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 A B S T R A C T

Background and Objective: Low back pain (LBP) is the leading global cause of disability, arising from 
complex structural, clinical, behavioral, and psychosocial factors. Although artificial intelligence (AI) has 
demonstrated considerable promise in spine imaging, automated diagnosis, and outcome prediction, most exist-
ing approaches remain task-specific, with limited integration of multimodal clinical information into routine 
spine-care workflows. Rather than proposing another disease-specific predictive model, this work presents 
a modular, clinically oriented AI framework that integrates imaging analysis, patient-reported outcomes, 
structured clinical information, and retrieval-aware language synthesis within a unified, clinician-supervised 
workflow to support future multimodal decision-making in spine care.
Framework Design: The conceptual, implementation-independent architecture comprises three interoperable 
components: (1) an imaging-analysis module supporting automated interpretation and severity grading with 
human-in-the-loop validation; (2) a multimodal assessment component integrating patient-reported outcomes 
with demographic and clinical variables; and (3) a retrieval-aware large language model (LLM) synthesis layer 
generating clinician-reviewable radiological summaries and contextualized clinical considerations grounded in 
structured evidence. Core design principles include interoperability, explainability, governance, security, and 
human-centered workflow integration.
Early Feasibility Demonstration: An exploratory proof-of-concept prototype incorporating AI-assisted lumbar 
MRI interpretation demonstrated how selected framework components may support explainable imaging 
analysis, multimodal contextualization, editable reporting, and clinician supervision. This demonstration 
illustrates architectural feasibility and workflow integration only, and should not be interpreted as evidence 
of diagnostic accuracy, clinical effectiveness, or generalizable clinical performance.
Conclusions: The proposed framework provides an implementation-independent translational blueprint for 
future technical development, prospective multicentre validation, regulatory evaluation, and real-world de-
ployment of clinically integrated, trustworthy multimodal AI systems for spine care.
1. Introduction

1.1. Clinical background and motivation

Low back pain (LBP) remains the leading global cause of disability, 
with lifetime prevalence estimates approaching 84% and more than 619 
million affected individuals worldwide in 2020, a number projected 
to increase substantially over coming decades [1]. Beyond its epi-
demiological burden, LBP imposes major socioeconomic costs through 
healthcare expenditure, work absenteeism, and long-term functional 
impairment [2,3]. Its clinical management is particularly challenging 
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because LBP is not solely a structural disorder, but rather a mul-
tifactorial condition shaped by anatomical, clinical, behavioral, and 
psychosocial factors [4]. Consequently, patients with similar imaging 
findings may experience markedly different pain severity, disability 
trajectories, coping responses, and treatment outcomes [5,6].

Although spine imaging plays a central role in diagnosis and treat-
ment planning, imaging findings alone often show limited correlation 
with symptom severity and functional outcomes [7]. At the same 
time, psychosocial and behavioral dimensions known to influence prog-
nosis and recovery are inconsistently integrated into routine clinical 
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workflows [8,9]. Patient-reported outcome measures (PROMs), includ-
ing pain scales, disability indices, quality-of-life instruments, and cop-
ing assessments, provide important contextual information that is fre-
quently evaluated separately from imaging and structured clinical data 
[10–12]. This fragmentation limits the development of individualized, 
biopsychosocially informed treatment strategies capable of capturing 
the full complexity of chronic low back pain.

1.2. AI and multimodal integration in spine care

Recent advances in artificial intelligence (AI), particularly deep 
learning methods, have demonstrated strong performance in automated 
spine imaging analysis. Prior studies have reported promising results 
in the detection and grading of disk degeneration, stenosis, Modic 
changes, fractures, and related spinal pathologies across large imaging 
datasets [13–17]. Nevertheless, most existing AI approaches remain 
focused on isolated tasks such as image interpretation or outcome pre-
diction, with relatively limited integration into comprehensive clinical 
decision-making workflows [18,19]. Furthermore, only a limited num-
ber of proposed systems have undergone rigorous external validation 
or meaningful evaluation within routine clinical workflows.

Translating AI models from experimental environments into clinical 
practice requires more than predictive performance alone. Successful 
translation into routine clinical practice depends not only on predictive 
performance but also on interoperability with hospital infrastructure, 
including electronic health records (EHRs), radiology information sys-
tems (RIS), and picture archiving and communication systems (PACS), 
as well as compliance with privacy, governance, and regulatory require-
ments. Equally important is the need for clinical trust and transparency. 
Clinicians must be able to review, interpret, verify, and, where nec-
essary, modify AI-generated outputs rather than relying on opaque 
‘‘black-box’’ predictions. Explainable AI techniques, including saliency 
visualization, attention mapping, and feature attribution methods, have 
therefore become increasingly important for safe and interpretable 
clinical AI deployment [20–22].

In parallel, large language models (LLMs) and retrieval-augmented 
generation (RAG) approaches are increasingly being explored for clin-
ical documentation and decision-support applications. Early studies 
suggest that such systems may assist with radiology reporting, struc-
tured summarization, administrative workflow support, and patient-
oriented communication [23–25]. More recent studies have begun 
moving beyond single-task AI models toward multimodal and clinically 
oriented AI systems that integrate medical imaging, structured clini-
cal information, language models, and explainability mechanisms. For 
example, recent federated multimodal transformer architectures have 
combined medical imaging and clinical narratives with patient-specific 
explainability to support privacy-preserving and explainable diagnos-
tic workflows in oncology [26], while other studies have explored 
retrieval-augmented clinical reasoning, multimodal report generation, 
and treatment-oriented decision support in low back pain and broader 
healthcare settings [27–30]. Despite these advances, existing systems 
generally remain disease-specific, application-specific, or centered on 
individual components of the clinical workflow rather than provid-
ing a unified framework that integrates imaging AI, patient-reported 
outcome measures (PROMs), structured clinical information, clinician 
oversight, interoperability, governance, and language-based decision 
support. Consequently, although substantial progress has been achieved 
across individual technical domains, relatively little attention has been 
devoted to defining how these complementary technologies can be 
orchestrated into clinically deployable, human-centered AI ecosystems 
for spine care. To our knowledge, few framework-oriented studies have 
explicitly combined these elements within a modular, implementation-
independent architecture designed to support future adaptation across 
heterogeneous clinical environments. Furthermore, concerns regarding 
hallucination, traceability, explainability, uncertainty calibration, and 
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regulatory oversight remain major barriers to clinical adoption, rein-
forcing the importance of human-in-the-loop validation and evidence-
grounded generation workflows [31,32].

Several recent studies further illustrate the fragmented evolution 
of the current spine-AI landscape. Quinones et al. [33] demonstrated 
the value of combining PROMs with machine learning for predicting 
postoperative outcomes in spine surgery, but their analysis remained 
limited to surgical cohorts and outcome prediction tasks. Chen et al. 
[27] proposed a retrieval-augmented LLM framework (CLBP-GPT) for 
treatment decision support in low back pain; however, the system did 
not incorporate imaging interpretation or multimodal diagnostic inte-
gration. Conversely, imaging-centered systems such as those proposed 
by Lu et al. [34] and Windsor et al. [16] focus primarily on auto-
mated MRI analysis without integration of PROMs, longitudinal clinical 
context, or language-based synthesis. Similarly, GPT-based extraction 
frameworks for radiology reporting [35] remain largely confined to 
isolated reporting tasks rather than end-to-end clinical orchestration. 
Collectively, these studies, including recent reviews [36], demonstrate 
that, despite rapid methodological advances, current spine-care AI 
remains fragmented across individual technical domains, with limited 
integration of imaging analysis, patient-reported assessment, clinical 
reasoning, and workflow-oriented deployment.

1.3. Comparison with related work

Table  1 positions the proposed framework relative to representative 
spine-care AI systems spanning imaging analysis, PROM-based ma-
chine learning, LLM/RAG-assisted clinical support, multimodal work-
flow orchestration, and AI-assisted radiology reporting. SpineNetV2 
and related systems demonstrate strong automated spine MRI analy-
sis, including vertebral localization and grading of degenerative find-
ings, but remain primarily imaging-centered rather than workflow-
integrated multimodal systems [16]. PROM-based machine learning 
studies and reviews emphasize postoperative outcome prediction after 
spine surgery, but generally do not integrate imaging interpretation, 
clinician-supervised reporting, or multimodal orchestration [33]. CLBP-
GPT represents an important step toward RAG-supported treatment-
oriented reasoning in chronic low back pain, but does not incorpo-
rate automated imaging interpretation or radiologist-facing validation 
workflows [27].

Similarly, GPT-based radiology-report extraction and generation 
studies demonstrate the growing potential of LLMs for structured re-
porting and report synthesis, but remain primarily text-centered and 
do not integrate PROMs, longitudinal clinical context, or multimodal 
clinician-supervised decision support [35,37]. More recent multimodal 
workflow-oriented frameworks, such as the multi-agent radiology re-
port generation architecture proposed by Yi et al. [30], further extend 
this direction by combining imaging analysis, LLM-based orchestration, 
and clinician-aligned workflow decomposition within a modular report-
ing pipeline. Although not specifically designed for low back pain or 
spine-care environments, such architectures demonstrate how multi-
modal and multi-agent orchestration strategies may be transferable to 
future spine-care AI ecosystems.

Beyond spine care, recent work has also proposed multimodal fed-
erated transformer frameworks that integrate medical imaging, clin-
ical narratives, and explainability for leukemia diagnosis and stag-
ing under privacy-preserving training settings. Although these studies 
demonstrate the feasibility of clinically oriented multimodal AI sys-
tems, they remain disease-specific and algorithm-focused rather than 
addressing modular clinical workflow orchestration across heteroge-
neous data sources and decision-support components [26]. Collectively, 
these studies demonstrate that substantial progress has been achieved 
within individual methodological domains; however, none provides a 
comprehensive framework encompassing multimodal data integration, 
clinician-supervised decision support, interoperability, governance, and 
implementation guidance specifically for spine care.
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Table 1
Comparison of representative spine-care AI approaches and the proposed modular framework.
 Approach Img PROM EHR LLM HITL Flow Core scope  
 SpineNetV2 [16]  
 3 – – – ◦ Low Automated MRI localization and degenerative grading.  
 PROM-based studies 
[33]

 

 ◦ 3 ◦ – – Low Postoperative PROM prediction in spine surgery.  
 CLBP-GPT [27]  
 – ◦ ◦ 3 ◦ Mod. RAG-assisted treatment-oriented LLM support.  
 GPT-4 Extraction 
[35]

 

 – – – 3 – Low Structured extraction from lumbar MRI reports.  
 LLM MRI Reporting 
[37]

 

 – – – 3 ◦ Low LLM-generated lumbar MRI reporting workflows.  
 Multi-Agent RRG 
[30]

 

 3 – ◦ 3 3 Mod. Multimodal multi-agent radiology report generation with 
clinically aligned workflow orchestration.

 

 Proposed 
Framework

3 3 3 3 3 High Integrated multimodal framework with imaging, PROMs, 
EHR, LLM/RAG, HITL, governance, and workflow 
orchestration.

 

3: explicit integration; ◦: partial or indirect support;  –: not addressed;  Img: Imaging;  PROM: Patient-reported Outcome Measures;  EHR: Electronic Health Record;  LLM: 
Large Language Model;  HITL: Human-in-the-Loop;  Flow: degree of clinical workflow integration.
l 
Overall, existing work demonstrates that the individual technical 
components required for AI-assisted spine care are advancing rapidly. 
However, these developments remain fragmented across imaging-only 
models, PROM-based prediction systems, LLM-assisted reporting tools, 
and workflow-specific applications. The principal novelty of the present 
study lies not in proposing another disease-specific predictive model, 
but in presenting a modular, clinically oriented framework that ex-
plicitly integrates imaging AI, PROMs, structured clinical information, 
retrieval-augmented language synthesis, human-in-the-loop validation, 
interoperability, and governance within a single translational archi-
tecture. By remaining implementation-independent, the framework is 
intended to provide a flexible blueprint that can be adapted to diverse 
clinical environments while supporting future technical development, 
prospective validation, and real-world deployment.

1.4. Study objective and scope

Motivated by these gaps, this study proposes a modular frame-
work for clinically integrated AI-assisted spine care that is designed to 
support multimodal decision-making through the integration of imag-
ing analysis, structured clinical information, patient-reported outcome 
measures (PROMs), and language-based synthesis within a clinician-
supervised workflow.

Importantly, the framework intentionally remains technology-neutra
and does not prescribe specific imaging modalities, fusion strategies, 
model architectures, or deployment configurations, thereby enabling 
future adaptation to institutional requirements and technological ad-
vances.

Rather than presenting a fully validated clinical AI platform, this 
work is intended as a translational architectural blueprint accompanied 
by an early feasibility demonstration. To illustrate practical workflow 
integration, a prototype implementation using AI-assisted lumbar MRI 
interpretation and structured report synthesis is explored on a small set 
of representative clinical cases. The objective is not to establish diag-
nostic performance, clinical effectiveness, or generalized workflow ef-
ficiency, but rather to illustrate how multimodal integration, clinician-
in-the-loop validation, and explainable reporting interfaces may be 
operationalized within a unified spine-care workflow. Specifically, this 
study makes the following contributions: (1) it proposes a modular 
framework for clinically integrated spine-care AI that unifies imaging 
analysis, PROMs, structured clinical information, and language-based 
synthesis; (2) it embeds explainability, interoperability, governance, 
and human-in-the-loop validation as core architectural principles; (3) it 
3 
illustrates one possible implementation through an exploratory proof-
of-concept prototype; and (4) it establishes a translational foundation 
for future technical development, prospective multicentre validation, 
regulatory evaluation, and real-world deployment of multimodal AI 
systems in spine care.

2. Clinical motivation and design requirements

2.1. Stakeholder needs and clinical decision points

A clinically integrated spine-care AI framework should support 
multiple stakeholders across the diagnostic and therapeutic continuum 
of low back pain (LBP). Because different clinical specialties rely on 
distinct sources of information and make decisions at different stages 
of the care pathway, effective AI integration requires workflow-aware 
coordination rather than isolated algorithmic outputs.

Radiologists require reliable imaging interpretation tools that sup-
port efficient review, structured reporting, and transparent verification 
of automated findings. Beyond predictive performance alone, clinically 
usable systems should provide editable reporting interfaces, confidence 
estimates, and explainable visualizations that enable radiologists to 
validate, modify, or reject AI-generated assessments before clinical 
reporting.

Pain specialists (e.g., neurologists, spine surgeons, interventional 
pain physicians, anesthesiologists) require synthesis of multimodal in-
formation, including imaging findings, functional status, psychosocial 
indicators, and comorbidities, to support individualized risk stratifi-
cation and treatment planning. Such integration may facilitate more 
informed risk stratification and support decisions regarding conser-
vative management, interventional pain procedures, and referral for 
surgical evaluation.

Rehabilitation clinicians (e.g., physiotherapists, psychologists, oc-
cupational therapists, physiatrists, nurses) require longitudinal and 
patient-centered assessments that contextualize structural abnormali-
ties within functional limitations, coping behavior, and quality-of-life 
measures. These factors influence rehabilitation planning, treatment 
adherence, patient engagement, and long-term recovery trajectories.

Collectively, these stakeholder requirements highlight the need for 
interoperable, human-centered AI systems capable of integrating het-
erogeneous clinical information into coherent, transparent, and clini-
cally actionable workflows.
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Fig. 1. Representative multidisciplinary workflow for low back pain assessment and treatment planning. The illustrated pathway summarizes major clinical 
stages frequently encountered in specialized spine-care settings, including patient presentation, PROMs collection, psychological assessment, primary-care 
evaluation, neurological consultation, imaging acquisition, radiological interpretation, report generation, and treatment planning. Actual workflows may vary 
across institutions and healthcare systems.
2.2. Clinical motivation and translational value

From a clinical perspective, one of the principal limitations of 
contemporary spine-care workflows is the fragmentation of imaging 
findings, functional assessments, psychosocial information, and longitu-
dinal patient data across disconnected systems and clinical encounters. 
This fragmentation increases cognitive burden, introduces variability in 
interpretation, and complicates multidisciplinary coordination.

The proposed framework is motivated by the need to support four 
practical objectives relevant to real-world clinical environments:

Multimodal information synthesis. Clinicians routinely interpret 
imaging findings alongside functional assessments, patient-reported 
symptoms, comorbidities, and psychosocial context. Integrating these 
heterogeneous data streams within a unified clinical framework may 
improve contextual interpretation, reduce information fragmentation, 
and support more holistic clinical decision-making.

Clinician-centered decision support. Rather than replacing clini-
cal expertise, the proposed framework is designed to augment clinical 
reasoning through explainable outputs, editable reports, and evidence-
linked summaries while preserving clinician authority over final deci-
sions.

Interdisciplinary workflow coordination. Low back pain man-
agement frequently involves multiple specialties operating across dis-
connected workflows. Shared multimodal outputs may improve com-
munication and decision consistency across radiologists, neurologists, 
rehabilitation teams, spine surgeons, pain specialists, and primary-care 
clinicians.

Longitudinal learning and feedback integration. Clinician feed-
back, longitudinal follow-up data, and structured patient assessments 
may provide valuable signals for continuous quality improvement, post-
deployment monitoring, and future learning-health-system applications 
while maintaining institutional governance and clinician oversight.

Collectively, these clinical considerations motivate a modular,
workflow-oriented framework that is intended to facilitate future clin-
ically interpretable, multimodal, and human-supervised AI integration 
across diverse spine-care environments.
4 
2.3. Design requirements

To support safe and clinically deployable integration, the framework 
is designed around several core operational requirements.

Explainability and transparency. Clinical AI systems should provide in-
terpretable outputs that enable clinicians to understand, verify, and 
appropriately contextualize model predictions within the broader clin-
ical picture. Explainability mechanisms such as saliency visualization 
[38], feature attribution [39], and attention-based heatmaps [40] may 
help identify relevant image regions, highlight contributing variables, 
and improve transparency during clinical review. Beyond improving 
usability, explainability is increasingly recognized as a fundamental 
requirement for regulatory compliance, clinical governance, user trust, 
and safe deployment of high-risk medical AI systems [21,22,41].

Human-in-the-loop validation. The proposed framework adopts a human-
in-the-loop (HITL) paradigm in which AI-generated outputs remain 
subject to clinician review, modification, and approval before clinical 
use. This workflow is intended to reduce automation bias, improve 
accountability, and preserve clinician authority over final decisions 
[42–44]. In future implementations, clinician corrections and struc-
tured feedback may additionally serve as valuable signals for continual 
model refinement, quality assurance, post-deployment surveillance, 
and adaptive governance.

Interoperability and workflow integration. For practical deployment, AI 
systems must integrate with existing hospital infrastructure rather 
than operate as isolated research tools. Accordingly, the framework 
is designed to facilitate interoperability with electronic health records 
(EHRs), radiology information systems (RIS), and picture archiving 
and communication systems (PACS) through established standards such 
as HL7 FHIR and DICOM Structured Reporting (DICOM-SR) [45,46]. 
This design objective aims to minimize workflow disruption while sup-
porting scalable integration into heterogeneous clinical environments 
through institution-specific implementation strategies.
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Fig. 2. Conceptual overview of the proposed modular AI framework for spine care integrating multimodal clinical data, clinician-supervised AI processing, 
interoperability layers, and continuous governance mechanisms. The framework is intentionally technology-neutral and designed to support future adaptation 
across different imaging modalities, multimodal fusion strategies, AI architectures, and clinical deployment environments.
-

2.4. Clinical workflow integration

Fig.  1 illustrates a representative multidisciplinary workflow for low 
back pain management and identifies the principal stages at which 
multimodal AI may augment, rather than replace, clinician decision-
making. The pathway reflects a common structure observed in spe-
cialized spine and orthopedic care environments, although real-world 
workflows may differ substantially across institutions, healthcare sys-
tems, and resource settings.

The illustrated process includes five major stages:
1. Patient Presentation and PROMs Assessment. Patients initially 

present with low back pain symptoms and may undergo structured 
collection of patient-reported outcome measures (PROMs), including 
assessments of pain severity, disability, quality of life, and coping 
behavior. Depending on institutional practice, psychological evaluation 
may additionally be performed to assess psychosocial contributors 
influencing treatment response and recovery trajectories. Example in-
struments include the WHOQOL scale [47], Roland Disability Question-
naire [48], Coping Strategy Questionnaire [49], and Numerical Rating 
Scale (NRS) [50].

2. Primary Clinical Evaluation. General practitioners or referring 
clinicians document relevant medical history, demographic character-
istics, comorbidities, occupational factors, and lifestyle variables that 
may influence risk stratification and treatment planning.

3. Neurological and Specialist Assessment. Neurological consul-
tation evaluates motor deficits, sensory abnormalities, radicular symp-
toms, and other indicators relevant to imaging referral and treatment 
prioritization.

4. Imaging Acquisition and Interpretation. MRI or CT imag-
ing studies are acquired and transferred through PACS infrastructure 
for radiological interpretation. Imaging assessment focuses on struc-
tural abnormalities, degenerative findings, stenosis, disk pathology, and 
related anatomical contributors.
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5. Integrated Reporting and Treatment Planning. Clinical, imag-
ing, and patient-reported information are synthesized into multidis-
ciplinary treatment planning decisions. Within the proposed frame-
work, this stage represents the principal integration point where imag-
ing findings, structured clinical information, patient-reported outcome 
measures, and explainable AI outputs are synthesized into clinician-
supervised decision support. Importantly, all AI-generated recommen-
dations remain subject to expert review and final clinical judgement.

Although the sequence illustrated in Fig.  1 represents one possi-
ble clinical pathway, the proposed framework intentionally remains 
technology-neutral and adaptable across heterogeneous healthcare sys-
tems, imaging modalities, institutional workflows, and levels of digital 
maturity. This flexibility is intended to facilitate future implementation, 
prospective multicentre evaluation, and iterative refinement as clinical 
AI technologies continue to evolve.

3. System architecture overview

The proposed framework is a modular, interoperable clinical AI ar-
chitecture designed to augment, rather than replace, clinician decision-
making throughout the spine-care pathway. The architecture conceptu-
ally organizes heterogeneous clinical information into a layered work-
flow that integrats imaging analysis, structured clinical data, patient-
reported outcomes (PROMs), and clinician-supervised language-based 
synthesis. Fig.  2 illustrates the conceptual system organization, empha-
sizing interoperability, explainability, governance, and human-in-the-
loop validation.

Importantly, the framework is intentionally remains implementation
independent and does not prescribe specific imaging modalities, AI 
architectures, multimodal fusion strategies, or deployment configu-
rations. This abstraction promotes extensibility, reproducibility, and 
adaptation across heterogeneous clinical environments while accom-
modating future methodological advances.
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3.1. Data input layer

The framework interfaces with routine clinical data sources com-
monly available in hospital environments:

• PACS/RIS: DICOM-format imaging studies, including spine MRI 
or CT examinations.

• EHR: Structured electronic health record information such as 
demographics, clinical history, medications, lab tests and comor-
bidities.

• PROMs: Patient-reported assessments capturing pain severity, 
disability, quality of life, and coping-related measures.

Collectively, these heterogeneous data sources provide the multi-
modal foundation for downstream analytical processing and contextual 
clinical interpretation.

3.2. Security and governance layer

A dedicated governance layer mediates data access, exchange, and 
traceability across the framework. This layer is intended to support 
authentication, authorization, consent management, audit logging, en-
cryption, and provenance tracking while maintaining compliance with 
institutional and regulatory requirements, including HIPAA- and GDPR-
aligned data governance practices.

Conceptually, this middleware layer separates institutional data 
ownership from downstream AI services, thereby enabling modular 
integration, controlled deployment, and lifecycle governance of down-
stream AI components without requiring direct modification of existing 
hospital infrastructure.

3.3. Interoperability and normalization layer

The interoperability layer functions as an integration interface be-
tween clinical systems and AI modules. It incorporates standardized 
adapters and normalization pipelines designed to harmonize hetero-
geneous clinical inputs prior to downstream analysis. Example in-
terfaces include DICOM connectivity for imaging data, HL7/FHIR-
compatible structured clinical exchange, and standardized PROM in-
gestion pipelines.

Additional responsibilities include data validation, harmonization, 
provenance preservation, and workflow traceability to support repro-
ducible and auditable AI-assisted clinical processes.

3.4. Modular AI processing core

The analytical core of the framework is organized into three comple-
mentary modules addressing image analysis, multimodal integration, 
and language-based synthesis.

3.4.1. Computer vision module
The computer vision component is designed to support automated 

analysis of spine imaging studies through tasks such as vertebral lo-
calization, segmentation, pathology detection, and severity grading. 
Depending on implementation, the module may operate on MRI, CT, 
X-ray, or other imaging modalities relevant to spine-care workflows. 
The framework intentionally does not prescribe a specific computer 
vision architecture, allowing future implementations to employ convo-
lutional, transformer-based, hybrid, or other emerging imaging models 
according to the intended clinical application.

Outputs are structured as level-specific imaging descriptors
(e.g., stenosis severity or disk degeneration grading) accompanied 
by visual overlays, confidence estimates, or uncertainty indicators 
intended to support radiologist verification and triage prioritization. 
Rather than functioning autonomously, the module is intended to 
assist radiologists by providing explainable, confidence-aware imaging 
assessments that remain subject to clinician verification before clinical 
reporting.
6 
3.4.2. Multimodal data fusion module
The multimodal integration module combines heterogeneous data 

streams, including imaging-derived features, structured EHR variables, 
and PROM-related assessments, into unified patient-level representa-
tions. The framework does not constrain the underlying fusion method-
ology; depending on the implementation context, integration may be 
achieved using early-fusion, late-fusion, attention-based, graph-based, 
probabilistic, or hybrid strategies. This flexibility is intended to encour-
age adaptation of the framework across different institutional require-
ments, available data modalities, and future methodological advances.

The primary objective of this module is to contextualize structural 
imaging findings within broader clinical, functional, and psychosocial 
profiles thereby supporting more comprehensive risk stratification and 
personalized clinical decision support. Example outputs may include 
attributed risk summaries, longitudinal progression indicators, or mul-
timodal contextual profiles linking predictions to contributing data 
sources.

3.4.3. LLM synthesis and RAG module
The language-generation component is designed to transform struc-

tured outputs from upstream modules into clinician-reviewable sum-
maries, draft radiology reports, and contextualized clinical recommen-
dations. To improve traceability and reduce unsupported generation, 
the framework conceptually incorporates retrieval-augmented genera-
tion (RAG) principles [51], in which relevant clinical guidelines, in-
stitutional protocols, or curated reference documents may be retrieved 
prior to text synthesis.

Rather than relying exclusively on parametric knowledge encoded 
within the language model, the proposed design seeks to ground gen-
erated outputs in externally retrieved evidence, thereby improving 
factual consistency, transparency, and clinician confidence. Depending 
on implementation, retrieved references may be linked to generated 
summaries to support clinician verification and transparency during 
review.

Because generative AI systems remain susceptible to hallucination, 
factual inconsistency, uncertainty, and bias, all outputs generated by 
this module are intended to remain subject to clinician review and 
approval prior to clinical use. The proposed framework further empha-
sizes evidence-grounded generation, provenance tracking, uncertainty 
communication, and auditability as important safeguards for future 
clinical deployment. Accordingly, the LLM synthesis layer is intended 
to function as an assistive documentation and clinical communication 
tool rather than an autonomous decision-making system, ensuring that 
responsibility for final interpretation remains with qualified clinicians.

3.5. Clinical application layer

The clinician-facing layer provides interfaces intended to support 
supervised interaction with AI-generated outputs and multimodal pa-
tient summaries. Example functionalities include:

• Interactive imaging dashboard: Visualization of sagittal and ax-
ial imaging studies with confidence indicators and explainability 
overlays.

• Editable AI-assisted reporting: Structured imaging summaries 
and draft reports subject to clinician review, correction, and 
approval.

• Multimodal decision support: Contextualized summaries inte-
grating imaging, PROMs, and clinical variables to support treat-
ment planning.

• Feedback and validation logging: Capture of clinician edits, 
overrides, and downstream outcomes for quality monitoring and 
future refinement workflows.

This clinician-facing layer operationalises the human-in-the-loop 
paradigm by preserving clinician authority over interpretation, report 
approval, and treatment recommendations while enabling structured AI 
assistance throughout routine clinical workflows.
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3.6. System management and learning

The framework additionally incorporates a conceptual
model-management and monitoring layer supporting deployment gov-
ernance and iterative refinement. Example functions include version 
control, staged testing, performance monitoring, auditability, and con-
trolled feedback-driven retraining.

Importantly, continuous learning is conceptualized as a governed 
process requiring institutional oversight, predefined validation check-
points, regulatory compliance, and deployment safeguards rather than 
unrestricted autonomous model adaptation.

Collectively, these architectural layers define a modular workflow 
for integrating multimodal clinical information, clinician-supervised AI 
assistance, interoperable data exchange, and governance mechanisms 
within spine-care environments. The framework therefore provides a 
translational architectural foundation intended to support future im-
plementation, prospective evaluation, and safe clinical deployment of 
multimodal AI systems.

3.7. Illustrative prototype implementation

To illustrate how selected components of the proposed framework 
may operate within a clinician-supervised workflow, an exploratory 
prototype platform, termed LumbarAI, was developed as a proof-of-
concept implementation focused on AI-assisted lumbar spine MRI inter-
pretation, PROM-based risk stratification, and structured report gener-
ation. The prototype was designed primarily to demonstrate workflow 
feasibility, multimodal integration, explainability mechanisms, editable 
clinician interaction, and human-in-the-loop validation rather than to 
establish diagnostic accuracy, clinical effectiveness, or workflow supe-
riority.

The current exploratory prototype implementation employs a
SWIN3D-based transformer architecture trained on sagittal lumbar 
spine MRI sequences for automated intervertebral disk (IVD) local-
ization, vertebral labeling, and pathology grading. Vertebral body 
detection and anatomical labeling components were adapted from 
the SpineNetV2 framework proposed by Windsor et al. [16], while 
a separate SWIN-transformer-based grading model was developed for 
pathology severity assessment. The grading component was trained 
using a combination of publicly available lumbar spine MRI datasets, 
including RSNA, SPIDER, and Mendeley spine MRI datasets, together 
with an additional internally curated institutional dataset. The system 
processes sagittal MRI inputs and generates structured predictions 
across multiple lumbar levels, including degenerative grading and 
related pathological findings. Although the current prototype focuses 
on sagittal lumbar MRI analysis, the broader framework remains inten-
tionally modality-independent and readily extensible to axial MRI, CT, 
radiography, and future multimodal imaging pipelines.

The imaging-analysis component generates structured tabular pre-
dictions for multiple pathological categories, including Pfirrmann de-
generation grade, disk narrowing, central canal stenosis, spondylolis-
thesis, vertebral endplate defects, marrow signal abnormalities, foram-
inal stenosis, and disk herniation across lumbar levels. To enhance 
interpretability and clinician trust, the interface incorporates multiple 
explainability mechanisms, including vertebral localization, pathology-
specific overlays, and attention-based visualizations that spatially as-
sociate AI predictions with the underlying anatomical structures. Ver-
tebral bodies and intervertebral levels are automatically localized and 
highlighted directly on MRI images, while pathology-specific overlays 
and attention-based grading visualizations provide localized anatomical 
context for AI-generated findings. Interactive focus mechanisms allow 
clinicians to select specific lumbar levels within the structured pre-
diction table and immediately visualize the corresponding highlighted 
anatomical regions and pathology overlays within the MRI viewer.

The prototype additionally incorporates confidence-aware safety 
mechanisms intended to support clinician oversight. Predictions below 
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a predefined confidence threshold are automatically flagged within a 
dedicated ‘‘Safety Alert’’ review panel, prompting clinicians to perform 
targeted secondary review before report approval. These confidence-
aware alerts function as workflow-oriented safety checkpoints intended 
to encourage targeted clinician review rather than autonomous accep-
tance or rejection of AI-generated findings.

A FastAPI-based interactive user interface was implemented to sup-
port editable clinician review and structured correction workflows. 
Radiologists can directly modify predicted pathology grades, revise 
structured findings, and validate or reject AI-generated outputs before 
finalization. Importantly, modifications made within the structured pre-
diction table dynamically update associated visual overlays and down-
stream report-generation components in real time. This bidirectional 
synchronization was designed to maintain consistency between struc-
tured findings, imaging visualization, and generated narrative reports 
throughout the review process.

In addition to imaging interpretation, the prototype incorporates a 
PROM-based patient risk screening module designed to operationalize 
the biopsychosocial dimension of the proposed framework. This module 
was derived from exploratory unsupervised clustering analyses per-
formed on patient-reported outcome measures, including pain intensity 
(NRS), functional disability (Roland–Morris Disability Questionnaire), 
psychological quality-of-life metrics, and coping-strategy assessments. 
Exploratory unsupervised clustering analyses consistently identified 
two broad biopsychosocial patient profiles characterized by relatively 
adaptive and maladaptive patterns of pain, disability, psychological 
well-being, and coping behavior.

To facilitate practical clinical interpretation, the cluster assignments 
were subsequently translated into a continuous numerical risk score 
ranging from 0 to 200 using a logistic-regression-based predictive 
model. The interactive screening interface provides confidence-aware 
cluster prediction, numerical risk estimation, and feature-contribution 
visualization designed to highlight the relative influence of individ-
ual PROM variables on the predicted risk profile. These visualiza-
tions are intended to support clinician understanding of the domi-
nant psychosocial and functional contributors potentially relevant for 
multidisciplinary intervention planning and treatment personalization.

All clinician modifications and validation actions within both the 
imaging and PROM interfaces are recorded through an audit-oriented 
change logging mechanism. These audit logs preserve both the original 
AI outputs and clinician-corrected decisions, thereby supporting future 
model calibration, quality assurance, post-deployment monitoring, and 
governed continual learning under appropriate institutional oversight.

The validated structured outputs are subsequently passed to a table-
to-report synthesis module that automatically generates editable radio-
logical narrative reports. The generated report remains fully clinician-
editable, allowing radiologists to refine terminology, modify impres-
sions, adjust phrasing, or incorporate additional clinical observations 
prior to approval. Finalized reports can then be exported into in-
stitutionally branded PDF templates for clinical documentation and 
communication workflows.

Representative screenshots of the prototype interface are shown 
in Figs.  3 and 4, including explainability overlays, confidence-aware 
safety alerts, editable structured prediction tables, PROM-based risk 
screening, and AI-assisted report generation workflows. Additional de-
tails regarding the exploratory proof-of-concept integration performed 
on representative patient cases are provided in the Supplementary 
Material.

Importantly, this prototype represents only one illustrative imple-
mentation of selected components of the proposed framework and 
should be interpreted exclusively as an exploratory demonstration of 
workflow feasibility rather than a clinically validated diagnostic plat-
form. The current implementation has not undergone prospective mul-
ticentre validation, formal reader studies, regulatory evaluation, or 
real-world deployment assessment. Future work will focus on compre-
hensive quantitative evaluation of diagnostic performance, workflow 
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Fig. 3. Illustrative imaging-analysis and reporting workflow of the exploratory LumbarAI prototype. The interface demonstrates automated lumbar MRI 
interpretation with vertebral localization, pathology-specific explainability overlays, editable structured grading tables, confidence-aware safety alerts for low-
certainty findings, and AI-assisted radiology report synthesis. Clinician modifications dynamically propagate across visualization and reporting components to 
support human-supervised workflow consistency.
Fig. 4. PROM-based biopsychosocial risk-screening interface integrated within the exploratory framework. The module visualizes cluster-based patient strati-
fication, interpretable numerical risk scoring, confidence estimation, and variable-level feature contributions derived from patient-reported outcome measures 
including pain intensity, functional disability, psychological quality of life, and coping behavior.
efficiency, clinician acceptance, interoperability, safety, and clinical 
utility across diverse healthcare environments. The primary purpose 
of the present prototype is therefore to demonstrate how explainable 
imaging AI, confidence-aware review mechanisms, PROM-integrated 
risk stratification, clinician-supervised editing, structured reporting, 
and longitudinal governance may be operationalized within a modular 
clinical workflow.

4. Illustrative clinical use scenarios

The following representative scenarios illustrate how selected com-
ponents of the proposed framework may support multimodal, clinician-
supervised workflows across different spine-care contexts. These exam-
ples are intended to demonstrate the translational role of the proposed 
architecture rather than the performance of any individual AI model. 
These examples are hypothetical and are intended to clarify poten-
tial interactions between imaging analysis, patient-reported outcomes 
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(PROMs), structured clinical information, and language-based synthesis 
within the proposed architecture. They are not intended as formal 
clinical validation studies or quantitative performance evaluations.

Scenario 1: Multimodal contextualization in chronic low back pain

Consider a 45-year-old office worker presenting with chronic low 
back pain. Imaging demonstrates moderate L4–L5 disk degeneration 
and mild central canal stenosis. In a conventional imaging-centered 
workflow, automated grading systems may provide structured pathol-
ogy descriptors that the radiologist must manually interpret and contex-
tualize within the broader clinical picture. This process can introduce 
variability in reporting and may require clinicians to reconcile imag-
ing findings with functional and psychosocial information distributed 
across separate clinical systems.

Within one possible implementation of the proposed framework, 
imaging findings, PROMs, and structured clinical history are integrated 
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Table 2
Representative clinical use cases illustrating potential workflow enhancement following illustrative deployment of selected components of the 
proposed modular AI framework.
 Use case Current clinical practice Potential AI-enabled workflow  
 Case 1: Chronic Low 
Back Pain

Imaging-driven reports; limited context integration. 
∙ Structured image grades require manual 
contextualization. 
∙ High inter-reader variability and time-intensive 
reporting.

Context-aware multimodal synthesis. 
∙ Fuses spine imaging, EHR, and PROMs for risk-graded, 
evidence-linked draft summaries. 
∙ Illustrative workflow objectives: reduced reporting 
burden, improved reporting consistency, and enhanced 
workflow efficiency.

 

 Illustrative evaluation metrics: time-to-report, edit frequency, report concordance
 Case 2: Treatment 
Planning Support

Structure-dominant decision pathways. 
∙ Imaging severity may outweigh psychosocial context. 
∙ Limited support for holistic patient assessment and 
pre-treatment optimization.

Risk-adjusted, evidence-grounded recommendations. 
∙ Multimodal analytics highlight comorbidities and 
PROM-derived psychosocial risk factors. 
∙ Illustrative workflow objectives: more comprehensive 
patient assessment and improved multidisciplinary 
treatment planning.

 

 Illustrative evaluation metrics: referral appropriateness, optimization rate, clinician acceptance
 Case 3: Urgent 
Escalation

Manual escalation; inconsistent traceability. 
∙ Relies on clinician vigilance for urgent routing. 
∙ Limited auditability of decisions and timing.

Automated, auditable escalation support. 
∙ Potential alerts and escalation pathways may support 
timely review of high-priority findings. 
∙ Provenance tracking records AI outputs, clinician 
review, and subsequent actions. 
∙ Illustrative workflow objectives: improved escalation 
workflows, enhanced safety, and greater accountability.

 

 Illustrative evaluation metrics: time-to-escalation, false-alarm rate, provenance completeness
into a unified multimodal summary. In this illustrative scenario, the 
combined profile suggests a lower-risk presentation favoring conserva-
tive management strategies such as rehabilitation-focused therapy and 
functional monitoring. The language-generation layer may then gener-
ate a clinician-reviewable draft summary incorporating both imaging 
findings and contextual patient information. The radiologist remains 
responsible for reviewing imaging overlays, editing generated content 
where necessary, and approving the final report.

This example illustrates how multimodal contextualization may 
facilitate more holistic interpretation by integrating structural imaging 
findings with functional and psychosocial information, thereby support-
ing clinician-centered decision-making beyond conventional imaging-
only workflows.

Scenario 2: Risk-aware surgical decision support

A second illustrative case involves a 62-year-old manual laborer 
presenting with acute-on-chronic low back pain. MRI demonstrates 
multilevel degeneration and Modic type II changes. In conventional 
structure-dominant workflows, severe imaging findings may contribute 
to early surgical referral consideration.

Within a multimodal workflow, however, imaging findings are in-
terpreted alongside disability scores, coping-related assessments, psy-
chological quality-of-life indicators, and metabolic comorbidities such 
as obesity and diabetes. In this scenario, the integrated patient profile 
highlights both structural disease burden and potentially modifiable 
psychosocial or functional risk factors relevant to treatment planning.

The clinician-reviewable AI-generated summary may assist clini-
cians by surfacing contextualized management considerations derived 
from retrieved clinical guidance, including rehabilitation strategies, 
metabolic optimization, psychosocial support, or staged multidisci-
plinary evaluation prior to definitive intervention. Final treatment 
decisions remain entirely clinician-directed.

This scenario illustrates how multimodal contextualization may sup-
port more individualized treatment planning by integrating structural 
imaging findings with patient-reported outcomes, psychosocial factors, 
and relevant clinical comorbidities.
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Scenario 3: Safety-critical escalation workflow

A third scenario illustrates a potential urgent-care pathway. A 38-
year-old patient presents with acute bilateral weakness and severe 
radicular pain. In this context, rapid imaging analysis identifies findings 
suspicious for a compressive lesion requiring urgent specialist review.

Within the proposed framework, the workflow may support prior-
itization of the case for expedited clinician review, with AI-generated 
summaries routed through clinician-facing alert workflows. The
language-synthesis layer may generate a concise draft escalation sum-
mary referencing relevant institutional or guideline-based recommen-
dations retrieved through the RAG pipeline. Example outputs may 
include draft neurosurgical referral documentation, urgent imaging 
confirmation recommendations, or structured escalation templates.

All generated outputs remain subject to clinician verification and 
approval. In addition, the framework conceptually supports audit log-
ging of clinician interactions, timestamps, edits, and escalation deci-
sions to facilitate traceability and quality-review processes.

This example demonstrates how the proposed architecture could 
support time-sensitive clinical workflows while preserving clinician 
oversight, auditability, and procedural traceability throughout the es-
calation pathway.

Potential evaluation endpoints

Although these scenarios are illustrative rather than evaluative, they 
suggest several measurable endpoints that could be examined in future 
implementation and validation studies. Examples include reporting 
turnaround time, clinician edit frequency, report concordance, diagnos-
tic agreement, referral appropriateness, treatment escalation patterns, 
time-to-escalation in urgent workflows, clinician acceptance, usability 
metrics, calibration stability, provenance completeness, and workflow 
safety indicators.

Together, these examples are intended to operationalize selected 
concepts of the proposed framework and motivate future prospective 
evaluation in real-world clinical environments.

Table  2 summarizes the representative workflow differences illus-
trated across the three scenarios.
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5. Discussion

This work presents a modular and clinically oriented framework 
intended to support future integration of multimodal AI systems within 
spine-care workflows. Rather than describing a fully deployed clinical 
platform, the study outlines a translational architectural model com-
bining multimodal data integration, clinician-supervised AI assistance, 
interoperability mechanisms, and evidence-aware language synthesis 
within a unified workflow structure.

5.1. Principal contributions

The proposed framework is intended to contribute to the emerging 
field of clinically integrated spine-care AI in five primary ways.

First, it proposes a multimodal integration paradigm that treats 
imaging findings, structured clinical variables, and patient-reported 
outcome measures (PROMs) as complementary sources of informa-
tion rather than isolated analytical inputs. This design reflects the 
multifactorial and biopsychosocial nature of low back pain.

Second, the framework incorporates a retrieval-aware language syn-
thesis layer intended to support structured report drafting and contex-
tualized clinical summaries grounded in retrievable evidence sources 
rather than unrestricted free-text generation. This design is motivated 
by current concerns regarding hallucination, traceability, and factual 
consistency in clinical generative AI systems.

Third, the proposed architecture embeds human-in-the-loop vali-
dation throughout the workflow. AI-generated outputs remain subject 
to clinician review, correction, and approval, while structured feed-
back mechanisms support future monitoring and controlled refinement 
processes.

Fourth, the framework emphasizes interoperability and deployment 
governance through modular middleware design, standardized inter-
faces, auditability, staged deployment concepts, and traceable data-
flow management.

Finally, the study outlines a conceptual evaluation and monitor-
ing strategy spanning technical validation, workflow-oriented assess-
ment, prospective deployment monitoring, and post-deployment gov-
ernance considerations. Proposed evaluation dimensions include re-
porting efficiency, clinician edit patterns, calibration stability, referral 
appropriateness, fairness monitoring, and provenance completeness.

Taken together, the principal contribution of this work lies not in 
proposing another disease-specific predictive model, but in present-
ing a clinically oriented, modular framework that explicitly integrates 
multimodal data fusion, clinician-supervised AI, retrieval-augmented 
language synthesis, interoperability, governance, and explainability 
within a unified translational architecture for spine care.

5.2. Illustrative feasibility demonstration

To explore the practical feasibility of the proposed workflow, an 
early proof-of-concept integration study was conducted using retrospec-
tive real-world data collected at X-ray Service s.r.l., a specialized spine-
care clinic in Brescia, Italy. The exploratory prototype implementation 
was intended to demonstrate the practical feasibility of integrating 
explainable imaging AI, PROM-informed contextualization, editable 
reporting, and clinician-supervised workflow orchestration within a 
unified proof-of-concept environment.

In this preliminary workflow-oriented assessment, two experienced 
radiologists independently reviewed conventional imaging interpreta-
tions and subsequently evaluated AI-assisted reporting outputs incorpo-
rating explainable imaging overlays and editable structured summaries. 
The exploratory prototype observations illustrated how AI-assisted re-
porting, clinician review, and PROM-contextualized information may 
support reporting workflows and treatment-oriented reasoning. Ob-
served reporting-time differences and qualitative concordance were 
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exploratory workflow observations and should not be interpreted as 
evidence of generalized workflow efficiency or clinical effectiveness.

Importantly, this exploratory feasibility demonstration was not de-
signed to establish diagnostic accuracy, workflow superiority, or clin-
ical effectiveness. Rather, it illustrates how the proposed architectural 
principles may be operationalized within a prototype implementation 
while motivating future prospective technical and clinical validation. 
Instead, the objective was to illustrate how multimodal integration, 
clinician-supervised reporting, explainability mechanisms, and struc-
tured workflow orchestration could be operationalized within a unified 
prototype environment. Detailed implementation characteristics and 
observational findings are provided in Supplementary Material 1.

5.3. Relationship to existing work

Most existing AI applications in spine care remain focused on iso-
lated analytical tasks such as imaging interpretation, outcome predic-
tion, or report generation. Prior systems have demonstrated impor-
tant advances in automated spinal imaging analysis, predictive mod-
eling, and large-language-model-assisted reporting; however, these ap-
proaches are typically developed as modality-specific or workflow-
isolated tools.

The proposed framework differs fundamentally from most existing 
multimodal clinical AI systems in that its primary contribution is 
architectural rather than algorithmic. Rather than optimizing a single 
diagnostic task, it provides an integrated organizational blueprint that 
combines multimodal contextualization, clinician-supervised language 
synthesis, interoperability, governance, explainability, and workflow 
orchestration within a unified translational framework.

Importantly, the framework does not prescribe a fixed implementa-
tion strategy or model architecture. Instead, it is intended to provide a 
flexible organizational blueprint through which future researchers and 
institutions may adapt imaging pipelines, multimodal fusion methods, 
language models, and deployment configurations according to local 
clinical and technical requirements.

Recent multimodal diagnostic systems have increasingly incorpo-
rated privacy-preserving learning, explainability, and heterogeneous 
data integration. The proposed framework builds upon these develop-
ments by explicitly addressing how these complementary technologies 
can be orchestrated into a clinically deployable, workflow-oriented 
ecosystem for spine care rather than existing as isolated technical com-
ponents [26]. These developments suggest that clinically deployable 
AI increasingly requires not only strong predictive performance, but 
also transparent reasoning, secure data management, and workflow 
integration. The proposed framework complements these efforts by em-
phasizing implementation-agnostic workflow orchestration, clinician 
supervision, interoperability, and patient-centered integration within 
spine care. Rather than proposing another disease-specific predictive 
architecture, it provides a modular blueprint that can accommodate 
different imaging modalities, AI models, multimodal fusion strategies, 
and deployment settings while supporting future prospective validation 
and real-world clinical implementation.

5.4. Limitations and translational challenges

Several important limitations and translational challenges must be 
acknowledged.

First, the proposed framework remains conceptual and
implementation-oriented rather than a clinically validated deployment 
framework. Although an exploratory prototype is presented, com-
prehensive technical validation, prospective multicentre evaluation, 
regulatory assessment, and clinical effectiveness studies remain future 
work.
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Second, real-world deployment of multimodal clinical AI systems 
introduces substantial challenges related to data heterogeneity, miss-
ingness, institutional variability, interoperability constraints, and gov-
ernance requirements. Robust deployment would require rigorous ex-
ternal validation, harmonization strategies, and carefully controlled 
implementation protocols.

Third, although retrieval-augmented generation (RAG) mechanisms 
may improve traceability and contextual grounding, large language 
models remain susceptible to hallucination, factual inconsistency, un-
certainty miscalibration, and bias. Consequently, evidence-grounded 
generation, transparent provenance tracking, uncertainty communica-
tion, continuous monitoring, and clinician supervision remain essential 
prerequisites for trustworthy clinical deployment.

Finally, infrastructure and computational requirements may limit 
accessibility in resource-constrained settings. Federated learning strate-
gies, lightweight deployment configurations, and staged implementa-
tion pathways may help reduce these barriers in future deployments.

5.5. Evaluation and deployment roadmap

The proposed framework suggests a staged translational pathway 
spanning technical development, prospective validation, clinical de-
ployment, and post-deployment governance.

Stage 1 — Technical validation: Early studies should establish diag-
nostic performance, robustness, calibration, explainability, and external 
generalizability using retrospective multicentre datasets.

Stage 2 — Workflow validation: Subsequent evaluations should ex-
amine reporting efficiency, clinician edit behavior, usability, trust cali-
bration, and human–AI interaction using simulated or silent-deployment
environments.

Stage 3 — Prospective pilot implementation: Pilot clinical deploy-
ment should evaluate workflow integration, referral appropriateness, 
treatment planning, escalation pathways, and operational safety within 
routine clinical practice.

Stage 4 — Multicentre clinical evaluation: Large-scale prospec-
tive studies should assess diagnostic performance, patient-centered 
outcomes, workflow efficiency, fairness, cost-effectiveness, regulatory 
readiness, and long-term post-deployment monitoring before widespread
clinical adoption.

5.6. Open research directions

Several research directions remain open for future investigation. 
These include privacy-preserving and federated learning strategies, 
longitudinal multimodal modeling, integration of wearable and remote-
monitoring signals, domain-specific evaluation frameworks for clinical 
LLMs, and structured assessment of clinician acceptance and human–AI 
collaboration dynamics.

More broadly, future progress in clinically integrated spine-care AI 
will depend not only on advances in predictive modeling but also on 
rigorous prospective validation, interoperability, governance, clinician 
acceptance, regulatory compliance, and safe integration into routine 
healthcare workflows.

6. Conclusion

This work presents a modular, clinically oriented, and
implementation-independent framework intended to support the future 
integration of multimodal AI systems into routine spine-care workflows. 
Rather than describing a fully implemented clinical platform, the study 
proposes a translational architectural model that combines imaging 
analysis, patient-reported outcomes, structured clinical information, 
and clinician-supervised language-based synthesis within a unified and 
interoperable workflow structure.
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The proposed framework emphasizes several core principles rele-
vant to clinically integrated AI deployment, including multimodal con-
textualization, human-in-the-loop validation, interoperability with clin-
ical infrastructure, explainability, auditability, and staged governance-
aware implementation. By intentionally remaining implementation-
agnostic, the architecture is designed to support adaptation across 
different imaging modalities, institutional infrastructures, multimodal 
fusion strategies, and deployment environments.

An accompanying exploratory prototype further illustrates how se-
lected components of the proposed framework may be operationalized 
within a clinician-supervised workflow, while deliberately avoiding 
claims of diagnostic or clinical validation. Although preliminary and 
limited in scope, this illustrative implementation provides an initial 
translational example intended to motivate future technical and clinical 
evaluation.

Several important challenges remain before clinically integrated 
multimodal AI systems can be safely deployed, including prospec-
tive multicentre validation, interoperability standardization, workflow 
evaluation, fairness assessment, regulatory approval, and long-term 
governance. Consequently, the framework should be viewed primarily 
as a structured foundation for future research, implementation, and 
evaluation rather than a finalized clinical solution.

More broadly, this work highlights a transition from isolated AI 
algorithms toward clinically integrated, multimodal, and workflow-
oriented AI ecosystems for spine care. Future progress will depend not 
only on advances in predictive modeling, but also on rigorous prospec-
tive validation, transparent governance, interoperability, clinician-
centered design, and sustained collaboration among clinicians, engi-
neers, healthcare organizations, patients, and regulatory authorities.
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