national
guidance; integrate
into hospital Al gover-
nance structures

An LLM-Enhanced Clinical Decision-Making Framework
for Degenerative Spine Care

To structure the safe integration of LLMs into spine practice,
we propose a six-level framework centred on degenerative
conditions, from first contact to follow-up (Figure 1).

N
ion and patient educati ] w

T Clinical oversight and
[ Level 4: Prognosis and ion planning ] feedback at each level
[ Level 3: Surgical candidacy stratification ]

Level 5: Dy

f

Level 2: Integration of imaging reports

f

Level 1: LLM assisted history and red flag triaging

Level 0: Surgeon led evaluation

|

Figure 1. LLM-enhanced degenerative spine care pathway. The framework

illustrates six levels of integration, from surgeon-led evaluation (Level

0) to LLM-assisted history and red-flag triage (Level 1), integration of

imaging reports (Level 2), surgical candidacy stratification with evidence
summaries (Level 3), prognosis and rehabilitation planning (Level 4), and
documentation and patient education (Level 5). Clinician oversight and
feedback operate at all levels.

Level 0 — Surgeon-led baseline
Clinical judgment remains the foundation of spine care. All LLM
use is optional, adjunctive and subject to clinician oversight.

Level 1 — History triage and red-flag screening

At first contact, particularly in primary care or emergency triage
settings, LLMs can help structure patient narratives. A clinician
or trained assistant enters the patient’s free-text symptoms,
which the LLM converts into a structured summary: onset and
duration of back or neck pain, radicular distribution, aggravating
and relieving factors, red-flag features (recent trauma, fever,
weight loss, sphincter dysfunction), and myelopathic symptoms.
In LMIC settings where non-specialists often perform initial
assessments, such structured outputs may reduce missed red
flags and support timely referral'™ 2.

Level 2 — Integration of imaging reports

Once imaging is available, LLMs can parse MRI or CT reports,
extracting key descriptors such as the level and severity of
central canal or foraminal stenosis, presence of disc herniation,
translation or angulation in spondylolisthesis, and degree of cord
compression or signal change. The model can then align these
findings with the clinical picture summarised at Level 1. For
example, it may highlight that severe L4—L5 stenosis with classic
neurogenic claudication symptoms is concordant, whereas
multi-level degenerative changes with predominantly non-
specific low back pain suggests a more conservative trajectory.
This level is particularly useful in high-volume clinics, where
rapidly synthesising multiple reports is challenging.

Level 3 — Surgical candidacy stratification

At this stage, the surgeon remains the decision-maker but can
request an LLM-generated evidence summary tailored to the
patient’s profile. For a 60-year-old with single-level degenerative
spondylolisthesis, predominant leg pain and failure of a six-
month conservative trial, the system might summarise key
trials comparing decompression alone versus decompression
with fusion, outline expected outcomes and risk profiles, and
highlight factors that tilt the balance towards one option or
another. The LLM thus acts as an on-demand, context-aware
literature assistant, particularly helpful in settings where ready
access to full-text articles is limited.

Level 4-Prognosis, rehabilitation and return-to-work
counselling

For patients undergoing surgery or long-term conservative
care, LLMs can generate recovery timelines, highlight risk
factors that may delay return to work or baseline function, and
provide a first draft of a rehabilitation plan that physiotherapist
can refine. For example, after lumbar decompression without
fusion, the model can suggest typical milestones for pain
reduction, walking tolerance and lifting restrictions, adapted to
the patient’s occupation. In LMIC contexts where rehabilitation
services may be fragmented, such templated plans, suitably
adapted by local clinicians, may support more consistent post-
operative counselling.

Level 5 — Documentation, education and audit

Finally, LLMs can assist with generating operative notes,
discharge summaries, follow-up letters and patient education
leaflets, based on structured inputs from the surgeon. Over
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time, these outputs can be standardised and audited for quality
and consistency. In teaching hospitals, LLMs may help junior
trainees draft notes that senior surgeons can quickly validate,
improving both efficiency and training.

LMIC-Specific Opportunities and Challenges

Spine care in LMICs is characterised by late presentation, limited
access to imaging and specialist surgeons, and constrained
operating capacity 7. Recent narratives on global spine
surgery emphasise bottlenecks in “time to spine” pathways,
where administrative and logistical delays compound the effects
of scarce resources20. Endoscopic and minimally invasive spine
techniques are particularly challenging to implement, given
shortages in equipment and training '%.

Within this context, LLMs offer several specific
advantages. First, they can support non-specialist clinicians
in primary and secondary care by structuring back pain
assessments, identifying red flags and suggesting when to refer,
thereby improving triage quality without requiring immediate
specialist involvement. Second, they can help prioritise which
patients most urgently need imaging or surgical consultation,
by combining symptom profiles and basic examination findings
into risk-focused narratives. Third, they can produce patient
education materials in local languages and at appropriate
literacy levels, potentially improving adherence to conservative
measures and post-operative instructions.

However, LMIC deployment also raises particular
challenges. Internet bandwidth may be unreliable, making
reliance on large cloud-hosted models impractical. Data
protection frameworks may be less mature, heightening
concerns about transmitting sensitive clinical information to
external servers. Locally hosted or regionally federated LLM:s,
potentially fine-tuned on anonymised local data, may therefore
be preferable for long-term sustainability.

Ethics, Governance and Regulatory Considerations

Ethical concerns regarding Al in health—including transparency,
accountability, equity, privacy and the need for human
oversight—have been extensively discussed in the general
literature 2?7, The World Health Organization and other bodies
have issued guidance for the use of Al and, more recently, large
multimodal models in healthcare, emphasising that these systems
must not undermine human autonomy, must be developed
inclusively, and must be subject to rigorous evaluation before
clinical deployment®?. National frameworks, including those
from agencies such as the Indian Council of Medical Research,
echo these principles and propose governance mechanisms for
Al tools used in clinical care %'

In the context of LLMs for degenerative spine care, several
specific issues warrant consideration:

1. Over-reliance and automation bias. There is a risk that
clinicians, particularly trainees, may over-trust LLM
outputs. Institutional policies should explicitly state that
LLMs provide decision support, not definitive clinical
decisions.

2.Data protection and consent. Institutions need clear
policies on what patient data can be processed by external
Al services, how it is de-identified, and whether explicit
patient consent is required.

3.Transparency and auditability. Any Al system that
influences clinical care should provide logs of inputs
and outputs, enabling retrospective review and quality
assurance.

4.Equity. LLMs trained primarily on data from high-income
settings may embed biases that reduce performance in
LMIC populations. Ongoing evaluation in diverse contexts
is mandatory.

5.Liability. Regulatory frameworks will need to address
whether responsibility for Al-related errors rests with
clinicians, institutions or vendors, and under what
conditions.

Adhering to emerging international guidelines on responsible
Al, and integrating LLM deployment into existing clinical
governance structures, will be essential to harness benefits while
minimising harm.

Future Directions

Looking ahead, several developments are likely to shape
the role of LLMs in degenerative spine surgery. Multimodal
models capable of directly ingesting imaging data alongside
text may allow more nuanced integration of MRI/CT findings
with clinical narratives. Digital “spine twins” that combine
biomechanical simulation with LLM-based reasoning could
support personalised planning for complex deformity or revision
surgery. On the operational side, hospital-tuned LLMs with
embedded local guidelines and EMR integration may provide
real-time decision support at the point of care.

At the same time, rigorous prospective evaluation
is needed. Recent systematic reviews of LLMs in medicine
highlight the heterogeneity of evaluation methods and the
paucity of high-quality, task-specific validation studies '>'".
Spine-specific benchmarks for scenarios such as lumbar stenosis
triage, myelopathy detection, or postoperative complication
counselling would allow more meaningful comparison of
models and safer deployment.

Conclusion

LLMs represent a major advance in Al capabilities,
particularly suited to the language-intensive tasks that permeate
degenerative spine care. They can assist with triage, radiology
report interpretation, guideline synthesis, patient education and
documentation, and their potential impact may be greatest in
high-volume, resource-constrained LMIC settings. However,
these tools are not a replacement for clinical judgment and must
be embedded within carefully designed workflows, supported
by robust ethical and governance frameworks. The six-level
clinical decision-making framework proposed here offers one
possible structure for staged implementation. As evidence
accumulates and regulatory guidance matures, spine surgeons
should be active partners in shaping how LLMs are used—
ensuring that their adoption enhances, rather than undermines,
the quality and equity of spine care worldwide.
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