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Abstract: The profound heterogeneity of cancer pain renders conventional “one-size-fits-all” analgesic strategies ineffective, creating
an urgent need for tools that can accurately subtype pain and predict individual therapeutic responses. This review proposes
a transformative solution: a patient-specific “digital twin” for pain, powered by multimodal Artificial Intelligence (AI). This frame-
work leverages advanced Al methodologies, including large foundation models and transformer architectures, to integrate and interpret
these complex datasets. By synthesizing diverse data streams—from genomics and digital pathology to clinical text and patient-
reported outcomes—the digital twin can uncover complex, non-linear patterns to simultaneously classify pain subtypes (eg, nocicep-
tive, neuropathic, nociplastic) and predict sensitivity to specific analgesic regimens. While promising, we critically assess major
translational barriers, including data scarcity, model interpretability, the need for robust prospective validation, and privacy concerns.
To bridge the gap from concept to clinic, we outline a concrete research roadmap and a “Hybrid Telemedicine and On-Site Expert”
implementation model. This Al-driven framework offers a path toward precise, dynamic, and truly personalized cancer pain manage-
ment, aiming to tangibly improve outcomes for patients worldwide.
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Introduction

Cancer pain is one of the most common and distressing complications for cancer patients, severely impairing their quality
of life and posing a significant challenge to clinical treatment.'> Although traditional management strategies, such as the
World Health Organization (WHO) three-step analgesic ladder, have played a fundamental role in pain relief, their “one-
size-fits-all” approach ignores the vast intrinsic heterogeneity of cancer pain, leading to inadequate individualized
treatment and leaving many patients with unsatisfactory pain control." Therefore, developing innovative strategies that
can accurately identify different pain subtypes and predict individual treatment responses has become an urgent need in
oncology and pain medicine.

In recent years, biomedical research has entered an era of data-driven precision medicine. The proliferation of multi-
omics technologies (eg, genomics, transcriptomics) and breakthroughs in Artificial Intelligence (AI) and Machine
Learning (ML) algorithms have provided unprecedented tools for unraveling the complexity of diseases.””
Particularly, multimodal Large Models, including Large Language Models (LLMs) and Vision-Language Models
(VLMs), have demonstrated exceptional capabilities in integrating and analyzing massive, heterogeneous data (eg,
genomic sequences, pathology images, clinical progress notes), suggesting a strong potential to aid in clinical decision-
making, predict treatment responses, and optimize cancer management.® For instance, deep learning can now infer a wide
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range of genetic mutations and molecular subtypes directly from routine histology slides, demonstrating a powerful link
between tissue phenotype and genotype that can be harnessed for precision medicine.” To address this heterogeneity,
a new framework is needed that can synthesize diverse patient data in a holistic and dynamic manner. This review argues
for a paradigm shift in cancer pain management, moving away from siloed analyses toward an integrated, Al-driven
approach. While the application of such sophisticated multimodal Al in pain medicine is still in its nascent stage, this
review proposes a forward-looking conceptual framework centered on creating a “digital twin” of a patient’s pain state by
fusing multimodal data. This framework is not merely a static predictive model but a dynamic, longitudinal representa-
tion that evolves with the patient. It aims to simultaneously achieve precise pain subtyping and predict individualized
treatment responses. We will first delve into the clinical and molecular basis of cancer pain heterogeneity, establishing the
necessity for this new paradigm. Subsequently, we will detail the components of our proposed framework, from data
integration to advanced Al models. Finally, we will outline a concrete research roadmap and a practical implementation
model to translate these cutting-edge technologies into clinical practice, with the goal of providing a theoretical and
practical guide for developing the next generation of intelligent pain management systems.

The Heterogeneity of Cancer Pain: Clinical and Molecular Foundations
Cancer pain is not a single entity but a complex syndrome driven by multiple underlying mechanisms. Its high degree of
clinical and molecular heterogeneity is the core reason for current therapeutic dilemmas. Therefore, a deep understanding
of its subtypes, molecular basis, and phenotypic characteristics is a prerequisite for achieving precision management.

Clinical Subtypes and Their Pathophysiological Features

According to the International Association for the Study of Pain (IASP) classification, cancer pain is primarily divided
into three major subtypes based on its pathophysiological mechanisms. These subtypes often coexist in the same patient,
increasing the complexity of diagnosis and treatment.

Nociceptive Pain: This type is caused by the direct compression, invasion, or destruction of normal tissues (such as
bone, viscera) by the tumor, activating peripheral nociceptors. It often presents clinically as dull, throbbing, or pressure-
like pain, such as the severe pain caused by bone metastases.®

Neuropathic Pain: This results from direct tumor invasion of nervous tissue or damage to the nervous system by
treatments like chemotherapy, radiotherapy, or surgery.”'® Typical symptoms include spontaneous burning sensations,
stabbing pain, numbness, or allodynia. Chemotherapy-Induced Peripheral Neuropathy (CIPN) is a common form.'''?
Additionally, Perineural Invasion (PNI) is significantly associated with more severe pain in Head and Neck Squamous
Cell Carcinoma (HNSCC) and is an important marker of a neuropathic component.'* Chronic Postsurgical Pain (CPSP)
also often has neuropathic features.'*'”

Nociplastic Pain: This is a newer concept referring to pain that arises from dysfunctional pain processing pathways in
the central nervous system (ie, central sensitization) without clear evidence of tissue or nerve damage. In cancer
survivors, this pain may be related to long-term post-treatment sequelae and inflammatory states, characterized by
altered pain perception and modulation systems.'¢ Identifying this elusive subtype, which is defined by the absence of
clear peripheral drivers or biomarkers, represents a critical diagnostic challenge. The hypothesis that Al-driven pattern
recognition on longitudinal clinical and physiological data may offer unique insights requires rigorous investigation,
particularly regarding the establishment of a “ground truth” for model training and validation.

Different subtypes respond very differently to treatment. For example, opioids often have limited efficacy for
neuropathic pain.'” Therefore, precise subtype diagnosis based on pathophysiological mechanisms is the cornerstone

for developing individualized treatment plans."'®'?

Molecular Basis of Individual Differences in Cancer Pain
Genomic and molecular biology research has provided profound insights into the individual differences in cancer pain,
revealing a complex regulatory network from genetic polymorphisms to the tumor microenvironment.

Genetic Susceptibility: An individual’s sensitivity to pain and response to analgesics are significantly influenced by
genetic factors. For instance, mutations in the gene encoding the voltage-gated sodium channel Nav1.7 are closely related
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to pain perception; gain-of-function mutations can cause severe pain, while loss-of-function mutations lead to an inability
to feel pain. Navl.7 is abnormally expressed in various cancer cells and is associated with the development of CIPN,
making it a potential analgesic target.'* Similarly, Single Nucleotide Polymorphisms (SNPs) in the ENPP2 gene, which
encodes autotaxin, are associated with the severity of neuropathic pain and opioid requirements, with patients carrying
specific alleles potentially experiencing more severe pain.>’

Regulation by the Tumor Microenvironment (TME): The TME is not composed solely of cancer cells; its compo-
nents, such as nerve and immune cells, play a key role in the development of cancer pain. Studies have found that
a neuron-like subset of Tumor-Associated Macrophages (TAMs) can promote intratumoral neurogenesis and express pain
receptors, thereby driving pain behavior.”! In head and neck cancer, a functional “cross-activation circuit” exists between
the tumor and surrounding nerves, which co-promotes pain and tumor progression by exchanging pro-nociceptive
mediators like Brain-Derived Neurotrophic Factor (BDNF) and Tumor Necrosis Factor-alpha (TNF-a).?

Epigenetics and Inflammation: Epigenetic modifications (eg, DNA methylation, histone modification) and persistent
inflammatory states are key mechanisms that link genetic and environmental factors and drive the chronification of pain.
The inflammatory factor TNF-a has been identified as a core mediator of nociplastic pain and bone cancer pain, and

interventions targeting its expression (eg, using EGCG) have shown analgesic effects.'®*

Phenotypic Assessment of Pain and Its Challenges
Accurate, multidimensional assessment of pain phenotypes is the clinical foundation for achieving precise subtyping.

Standardized Assessment Tools: The Numerical Rating Scale (NRS) is widely used in clinical practice to assess pain
intensity.'”** To more comprehensively capture the multidimensional characteristics of pain, it is necessary to combine
tools like the Brief Pain Inventory (BPI) and questionnaires for screening neuropathic components, such as the DN4 or
the Leeds Assessment of Neuropathic Symptoms and Signs (LANSS).!!:25:26

Challenges in Clinical Diagnosis: Despite various tools, a standardized clinical diagnosis for Neuropathic cancer Pain
(NcP) is still lacking. There is limited consistency among different assessment methods (eg, scales, clinical impression,
expert consensus), highlighting the importance of establishing more rigorous and unified diagnostic criteria.?®

Objective Behavioral Indicators: In preclinical research, non-stimulus-evoked behavioral tests, such as grid climbing,
have been developed to more objectively assess pain-related protective behaviors in animal models.?” However, the
translation of such findings from preclinical models to human clinical practice remains a significant hurdle in pain
research.

Assessing Treatment Adequacy: The Pain Management Index (PMI) is used as an auditable indicator of the adequacy
of cancer pain treatment. Studies have found that about a quarter of patients still have a negative PMI, indicating
inadequate treatment, which is more common in women and patients whose daily activities are severely disrupted.**

A Digital Twin Framework for Precision Cancer Pain Management

To address the complexity and heterogeneity of cancer pain, the research paradigm must shift from single-data-source
analysis to a systematic approach that integrates multidimensional information. We propose a “digital twin” framework,
where a computational model serves as a dynamic, in-silico representation of a patient’s pain state, built and updated
using multimodal data.

Integration of Multimodal Data: From Genes to Clinical Text
Building a robust cancer pain prediction model requires integrating data from different levels to form a complete picture
of the patient (Table 1).

Genomic Data: Includes whole-genome/exome sequencing, gene expression profiles, and multi-omics data, providing
underlying information about individual genetic susceptibility, disease molecular mechanisms, and drug responses.
Integrating genomic data with Electronic Health Records (EHRs) is key to advancing genomic medicine into clinical
practice.”**°
Behavioral and Phenotypic Data: Covers Patient-Reported Outcomes (PROs, eg, pain scores, quality of life), clinical

symptoms, lifestyle, and psychosocial factors (eg, depression, anxiety). Research has confirmed that phenotypes such as
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Table | Comparison of Key Data Modalities for Building a Cancer Pain Digital Twin. This Table Summarizes the Primary Data Types,

the Specific Information They Provide, Their Strengths, and Their Key Challenges for Integration into Al Models

Data Modality

Specific Information Provided

Strengths for Cancer Pain
Prediction

Key Challenges for Al
Integration

Genomic Data

Behavioral and Phenotypic
Data

Medical Text and Imaging
Data

Whole-genome/exome sequencing
(WGS/WES), gene expression
profiles, and multi-omics data (eg,
transcriptomics, proteomics)
provide information on genetic
susceptibility to pain, molecular
mechanisms, and drug response
variants (eg, opioid metabolism).
Patient-reported outcomes (PROs)
like pain intensity (NRS) and quality
of life (EORTC QLQ-C30), along
with clinical symptoms, lifestyle
factors (eg, sleep), and psychosocial

factors (eg, depression, anxiety).

Unstructured EHR content (clinical
notes, pathology/radiology reports)
contains information on pain
etiology and treatment history.
Radiological imaging (CT/MRI)
shows tumor morphology and
invasion, while digital pathology
(WSlIs) reveals histological features

like perineural invasion.

Uncovers inherent molecular drivers
of inter-patient pain heterogeneity,
enabling prediction of individualized
analgesic efficacy and adverse
reaction risks. It also provides
mechanistic insights for targeted pain

intervention.

Captures the subjective pain
experience and its functional impact,
which is critical for assessing
treatment efficacy. It also integrates
modifiable factors (eg, sleep, mood)
that influence the pain trajectory,
complementing objective data for

a holistic profile.

Text analysis extracts nuanced
clinical context (eg, “chemotherapy-
induced neuropathy”) unavailable in
structured data. Imaging provides
objective, quantifiable anatomical
correlates of pain, and deep learning
can link tissue phenotype from WSls
directly to pain-related molecular

alterations.

The high dimensionality of genomic
data increases computational
complexity and requires large,
diverse cohorts to validate
associations. Integrating this data
with structured clinical records
demands standardized data mapping
frameworks.

The subjectivity of PROs introduces
noise due to recall bias and variable
patient understanding. Unstructured
phenotypic descriptions require
natural language processing for
normalization, and high rates of
missing data from inconsistent
follow-up can reduce model
robustness.

Variability in clinical documentation
style challenges NLP feature
extraction. Imaging data suffers from
batch effects (eg, scanner
differences) and variable resolution.
Processing high-resolution WSIs and
3D radiological data poses high

storage and computational demands.

neuroticism, cognitive function, and sleep patterns are associated with the risk and treatment response of various chronic

diseases.>>?

Medical Text and Imaging Data: Unstructured text in EHRs, such as clinical notes, pathology reports, and radiology
reports, contains a wealth of clinical information. Natural language processing (NLP) techniques can be used to extract
key clinical concepts and phenotypes.*’ In addition to radiological imaging, digital pathology, in the form of Whole-Slide
Images (WSIs), has emerged as a high-dimensional data source. Deep learning workflows can now predict a wide range
of molecular alterations directly from routine H&E-stained histology slides, linking tissue phenotype to genotype.’*
Combining these with radiomic features from CT, MRI, etc., can provide valuable information about tumor morphology
and invasion extent.

However, the integration of these multimodal data presents significant technical and ethical challenges. The “data
wrangling” problem—encompassing data acquisition, standardization, cleaning, and linkage across disparate sources—is
immense. Real-world clinical data are often characterized by high levels of missingness, noise, and institutional variance,
which can severely degrade model performance. Integrating these multimodal data also faces significant challenges in
data privacy and security, requiring the development of data sharing and analysis frameworks that protect patient

privacy.>*

Core Al Technologies: From Machine Learning to Foundation Models
Advanced machine learning algorithms are key to unlocking the value of multimodal data. It is crucial to differentiate
between three classes of models: (a) Traditional Machine Learning (ML): Models like random forests, Support Vector
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Machines (SVMs), and Lasso regression are effective for structured data and have been used for classification and
prediction with good performance,® but they struggle with the complexity of high-dimensional, unstructured data like
images or free text. (b) Custom Deep Learning (DL): Models such as Convolutional Neural Networks (CNNs) for images
and genomic sequences>® and Recurrent Neural Networks (RNNs) for time-series data (eg, pain trajectories) can learn
complex features automatically. Their application in pathology image analysis to detect metastases or predict molecular

markers has shown great promise.’”-**

(c) Multimodal Foundation Models: This newest class includes large language
models (LLMs) and vision-language models (VLMs) pre-trained on massive, general datasets. Their unique capability
lies in their ability to perform zero-shot or few-shot learning and to process and fuse diverse data types (eg, text, images,
genomics) within a unified architecture, such as a Transformer. Their potential advantage over custom models lies in
leveraging in-context learning to reason about rare pain presentations or novel data combinations without requiring
explicit retraining. The GestaltMML model, for example, successfully integrated patient facial images and clinical text to
improve rare disease diagnosis,>® showcasing a potential architecture for cancer pain.

It is critical, however, to recognize that these models primarily identify correlations, not causal relationships. A key
future direction is the integration of causal discovery algorithms to move beyond prediction and toward a more robust
understanding of treatment effects.

Privacy-Preserving Computation: To address the challenges of sharing sensitive medical data, technologies like
homomorphic encryption, federated learning, and differential privacy have emerged. For instance, the MedCo system
uses collective homomorphic encryption to allow multiple institutions to jointly analyze distributed clinical and genomic
data without exposing the raw data.* The OGHE method performs CNN classification directly on encrypted genomic
data, ensuring data confidentiality.>®

Training and Generalization of Large Models
Training a high-performance, generalizable large model is a systematic engineering effort.

Training Strategy: A “large-scale pre-training + domain-specific fine-tuning” paradigm is commonly adopted. The
model is first pre-trained on massive general datasets (eg, general medical texts, public genomic databases) to learn broad
feature representations, and then fine-tuned on a specific cancer pain multimodal dataset to adapt to the specific task.

Generalization Ability and Challenges: The model’s generalization ability—its performance on unseen data from
different clinical centers or populations—is the ultimate measure of its clinical value. A fundamental tension exists
between training a generalizable model on a large population and applying it to create a highly specific, N-of-1 “digital
twin”. The inherent heterogeneity and sparsity of medical data, as well as systematic biases between institutions, pose
severe challenges to model generalization. These challenges include “dataset shift”, where the statistical properties of the
training data differ from the deployment data, and the need for robust domain adaptation techniques. As highlighted in
neuro-oncology, robust clinical implementation requires further investigation on a larger, multicenter scale, along with
a streamlined and standardized image processing workflow.*! Future research needs to focus on developing more robust
model architectures and using techniques like federated learning to integrate diverse data to enhance model general-
ization and fairness.***

Clinical Implementation: The success of a model lies not only in its technical sophistication but also in its smooth
integration into the clinical workflow. Incorporating strategies from behavioral economics, such as “nudges”, can help
design more user-friendly clinical decision support systems, promoting the adoption of Al-assisted tools by doctors and

patients, thereby translating the model’s predictive power into real clinical benefits.**

Al-Driven Precision Subtyping and Response Prediction
Utilizing the “digital twin” framework, Al can move beyond separate analytical steps to perform simultaneous subtyping
and treatment response prediction, identifying fine-grained patient subgroups that transcend traditional clinical

observations.

Journal of Pain Research 2026:19 https: 5



Wang et al

The Integrated Workflow: A Conceptual Framework

We propose a conceptual workflow for a multimodal Al system designed to create and leverage a patient’s pain digital twin
(Figure 1). The workflow proceeds as follows: Multimodal Data Collection and Integration: Collect and integrate a patient’s
genomic data, pain assessment scales (eg, NRS, DN4), digital pathology (WSI) and radiology images, clinical text from
EHRs, and proteomics/metabolomics data; Data Preprocessing and Feature Engineering: Clean, standardize, and normalize
heterogeneous data. Use specialized encoders for each modality (eg, NLP for text, CNNs for images, bioinformatics tools
for omics) to create a unified feature space; Multimodal Fusion and Model Training: A central fusion module, potentially
based on a Transformer architecture, integrates the features. The model is trained on a large, high-quality dataset to learn the
mapping from input data to a dual output: (a) cancer pain subtype probabilities (eg, neuropathic vs nociceptive vs
nociplastic) and (b) predicted efficacy scores for a panel of potential treatments (eg, opioids, gabapentinoids, NSAIDs);

N\
(DInput Data Modalities (2)Modality-Specific Encoders and Fusion
Genomics (WES/WGS) Digital Pathology (WSI)
Single-Modality Central Multimodal
Al Encoders e Fusion Model

EHRs (Clinical notes, Lab results...) Radiology (CT/MRL...)

Patient-Reported Outcomes (PROs)

|

(4)Dual-Task Output for Clinical Decision (3)"Digital Twin" Core Model

Pain Subtype Probability
Treatment Response Prediction

1.Predominantly
o 1.0pioids: 45% response; < Digital Twin Core Predictive
2.Nociceptive; >
. 2.Gabapentin: 75% response; Model Model
3.Neuropathic;
3.
4 Nociplastic;
5...

(5)Dynamic Feedback Loop

Patient's New Data

Figure | Conceptual Framework for a Multimodal Al-Powered “Digital Twin” in Precision Cancer Pain Management. The diagram illustrates the proposed workflow. (1)
Input Data Modalities: Data from diverse sources, including Genomics (WES/WGS: whole-exome/whole-genome sequencing), Digital Pathology (WSI: high-resolution whole
slide image of tissue samples), Radiology (CT/MRI et al), EHRs (electronic health records, including clinical notes and lab results), and Patient-Reported Outcomes (PROs:
patient self-assessed symptoms or quality of life), are collected for an individual patient. (2) Modality-Specific Encoders and Fusion: Each data type is processed by
a specialized Al encoder (eg, CNN: convolutional neural network, a model tailored for image analysis; NLP model: natural language processing model, designed to interpret
text like clinical notes) to extract high-dimensional features (key patterns in the data). These features are then integrated by a central Multimodal Fusion Module (eg,
a Transformer-based architecture: a flexible Al model that can effectively combine different types of data, such as images and text). (3) The “Digital Twin” Core Model: The
fused data feeds into a core predictive model, which has been trained to understand the complex relationships between the inputs (eg, how genomic changes link to pain
subtypes). (4) Dual-Task Output for Clinical Decision Support: The model simultaneously generates two key outputs: (1) Pain Subtype Probability, classifying the pain as
predominantly nociceptive (tissue-damage related), neuropathic (nerve-related), or nociplastic (chronic pain from altered pain processing), and (2) Treatment Response
Prediction, providing a ranked list of potential therapies with their predicted efficacy scores (eg, Opioids: 45% response; Gabapentin: 75% response). (5) Dynamic Feedback
Loop: The patient’s outcomes and any new data are fed back into the system, allowing the “digital twin” (a patient-specific Al replica) to be dynamically updated for ongoing,
adaptive treatment management, reflecting its longitudinal nature.
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Clinical Decision Support Output: For a new patient, the trained model generates a comprehensive report. This report would
not be a simple prescription but an actionable summary, including: (1) the most likely pain subtype(s) with confidence
scores; (2) a ranked list of recommended treatments with predicted response rates and potential side effects; (3) an
interpretability analysis (eg, using SHAP) highlighting the key data features driving the prediction (eg, “High likelihood
of neuropathic pain driven by perineural invasion on WSI and specific gene variant X”); and (4) alerts for when model
confidence is low or when its prediction conflicts with standard guidelines, prompting clinician review.

Dynamic Updating and Feedback Loop: The digital twin is not static. It is continuously updated with new clinical
data (eg, follow-up pain scores, adverse events), often provided directly by the patient via mobile health apps. This
allows the model to dynamically re-evaluate and adjust treatment recommendations over time, learning from the
individual’s unique response trajectory. The technical requirements for this include robust data pipelines for real-time
ingestion and computationally efficient methods for model updating to handle data drift without full retraining.

Addressing Heterogeneity: Technical Innovations to Improve Accuracy
The vast heterogeneity of cancer pain is a major obstacle.*> Technical innovations can address this challenge:

Deep Integration of Multi-omics Data: Moving beyond single-gene analysis, systems biology approaches that
integrate genomic, transcriptomic, proteomic, and metabolomic data can build complex models depicting the molecular
network of cancer pain. For example, single-cell RNA sequencing has successfully identified a specific neuron-like
macrophage subpopulation associated with cancer pain, providing a basis for molecular pathway-based subtyping.*'

Fusing Imaging and Biomarkers: Combining functional neuroimaging (eg, fMRI) with peripheral blood or tissue
biomarkers (eg, inflammatory factors) provides objective physiological indicators of pain status. For instance, the pain
intensity in HNSCC patients is closely related to pathological features in the TME, such as perineural invasion and glial
cell activation status,”” all of which can serve as input features for the model.

Applying Advanced Clinical Classification Frameworks: The latest International Classification of Diseases 11th
Revision (ICD-11) provides a more refined pathophysiological classification framework for chronic cancer pain, which
can guide data annotation and model training.*’

Unsupervised and Semi-supervised Learning: In many cases, precise subtype labels are scarce. Unsupervised
clustering algorithms (eg, variational autoencoders) can discover new, latent patient subgroups from unlabeled data,
revealing unknown dimensions of heterogeneity.

Foundational Evidence and Current Gaps
Recent research, while not yet realizing the full digital twin concept, provides foundational evidence for its components
and highlights the specific gaps our proposed framework aims to fill.

The Need for AI-Driven Diagnostic Optimization: A prospective study comparing different methods for diagnosing
neuropathic cancer pain (NcP) found significant inconsistencies between the DN4 questionnaire, clinicians’ judgment,
and expert committee classification.?® This finding does not merely show a problem; it demonstrates precisely why an Al
model that can integrate more rigorous etiological logic and standardized pain features is necessary to surpass existing
tools and improve diagnostic accuracy.

The Feasibility of Al-driven Computational Pathology: The power of Al to extract clinically relevant information
from images is well-established. Deep learning models have demonstrated performance comparable to or even exceeding
that of pathologists in detecting lymph node metastases.’” This success proves the principle that AI can extract
meaningful biological signals from histology, providing a crucial data modality for a pain prediction model that links
tissue morphology to pain phenotype. The gap remains in connecting these pathological features directly to pain
outcomes at scale.

Linking Subtypes to Treatment Response: The known efficacy of methadone against the neuropathic pain
component*® and the differential efficacy of non-pharmacological interventions like acupuncture®’ or gut microbiota
modulation*® provide early evidence for treatment stratification. Our proposed framework would formalize this by
learning these links from data, predicting which patients are likely “methadone responders” or “acupuncture responders”
based on their complete multimodal profile, a task that currently relies on clinical trial-and-error.
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Clinical Translation: A Roadmap and Implementation Model
Bringing advanced predictive models from research to clinical practice is the final mile to realizing their value, a journey
filled with both opportunities and challenges.

Critical Challenges in Clinical Translation

Model Generalization and Data Silos: A model trained at one institution may fail at another due to “dataset shift”.
Federated learning offers a partial solution by allowing models to be trained across institutions without sharing raw
sensitive data, thereby improving model generalization and fairness.*’

Model Interpretability (the “Black Box” Problem): Clinicians need to understand why a model makes a certain
prediction. While Explainable Al (XAI) methods like SHAP are useful, their fidelity to the model’s actual internal logic
is not guaranteed. For highly complex deep learning models, these post-hoc explanations can be superficial or, in some
cases, misleading, limiting clinical trust. Developing truly robust and clinically meaningful interpretability is a major
research frontier.*’

Moreover, a critical examination of Al’s trajectory in other medical fields offers important “cautionary tales” for its
application in pain management. A salient example comes from radiology and other specialties, where many Al models,
despite stellar performance on training data, are validated in single-center trials, raising significant concerns about their
generalizability and performance when deployed in real-world settings across different hospitals and imaging
equipment.®® This issue is intrinsically linked to the “black box™ problem; a lack of true interpretability undermines
clinical trust and complicates accountability, with some experts arguing that current explainability methods may offer
a “false hope” of transparency.”' Furthermore, these models can inadvertently perpetuate and even amplify existing
societal biases. A stark example is the discovery that deep learning models can accurately predict a patient’s self-reported
race from medical images alone—a capability that clinical experts do not possess—creating an enormous risk for
entrenching health inequities if not actively mitigated.’> These precedents underscore the imperative to prioritize robust,
multi-center validation and algorithmic fairness from the outset of model development.

Rigorous Clinical Validation: Most existing models are retrospective. Their clinical utility must be confirmed through
prospective, multicenter Randomized Controlled Trials (RCTs) that demonstrate improved patient outcomes, not just
predictive accuracy.™

Causality versus Correlation: Al models excel at identifying complex correlations, but clinical decisions require an
understanding of causality. There is a significant risk of acting on spurious correlations. Future work must incorporate
methods for causal inference to distinguish predictive markers from causal drivers of pain and treatment response.

Economic and Accessibility Barriers: The proposed framework requires extensive data collection (eg, WGS, serial
imaging) that is not currently standard of care and would be prohibitively expensive for most healthcare systems. This
raises concerns about cost-effectiveness and the potential for such advanced technologies to exacerbate existing
healthcare disparities if not implemented equitably.

Data Privacy and Ethics: Strict adherence to data security and patient privacy regulations is mandatory.>* Regulatory
approval and public trust are also essential for widespread adoption.> Furthermore, the role of the patient in co-creating
and governing their own “digital twin” must be considered, moving towards a model of shared decision-making.

A Proposed Research Roadmap
To systematically overcome these barriers, we propose a concrete, three-phase research roadmap:

Phase 1: Establish a Federated Data Network. Create a multi-institutional consortium to build a large-scale,
standardized, multimodal cancer pain data repository. This network would use federated learning principles to protect
patient privacy while enabling collaborative model development.

Phase 2: Launch a Benchmarking Challenge. Host an open, competitive challenge (analogous to ImageNet) to
benchmark different AI models on the standardized tasks of pain subtyping and treatment response prediction
using the federated dataset. This will accelerate methodological innovation and identify the most promising
architectures.
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Phase 3: Conduct a Prospective, Al-Driven Adaptive Clinical Trial. Design and execute an RCT where patients are
randomized to either standard-of-care pain management or an Al-guided arm. In the Al arm, the “digital twin” model’s
recommendations would guide treatment selection. The trial’s primary endpoint would be a clinically meaningful
improvement in pain control.

Implementation via a “Hybrid Telemedicine and On-Site Expert” Model

Beyond technical development, translating Al into practice requires a robust delivery model, especially to bridge the care
gap between major medical centers and grassroots institutions. We advocate for a “Hybrid Telemedicine and On-Site
Expert” dual-track assistance model:

The “Cloud” Track: A centralized AI decision support system, embodying the trained “digital twin” models, is
deployed via a digital health platform. This provides primary care clinics with real-time, expert-level guidance on pain
assessment, subtyping, and treatment selection, accessible through remote consultation platforms.’®>” This standardizes
care and disseminates expertise.

The “Entity” Track: This involves the physical dispatch of experts from hub hospitals to primary care clinics for
periodic on-site training, co-management of complex cases, and quality control. This human-in-the-loop approach builds
trust, addresses practical implementation challenges, and ensures the Al tools are used correctly and effectively, over-
coming habit-based prescribing patterns.”®

This integrated hub-and-spoke model, combining remote Al-driven decision support with on-site expert collaboration,
can effectively disseminate high-quality medical resources and promote a tiered healthcare system for cancer pain
management, ensuring more equitable access to precision care.

Conclusion and Future Perspectives

Cancer pain management is at a transformative crossroads. We have argued that the traditional “one-size-fits-all” model
is obsolete and must be replaced by a precise, individualized strategy. We proposed a “digital twin” conceptual
framework, powered by multimodal Al, as the engine for this transformation. This framework integrates genomics,
clinical phenotypes, imaging, and medical text to enable simultaneous, precise subtyping and individualized treatment
response prediction.

While significant challenges remain, particularly in data acquisition, model validation, and clinical integration, the
path forward is becoming clearer. The research roadmap we have outlined—from federated data networks to prospective
Al-driven trials—provides a concrete strategy for the field. Furthermore, the “Hybrid Telemedicine and On-Site Expert”
implementation model offers a pragmatic solution for deploying these advanced tools to ensure equitable patient access.

Future advances in generative Al and LLMs may further enhance these capabilities, enabling intelligent clinical
decision support, automated patient education, and accelerated scientific discovery. However, it is essential to approach
this potential with a balanced and critical perspective, acknowledging the history of hype cycles in medical Al. This
requires close collaboration among multidisciplinary teams, with a patient-centered approach, to jointly promote
technological innovation, clinical validation, and the establishment of ethical frameworks. Ultimately, this paradigm
shift will profoundly reshape the future of cancer pain treatment, bringing more effective pain relief and a more dignified
life to millions of cancer patients worldwide.
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