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ABSTRACT                                                        
Lymphedema, a chronic lymphatic disorder characterized by swelling, 
fibrosis, and adipose tissue accumulation, requires precise, stage-
specific imaging for effective diagnosis and management. This review 
evaluates conventional imaging modalities, including indocyanine 
green lymphography (ICG-L), lymphoscintigraphy, magnetic resonance 
imaging (MRI), and computed tomography (CT), alongside emerging 
artificial intelligence (AI) applications to enhance diagnostic accuracy 
and treatment planning. We analyze their capabilities in assessing 
lymphatic function and tissue changes through quantitative 
biomarkers, comparing their strengths across disease stages. ICG-L 
excels in detecting early lymphatic dysfunction, while MRI and CT 
provide detailed visualization of advanced fibrotic and adipose 
changes. AI-driven tools, such as automated segmentation and 
biomarker quantification, show promise in improving tissue 
characterization and supporting surgical planning. However, clinical 
integration of AI is hindered by data heterogeneity, lack of 
interpretability, and regulatory challenges. To address these, we 
propose a strategic framework incorporating federated learning for 
privacy-preserving model training, explainable AI for clinical 
transparency, and standardized imaging protocols. Future efforts 
should prioritize multicenter validation and harmonized guidelines to 
enhance reproducibility and ensure equitable, scalable adoption of 
advanced imaging technologies for lymphedema management 
worldwide. 
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1. Introduction 

Lymphedema, a chronic and progressive disorder, arises from impaired lymphatic 
drainage, causing accumulation of protein-rich interstitial fluid, primarily in the limbs. 
This leads to persistent swelling, discomfort, recurrent infections, and, in advanced 
stages, irreversible tissue changes like fibrosis and adipose tissue proliferation (1-3). 
Globally, lymphedema affects 140–250 million people, posing a significant burden on 
healthcare systems and diminishing patients’ quality of life(4, 5). 

The condition is classified as primary, due to congenital lymphatic malformations, or 
secondary, resulting from acquired damage from cancer treatments, surgery, trauma, or 
infection. Secondary lymphedema is especially prevalent among cancer survivors, with 
incidence rates up to 50% in patients treated for breast, gynecologic, prostate, or 
melanoma malignancies, depending on lymph node dissection or radiation extent (6, 7). 

Despite its prevalence, lymphedema is often underdiagnosed due to its insidious 
onset and lack of standardized diagnostic criteria. Early symptoms are frequently 
misattributed to other causes, delaying intervention. Traditional diagnostic methods, 
such as limb circumference measurement and water displacement, lack sensitivity for 
detecting subclinical or early-stage disease (8). This highlights the need for objective, 
reproducible, and sensitive diagnostic tools to enable early detection and effective 
management. 

Medical imaging plays a critical role in lymphedema management, evolving from basic 
anatomical visualization to advanced modalities that assess lymphatic structure and 
functional techniques, such as lymphoscintigraphy(LSG), near-infrared fluorescence 
lymphography with indocyanine green (ICG-L), Dynamic contrast-enhanced magnetic 
resonance lymphangiography (DCE-MRL), and high-frequency ultrasonography, which 
offer distinct advantages based on disease stage and clinical goals (9, 10). However, the 
lack of standardized imaging protocols and limited comparative studies restricts their 
optimal application(3). 

Emerging technologies, such as artificial intelligence (AI), and radiomics, show 
significant potential to enhance diagnostic accuracy, reproducibility, and efficiency (11). 
AI-driven tools, including automated segmentation and pattern classification, can 
improve early detection and personalize treatment strategies. Yet, their clinical 
integration faces challenges, such as the need for large, annotated datasets, external 
validation, and regulatory approval (12, 13). 

Recent progress in imaging standardization and artificial intelligence makes this 
review particularly timely. Over the past few years, the development of reproducible 
MRI and CT protocols for lymphatic and soft-tissue evaluation, together with advances in 
deep learning based multimodal segmentation and portable fluorescence imaging, has 
transformed the diagnostic landscape for lymphedema (11-13). These innovations have 
improved quantitative tissue assessment, reduced operator dependence, and expanded 
access to early detection in low-resource settings. Therefore, a comprehensive synthesis 
that integrates conventional imaging, quantitative biomarkers, and AI-driven approaches 
is needed to support standardized and equitable clinical implementation. 
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Prior reviews have examined individual imaging modalities or early AI applications but 
lack a comprehensive synthesis of conventional and advanced techniques, standardized 
protocols, or quantitative biomarkers (2). Comparative analyses of modalities and 
practical frameworks for AI integration remain limited. This review systematically 
evaluates conventional imaging modalities (lymphoscintigraphy, ICG lymphography, DCE 
MRL, ultrasonography) and emerging AI technologies for lymphedema diagnosis and 
management. It compares their diagnostic performance, emphasizes the role of 
quantitative biomarkers in staging and treatment planning, and proposes a strategic 
framework for integrating AI into clinical practice to improve early detection, 
personalized care, and global accessibility. 

Table 1. Comparative Summary of Previous Reviews on Lymphedema Imaging 
Modalities and Computational Advancements 

Study (Ye
ar) 

Scope of Review Main Deficiencies Gap Highlighted 
Contribution of 
Current 
(our) Review 

Nagy et a
l., 2023(M
edicina)(1
4) 

Anatomical imaging 
modalities (ICG-L, MR
I, CT, US) 

Lacked  
comprehensive  
synthesis; no AI or 
quantitative  
biomarker discussion 

Limited to  
qualitative  
comparison of  
modalities 

Integrates  
conventional  
imaging with  
AI-based  
quantification  
and stage-specific
 diagnostics 

Salehi et a
l., 2022(M
RI of Lym
phedema)
(15) 

MRI-focused  
narrative  
review 

Focused only on  
MRI; no cross-modal
 assessment or AI  
framework 

Missing multimodal 
or comparative  
standardization 

Provides cross-m
odality performa
nce comparison 
and unified biom
arker framework 

Rai et al., 
2025(BJR 
Precision 
Oncology)
(16) 

Imaging and 
Management  
in oncology 

Emphasized  
oncology context; m
inimal computational
 or biomarker detail 

No systematic com
parison of function
al vs structural mod
alities 

Expands to  
quantitative,  
AI-enhanced  
imaging and  
universal staging 
integration 

Jayasree e
t al., 2025
(Prog. Bio
med. En
g.)(2) 

Computational and ML 
methods for 
lymphedema 
detection 

Insufficient clinical  
and imaging  
context; focused  
mainly on  
algorithms 

Lacked linkage  
between imaging  
biomarkers  
and clinical  
utility 

Aligns computati
onal methods wi
th imaging biom
arkers and clinic
al relevance 

Mohos et 
al., 2024
(CRC Pres
s Handbo
ok)(10) 

Overview of  
lymphoscintigraphy &
 ICG  
techniques 

No stage-based or 
quantitative  
comparative  
analysis 

Absence of  
unified  
framework across 
diseases  
stages 

Introduces multi
modal, stage-spe
cific algorithmic 
evaluation and  
standardization  
targets 
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2. Pathophysiology of Lymphedema and Its Imaging Implications 
Lymphedema is a chronic condition caused by impaired lymphatic drainage, leading to 

the accumulation of protein rich interstitial fluid, chronic inflammation, fibrosis, and 
adipose tissue proliferation (17).  

On a molecular level, lymphedema progression involves chronic inflammation and 
impaired lymphangiogenesis. Dysregulation of vascular endothelial growth factor-C 
(VEGF-C) and its receptor VEGFR-3 reduces lymphatic vessel formation, while persistent 
macrophage infiltration releases cytokines such as TNF-α and IL-6 that promote fibrosis 
and adipose tissue deposition. These biological alterations correspond to imaging 
findings such as increased dermal thickness, tissue stiffness, and reduced lymphatic 
transport observable on ultrasound, MRI, and LSG. These progressive tissue changes 
correlate with the International Society of Lymphology (ISL) staging system (Stages 0–III), 
which informs imaging modality selection and treatment strategy(18). 

In the subclinical phase (Stage 0), lymphatic dysfunction occurs without visible 
swelling, providing a critical window for early intervention. Functional imaging, such as 
ICG-L and LSG, detects delayed lymphatic transport, enabling preemptive management 
(19). In Stages I and II, reversible edema progresses to early fibrosis and fat deposition, 
which are effectively visualized using high-frequency ultrasound and magnetic 
resonance imaging (MRI). These modalities reveal dermal thickening and increased T2 
signal intensity indicative of edema (20). In Stage III, irreversible tissue remodeling, 
marked by extensive fibrosis and structural distortion, requires advanced structural 
imaging, such as CT and DCE-MRL, to assess lymphatic architecture and guide surgical 
planning (21, 22). This progression reflects a clinically recognized pattern where imaging 
approaches are stratified by disease stage and the depth of lymphatic involvement, 
aligning diagnostic goals with modality characteristics. 

The choice of imaging modality depends on the depth and nature of lymphatic 
involvement. ICG-L and ultrasound excel in evaluating superficial lymphatics, making 
them ideal for early-stage assessments. In contrast, MRI and CT are better suited for 
deep lymphatic and tissue characterization in advanced stages (23). Primary 
lymphedema, often due to congenital malformations, and secondary lymphedema, 
commonly acquired post-cancer treatment, exhibit distinct imaging features. For 
example, ICG-L may show linear lymphatic patterns in primary lymphedema, while 
secondary lymphedema often presents with dermal backflow. 

The clinical decision flowchart in Figure 1 illustrates modality selection based on 
disease stage and etiology, prioritizing functional imaging (e.g., ICGL, 
lymphoscintigraphy) in early stages and structural imaging (MRI, CT) in advanced 
disease. Advanced techniques, such as optical coherence tomography (OCT), ultrasound 
elastography, and Dixon or diffusion weighted MRI, enhance precision in staging and 
monitoring by quantifying tissue composition and lymphatic flow (24, 25). For instance, 
Dixon MRI quantifies fat fraction, a key biomarker for Stage II progression, while 
ultrasound elastography measures tissue stiffness associated with fibrosis (26, 27). 
Figure 2a provides state specific imaging guidance, highlighting representative features 
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and modality recommendations tailored to clinical objectives, such as diagnosis, staging, 
or surgical planning. 

Pediatric and head-and-neck lymphedema present unique diagnostic challenges. In 
children, congenital or syndromic forms require low-dose protocols and high-resolution 
modalities to avoid radiation exposure and capture small lymphatic channels. Head-and-
neck cases, often secondary to surgery or radiotherapy, demand imaging sequences 
with reduced motion and metal artefacts. Techniques such as ICG-L and DCE-MRL are 
particularly valuable for these anatomically complex regions, offering both structural 
and functional insight. 

Integration of artificial intelligence (AI) and radiomics enhances diagnostic 
reproducibility and supports personalized care. AI-driven segmentation improves 
identification of lymphatic vessels in ICG-L, while radiomics quantifies tissue changes, 
such as fibrosis ratio (> 25% for advanced disease), to inform treatment decisions (2). 
These advancements, combined with standardized imaging protocols, hold promise for 
optimizing lymphedema management across diverse clinical settings while maintaining 
consistency with contemporary staging-aligned imaging approaches.
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 Figure 1: Clinical decision flowchart for lymphedema imaging based on suspected patient 
assessment. The process begins with clinical assessment, followed by differentiation into 
primary lymphedema, secondary lymphedema, or unclear diagnosis. For primary 
lymphedema, in addition to imaging with modalities like ICG-L, LSG, DCE-MRL, and MRI, 
genetic testing is also conducted to identify congenital causes. Secondary lymphedema is 
further stratified into early stage (ICG-L, LSG, DCE-MRL) and advanced stage (CT/MRI) for 
tailored imaging. Cases with unclear diagnosis may require combined modalities. The 
pathway culminates in treatment planning based on imaging results. 
 

 
Figure 2: Stage-specific imaging guidance for lymphedema: (a) Representative imaging 
features by stage, including delayed lymph flow (Stage 0), dermal thickening (Stage I II), and 
fibrosis (Stage III). (b) Modality recommendations tailored to clinical objectives, such as 
diagnosis, staging, or surgical planning 
 

3. Comparative Analysis of Imaging Modalities in Lymphedema 
Recent advances in imaging technologies have significantly enhanced diagnostic 

precision, staging accuracy, and treatment planning for lymphedema. Imaging 
modalities can be broadly categorized into functional and structural approaches, each 
offering complementary insights into lymphatic transport, tissue remodeling, and 
disease progression. This section provides a comparative evaluation of commonly 
employed imaging tools, organized by functional purpose and clinical applicability. 

3.1. Functional Imaging Techniques 

Functional imaging assesses lymphatic flow dynamics, dermal backflow, and drainage 
pathways. These modalities are especially valuable for detecting early or subclinical 
lymphedema and for evaluating therapeutic responses. 
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3.1.1. Lymphoscintigraphy 
Lymphoscintigraphy is widely regarded as the functional reference standard for 

diagnosing lymphedema. It involves intradermal injection of a radiotracer, typically 
technetium-99mTc labeled sulfur colloid (100–200 nm) or nano colloid, which is taken 
up by lymphatic vessels and transported to regional lymph nodes. The movement of the 
tracer is monitored over time using a gamma camera to assess lymphatic flow dynamics 
and identify anatomical disruptions (26). Figure 3 illustrates radiotracer dynamics over 
time.

 
Figure 3: Sequential lymphoscintigraphy images captured at 10-, 60-, and 120-minutes 

post-injection, illustrating radiotracer migration from the injection sites in the lower 
extremities to pelvic and abdominal lymphatic channels. Outlined regions highlight 
progressive nodal uptake and delineate evolving drainage pathways. 
 

This modality provides valuable information on lymphatic transport, dermal backflow, 
collateral vessel formation, and nodal uptake. It enables differentiation between 
primary and secondary lymphedema and assists in disease staging. Parameters such as 
the transport index (TI), time to peak tracer uptake, and interlimb asymmetry are 
commonly used quantitative metrics for evaluating severity and guiding treatment 
decisions (28, 29). Despite its clinical utility, lymphoscintigraphy is limited by low spatial 
resolution, long acquisition times, and reliance on ionizing radiation. Procedural 
variability, including differences in injection site, radiotracer formulation, and imaging 
protocol, further hampers reproducibility across institutions. Additionally, the technique 
may fail to detect early or subclinical disease, particularly in patients with only partial 
lymphatic dysfunction or asymptomatic limbs. To address these limitations, hybrid 
imaging approaches such as single-photon emission computed tomography/computed 
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tomography (SPECT/CT) have been introduced. SPECT/CT enables the integration of 
functional and anatomical information, thereby enhancing lesion localization and staging 
accuracy (30). However, its widespread adoption remains constrained by cost, 
availability, and the need for specialized facilities. In summary, while lymphoscintigraphy 
remains essential for functional lymphatic assessment, especially in advanced or 
equivocal cases, its diagnostic role is increasingly complemented by higher-resolution 
modalities such as ICG lymphography and MR lymphangiography (2, 31, 32). 

 
3.1.2. Indocyanine Green (ICG) Lymphography 
Indocyanine green (ICG) lymphography is a minimally invasive, near-infrared 

fluorescence imaging technique that enables high-resolution, real-time visualization of 
superficial lymphatic architecture. Following intradermal injection of a small volume of 
ICG dye, typically at the dorsal hand or foot, the dye binds to plasma proteins and is 
absorbed by the lymphatic vessels. The emitted fluorescence is captured using a near-
infrared camera, allowing dynamic assessment of lymphatic flow patterns and dermal 
backflow. ICG lymphography is particularly effective in the early stage or subclinical 
lymphedema, detecting functional impairment before structural changes become 
evident. Flow patterns observed on ICG imaging are typically classified into four 
categories: linear, splash, stardust, and diffuse, corresponding to increasing severity of 
lymphatic dysfunction. This stratification facilitates clinical staging and surgical planning, 
particularly for physiologic procedures such as lymphaticovenous anastomosis (LVA) (33, 
34). Compared to lymphoscintigraphy, ICG lymphography offers superior spatial and 
temporal resolution for superficial lymphatic structures. Studies have demonstrated that 
ICG can detect lymphatic abnormalities in 100% of symptomatic limbs (typically Stage I–
II, with dermal backflow patterns present) and over 60% of asymptomatic limbs in high-
risk cohorts (e.g., post-cancer treatment patients), surpassing the sensitivity of 
lymphoscintigraphy in early-stage disease (14, 26, 34). Despite its advantages, ICG 
lymphography has limitations. Its imaging depth is restricted to approximately 1–2 cm, 
limiting visualization of deep lymphatic vessels and central drainage pathways. 
Interpretation remains largely qualitative and operator-dependent, although 
quantitative frameworks such as transit time and backflow area are under active 
development. Additionally, ICG is contraindicated in patients with iodine or dye 
hypersensitivity, although adverse reactions are rare (35, 36). 

 
3.1.3. Dynamic contrast-enhanced MRI (DCE-MRI) and Magnetic Resonance 

Lymphangiography 
DCE-MRI is an advanced imaging technique that tracks the temporal distribution of 

gadolinium-based contrast agents to evaluate tissue perfusion and capillary 
permeability. In the context of lymphedema, DCE-MRI enables the assessment of both 
lymphatic function and structural alterations, serving as a bridge between purely 
functional and anatomical imaging. 
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It captures rapid sequential images after contrast injection, enabling time-intensity 
curves that reflect microvascular leakage, interstitial diffusion, and lymphatic drainage. 
These parameters help differentiate between active lymphedema (with ongoing fluid 
accumulation) and chronic fibrotic disease. Quantitative biomarkers such as time to 
peak enhancement, wash-in/wash-out rates, and area under the curve (AUC) have 
shown potential in distinguishing disease severity and monitoring response to therapy 
(37, 38). 

An extension of this approach, DCE-MRL, focuses on the dynamic visualization of 
lymphatic structures and flow. Following subcutaneous or intradermal contrast 
injection, it enables real-time assessment of dermal backflow, lymphatic stasis, and 
collateral vessel formation. This is particularly useful in evaluating lymphatic transport 
capacity and identifying dysfunctional or tortuous lymphatic pathways, aiding in pre-
surgical planning for procedures such as LVA or VLNT. 

In early-stage lymphedema, both DCE-MRI and MRL detect perfusion abnormalities 
and delayed lymphatic uptake before structural damage sets in. In advanced disease, 
they reveal fibrotic zones, impaired clearance, and microcirculatory disruption (39). 
When combined with multiparametric sequences like T2-weighted imaging, DIXON, and 
diffusion tensor imaging, they offer comprehensive assessment of both structure and 
function. 

These techniques require rapid imaging sequences, patient cooperation, and contrast 
use, which may limit applicability in patients with renal impairment. Interpretation also 
demands standardized post-processing and trained radiologists. Despite these 
limitations, DCE-MRI and MRL are valuable functional imaging tools for diagnosing, 
staging, and managing lymphedema, with growing relevance in clinical and research 
settings(30)  

 
3.2. Structural Imaging Techniques 
Structural imaging plays a critical role in visualizing tissue-level changes such as 

fibrosis, adipose deposition, and lymphatic vessel remodeling. These techniques are 
particularly important in intermediate to advanced disease stages. 

 
3.2.1. Magnetic Resonance Imaging (MRI) 
 MRI serves as a cornerstone in the structural evaluation of lymphedema, providing 

high-resolution, three-dimensional visualization of tissue morphology without ionizing 
radiation. It enables precise assessment of dermal thickening, subcutaneous fibrosis, 
adipose deposition, and fascial changes, which are critical for disease staging and 
treatment planning. Using high-field systems (1.5T–3.0T) and dedicated sequences, MRI 
allows accurate differentiation between fluid-dominant and fibrotic stages of 
lymphedema. 

Key imaging protocols include T2-weighted sequences for detecting interstitial fluid 
and edema, DIXON-based fat water separation for quantifying adipose infiltration, and 
T1-weighted imaging for evaluating dermal and fascial thickening. Diffusion tensor 
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imaging (DTI) can further provide microstructural information related to fibrosis and 
collagen deposition, enhancing staging precision(40, 41). A visual overview of these 
imaging biomarkers is shown in Figure 4.

 
Figure 4: Representative MRI findings in early-stage lymphedema adapted from (42, 

43). (a) Axial T2-weighted image shows high signal soft tissue edema (white star) and 
mild skin thickening (arrowheads). (b) Gadolinium-enhanced axial image demonstrates 
fascial enhancement. (c) Coronal T1-weighted image reveals subcutaneous infiltration 
(thin arrows) and fascial thickening (bold arrows). (d) Fat-suppressed axial post-contrast 
image highlighting deep fascia thickening (arrows).  
 

These multiparametric assessments facilitate longitudinal monitoring of disease 
progression and objective evaluation of treatment efficacy. 

MRI findings typically evolve with disease severity. Early-stage lymphedema shows 
increased dermal and subcutaneous T2 signal intensity with preserved tissue planes, 
while advanced disease demonstrates fascial thickening, trabecular patterning, and 
heterogeneous fibrosis. Quantitative biomarkers, including fat fraction, skin thickness, 
and fibrosis index, have shown strong correlations with clinical severity scores and can 
serve as reproducible indicators for outcome assessment (35, 36). In preoperative 
contexts, MRI assists in identifying optimal intervention zones by delineating fibrotic and 
fatty components and differentiating viable from non-viable tissues. It also provides 
valuable baseline information for postoperative monitoring following physiological or 
excisional surgical procedures. 
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Recent advances have highlighted the potential of low-field MRI (typically <1.5T) for 
lymphedema evaluation. While lower signal-to-noise ratio (SNR) remains, a technical 
limitation compared to high-field systems, low-field MRI offers practical benefits 
including lower cost, quieter operation, reduced susceptibility to metal artifacts, and 
enhanced accessibility in resource-constrained settings. These systems are increasingly 
used for soft tissue assessment in musculoskeletal and peripheral vascular disorders and 
may reliably detect lymphedema-related changes such as edema, fat infiltration, and 
fibrosis. Moreover, the reduced specific absorption rate (SAR) improves safety for 
patients with implants or sensitivity to RF-induced heating. Although validation studies 
in lymphedema are limited, improvements in image reconstruction and artifact 
correction could make low-field MRI a feasible alternative for structural imaging for 
early detection where high-field access is limited (44, 45). 

Despite its advantages, MRI presents certain limitations. Scan duration, cost, and the 
requirement for experienced interpretation may restrict accessibility in low-resource 
settings. Additionally, its sensitivity to motion artifacts and the absence of lymphatic-
specific contrast agents due to regulatory restrictions, cost constraints, limited supply in 
low-resource regions, or patient-specific contraindications such as renal impairment, 
allergy, or pregnancy can affect delineation accuracy (46, 47). Nevertheless, MRI has 
demonstrated high sensitivity and moderate-to-high specificity in detecting 
characteristic structural changes of lymphedema, particularly in distinguishing fibrotic 
remodeling from reversible edema. As such, it remains a highly effective structural 
imaging tool for comprehensive lymphedema evaluation. By providing reproducible, 
high-resolution assessment of tissue composition and pathological remodeling, it 
supports precision diagnosis, staging, and individualized clinical management (32). 

 
3.2.2. Computed Tomography (CT) 
Computed tomography (CT) plays a complementary role in the evaluation of 

lymphedema, particularly in the assessment of chronic fibrotic and adipose tissue 
remodeling. While CT is not a first-line modality for functional lymphatic imaging, it 
offers high spatial resolution and quantitative anatomical assessment, making it valuable 
in the staging and longitudinal monitoring of advanced disease (48). CT imaging can 
identify hallmark features of lymphedema, including dermal thickening, subcutaneous 
edema, fat hypertrophy, and fascial distortion. It is particularly useful for differentiating 
lymphedema from other conditions with similar clinical presentations, such as 
lipomatosis, deep vein thrombosis, or post-surgical edema. Axial and coronal 
reconstructions provide precise measurements of tissue thickness and volume, enabling 
objective evaluation of disease extent (49). Quantitative parameters derived from CT, 
such as the fibrosis ratio, subcutaneous thickness, and limb volume asymmetry, have 
shown strong correlations with clinical severity, as shown in Figure 5  

For instance, a fibrosis ratio exceeding 25% is considered indicative of advanced-stage 
lymphedema, while interlimb volume asymmetry greater than 12% is commonly used to 
identify pathologic swelling. Post-processing techniques, including 3D volumetric 
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analysis and reticulation mapping, further enhance diagnostic granularity. One of the 
emerging applications of CT in lymphedema care is the use of CT-based indices to guide 
surgical intervention. In particular, the maximum reticulation index and fibrosis mapping 
can assist in distinguishing candidates for physiologic versus excisional procedures. 
Additionally, dynamic contrast-enhanced CT (4D-CT) is under investigation for evaluating 
lymphatic flow in real time, although its clinical use remains limited. Despite its 
diagnostic strengths, CT has several limitations (50). The use of ionizing radiation 
restricts its application in younger or high-risk populations, and soft tissue contrast is 
inferior to that of MRI. Repeated exposure is also a concern for long-term monitoring. 
Nevertheless, the wide availability, rapid acquisition time, and strong quantitative 
capabilities of CT make it a valuable tool, especially in resource-limited settings or when 
MRI is contraindicated. In summary, CT imaging provides robust anatomical detail and 
quantitative biomarkers for assessing tissue changes in lymphedema, offering clinical 
utility in diagnosis, staging, and pre-surgical planning when appropriately integrated 
with other modalities(51-53).

 
Figure 5: Representative axial CT images illustrating disease progression. Left panels: early-
stage lymphedema with preserved architecture. Right panels: late-stage Fibrosis and 
increased tissue density (arrows). 
 

3.2.3. Ultrasound elastography 
Ultrasound is a widely accessible, non-invasive modality that provides valuable 

anatomical insights in lymphedema assessment. High-frequency ultrasound can detect 
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dermal thickening, subcutaneous edema, and the characteristic honeycomb pattern of 
the subcutis. These findings support clinical staging and treatment monitoring (54). 

Doppler ultrasound aids in ruling out differential diagnoses such as venous 
insufficiency or deep vein thrombosis. Elastography, an advanced technique, can assess 
tissue stiffness and may help quantify fibrosis in chronic cases (55). 

While limited in visualizing lymphatic vessels and functional flow, ultrasound remains 
useful for serial evaluation, especially in resource-limited settings.  

 
3.3. Multimodal and Scenario-Driven Strategies 

A scenario-driven framework is vital for optimal diagnostic performance, aligning 
imaging strategies with clinical objectives, disease stages, and healthcare resources 

For instance, ICG lymphography offers high sensitivity and a negative predictive value 
of up to 94% in early-stage disease (49). When integrated with MR lymphangiography, it 
enables comprehensive visualization of both superficial and deep lymphatic systems, 
which is essential for preoperative planning, particularly in procedures such as lymphatic 
venous anastomosis (LVA) (56). 

In resource-limited settings, ultrasound and elastography provide accessible 
alternatives for fibrosis detection and disease monitoring. In contrast, high-resource 
environments may leverage advanced MRI and CT protocols for precise staging and 
operative planning. Bioimpedance spectroscopy complements imaging by quantifying 
extracellular fluid volume, particularly for tracking response to decongestive therapy 
(57, 58). The cost and availability of imaging tools remain key determinants of diagnostic 
strategy worldwide. Functional imaging modalities such as ICG lymphography and 
ultrasound offer high diagnostic yield at relatively low cost, making them suitable for 
low- and middle-income settings. In contras advanced modalities such as DCE MRI and 
CT provide comprehensive assessment but require substantial infrastructure and 
expertise. Implementing tiered diagnostic frameworks where resource efficient 
modalities are used for screening and advanced imaging reserved for complex cases can 
optimize clinical outcomes while ensuring equitable access (59, 60). A concise 
comparison of the diagnostic performance and practical attributes of each imaging 
modality is presented in Table 2, summarizing their relative sensitivity, specificity, 
radiation exposure, and cost. This overview complements the preceding discussion by 
highlighting how different modalities align with clinical needs and resource settings. 

 A visual summary of modality selection across disease stages is presented in Figure 
2b.   
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Table 2. Comparative Summary of Imaging Modalities in Lymphedema 
Modality Type Sensitivity 

(%) 
Specificity 

(%) 
Radiation 
Exposure 

Cost  Key 
Advantages 

Main 
Limitati

ons 

Lymphoscinti
graphy (61) 

Functional High High Yes (low) High Quantitative 
lymphatic 
transport; 
established  

Low 
resoluti
on; 
lengthy 
procedu
re; 
radiatio
n 

ICG 
Lymphograph
y (62) 

Functional High High No High  Real-time 
superficial 
mapping; 
high 
sensitivity 

Operato
r-
depend
ent; 
limited 
depth 
(1–2 
cm) 

DCE-MRI / 
MRL (37) 

Functional 
+ 
Structural 

Moderate 
to high 

Moderate No High  Deep 
lymphatic 
and soft 
tissue 
visualization; 
quantitative 
biomarkers 

Cost; 
long 
scan 
time; 
contrast 
contrain
dication
s 

CT (48) Structural Moderate 
to high 

Low Yes 
(moderate) 

Moderate  High spatial 
resolution; 
quantitative 
fibrosis 
metrics 

Radiatio
n 
exposur
e; 
limited 
soft-
tissue 
contrast 

Ultrasound / 
Elastography 
(63) 

Structural Moderate Moderate No Low  Portable; 
non-
invasive; 
accessible 

Operato
r-
depend
ent; 
limited 
function
al data 

  
Quantitative metrics derived from these imaging modalities, such as fat fraction, 

fibrosis ratio, and volume asymmetry, are increasingly used to assess disease severity 
and guide treatment. A summary of these key biomarkers, along with their clinical 
applications and diagnostic thresholds, is provided in Table 3. The integration of artificial 
intelligence and molecular imaging into this clinical framework, further elaborated in 
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Section 4, is expected to enhance diagnostic precision, enable automation, and support 
scalable personalized care.

 
Table 3. Quantitative Biomarkers in Lymphedema Assessment 

Biomarker / Metric Imaging Modality Clinical Application Key Findings / Thresholds 

Fat Fraction MRI (Dixon, T2) Differentiates adipose 
proliferation from early 
edema 

Fat fraction >30% in 
chronic cases (40, 41) 

Fibrosis Index / Ratio CT (Deep learning 
or Manual) 

Measures tissue fibrosis; 
guides surgery candidacy 

Ratio >25% indicates 
advanced-stage 
lymphedema (51-53) 

Skin / Subcutaneous 
Thickness 

CT, MRI, 
Ultrasound 

Indicates staging, therapy 
monitoring 

Thickness >15 mm linked 
to Stage II/III (64) 

Volume Asymmetry MRI, CT (3D recon), 
Ultrasound 

Assesses inter-limb 
difference; staging 

>10–12% discrepancy 
clinically significant (65) 

ICG Flow Patterns ICG Lymphography Visual staging (linear, 
splash, stardust, diffuse) 

AI classifiers >95% 
accuracy for stage 
prediction (14, 34). 

ICG Transit Time / 
Backflow Area 

ICG Lymphography Quantitative functional 
evaluation 

Metrics under validation; 
useful for AI training (35, 
36) 

Composite Scores (e.g., 
Lymphedema Staging 
Index) 

Multimodal (MRI + 
CT + ICG) 

Standardized diagnosis 
and monitoring 

Integrates volume, fat, 
fibrosis, and flow pattern 
(46, 47) 

4. Artificial Intelligence Applications in Lymphedema Imaging 
Artificial intelligence (AI) is advancing lymphedema imaging by embedding 

automation, reproducibility, and data-driven objectivity into diagnostic and therapeutic 
workflows. Using deep learning (DL) and machine learning (ML) techniques, AI facilitates 
high-precision segmentation and classification that underpin robust clinical decision-
making. Radiomics, which extracts quantitative imaging features from standard 
modalities, serves as a bridge enabling these AI models to translate complex visual data 
into structured inputs for disease stratification and monitoring. The schematic flow of 
this AI-enabled imaging pipeline is illustrated in Figure 6. 
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Figure 6: Workflow for AI-assisted imaging in lymphedema. The process begins with 

Image Acquisition using MRI, CT, or ICG imaging modalities. This is followed by AI-Based 
Image Analysis, where automated segmentation and early detection are performed. 
Next, Clinical Interpretation involves validating AI outputs and integrating them into 
clinical understanding. Finally, Treatment Planning is conducted, guiding surgical or 
therapeutic interventions. 

 
  
 

4.1. Automated Segmentation for Tissue Quantification 
Manual segmentation remains a limiting factor in clinical practice due to high time 

demands and inter-observer variability. Convolutional neural networks (CNNs), 
particularly U-Net variants, have become the gold standard for automating 
segmentation across modalities. These models delineate fat, muscle, and fibrotic tissues 
with high fidelity, enabling standardized volumetric assessment and supporting 
downstream analyses. 

In computed tomography (CT), Na et al. (53). applied a U-Net++ architecture with 
an EfficientNet-B7 encoder to segment lower extremity tissues in 118 gynecologic 
cancer patients. The model achieved Dice Similarity Coefficients (DSCs) of 0.945–0.999 
and volumetric similarity (VS) exceeding 0.97, supporting surgical planning and 
longitudinal monitoring via a custom graphical interface. Son et al. (51) utilized a SegNet 
model for fibrosis-specific segmentation in 27 patients with chronic unilateral 
lymphedema, reporting a DSC of 0.738 and a strong correlation with bioelectrical 
impedance (r = 0.875), underscoring its potential for early fibrosis detection. 

In magnetic resonance imaging (MRI), which offers superior soft-tissue contrast, 
Nowak et al. (66) implemented a DL pipeline on 3D Dixon MR lymphangiography in 45 
patients, achieving DSCs of 0.989 and 0.994 for subcutaneous and subfascial 
compartments, respectively. This enabled reliable quantification of limb asymmetry, 
critical for staging and treatment assessment. Abts et al. (67) extended segmentation to 
the head and neck region using ResNet and UNETR models, demonstrating feasibility for 
radiation-induced lymphedema detection in post-treatment cancer patients. 
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Ultrasound and emerging modalities have also seen AI integration. Goudarzi et al. 
(68) deployed a graph-supervised CNN for automated segmentation of tissue layers in 
BCRL arm ultrasounds, while Shokouhifar et al. (69) employed an ensemble DL model 
and depth camera to quantify arm volume with high accuracy (R = 0.992 vs. water 
displacement), providing a non-contact, hygienic alternative for serial assessment. 

 
4.2. AI-Based Classification and Differential Diagnosis 
AI models also exhibit strong performance in disease classification, leveraging 

either direct image-based features or derived radiomic attributes. These approaches 
support diagnostic accuracy, disease differentiation, and early detection. 

In image-based classification, Lewsirirat et al. (70) trained CNNs, including 
EfficientNetV2, on 1,622 clinical photographs to distinguish lymphedema from other 
etiologies such as venous insufficiency and systemic edema. The model achieved 78.6% 
accuracy, outperforming human readers (62.7%), with Grad-CAM-based heatmaps 
enhancing interpretability. Nomura et al. (71)demonstrated opportunistic screening by 
training a ResNet-34 model on pelvic CT slices at the greater trochanter level, achieving 
an AUC of 0.967 for lymphedema detection in gynecologic cancer patients. 

Radiomics-driven classification provides a higher-dimensional analysis. Textural and 
intensity-based features extracted from segmented regions can stratify disease stages 
and predict treatment response. Although still emerging, these models suggest promise 
for integrating imaging biomarkers into routine staging algorithms. 

Non-imaging approaches also contribute. Fu et al. (72) used ML models, including 
artificial neural networks (ANNs), to classify symptom reports from 355 breast cancer 
survivors. The ANN achieved 93.75% accuracy, 95.65% sensitivity, and 91.03% 
specificity, enabling remote, real-time monitoring of lymphedema risk. 

 
4.3. AI-Assisted Clinical Decision Support 
AI-enabled segmentation and classification systems collectively form the 

foundation of clinical decision support (CDS) in lymphedema imaging. By transforming 
imaging data into quantitative, reproducible metrics, these models provide clinicians 
with actionable insights that enhance staging accuracy, treatment selection, and 
longitudinal monitoring. Automated volumetric quantification of fat, muscle, and fibrotic 
tissue allows objective tracking of disease progression and post-surgical recovery. 
Tissue-specific maps generated by CNN-based models help identify optimal surgical or 
physiological intervention zones, guiding procedures such as lymphaticovenous 
anastomosis and vascularized lymph node transfer(53) (51) (66). AI classifiers that 
integrate radiomic features, clinical parameters, and dynamic flow data assist in 
distinguishing lymphedema from mimicking conditions such as venous insufficiency and 
lipedema. These systems enable early disease recognition and risk stratification, 
supporting personalized follow-up intensity (70) (71). When segmentation- and 
classification derived features are combined within multimodal machine learning 
frameworks including CT, MRI, and clinical data predictive models can automatically 
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stage lymphedema, estimate fibrosis burden, and forecast therapy response (53) (49, 
71). Furthermore, AI-assisted lymphography video analysis enables dynamic visualization 
of lymphatic flow patterns and obstruction points, offering a functional complement to 
static imaging (73, 74). This integrated approach translates AI predictions into 
quantitative decision indices, improving reproducibility across institutions and enabling 
evidence-based management. Table 4 summarizes key AI studies, detailing models, 
datasets, and performance metrics. 

 
Table 4. key AI studies, detailing models, datasets, and performance metrics. 

Primary AI 

Task 

Study & 

Source 

Modality AI Approach / 

Model 

Key Objectives Key 

Performance 

Metrics 

Clinical 

Relevance 

Segmentation 

& 

Quantification 

Na et al., 

Eur Radiol 

(2025) (53) 

CT U-Net++, 

EfficientNet-

B7 

Automated 

segmentation of 

fat, muscle, fibrosis 

DSC 0.945–

0.999 

Surgical 

planning, 

volumetric 

monitoring  

Nowak et 

al., Eur 

Radiol 

(2023) (66) 

MRI (Dixon) Custom DL 

Pipeline 

Tissue 

volume/asymmetry 

assessment 

DSC 0.989 

(SCT), 0.994 

(SFT) 

Objective 

staging and 

monitoring 

 

Son et al., 

Sci Rep 

(2022) (51) 

CT SegNet Quantitative 

estimation of 

fibrosis 

DSC 0.738; 

Corr. with 

BIS: 0.875 

Early fibrosis 

detection 

 

Abts et al. 

(2024) (67) 

MRI 

(Head/Neck) 

ResNet, 

UNETR 

Automated 

segmentation for 

HNC lymphedema 

DSC up to 

0.75 

Detection in 

complex 

anatomy  

Goudarzi et 

al., IEEE 

TBME 

(2023)(68) 

Ultrasound GSCNN Tissue layer 

segmentation in 

BCRL 

Model DSC 

0.87 ± 0.11 

Portable, 

automated 

US 

monitoring  

Shokouhifar 

et al., 

Biomed 

Signal Proc 

3D Camera THENDEL 

(Ensemble DL) 

Automated arm 

volume 

measurement 

MAE 36.7 

mL, R = 0.992 

Hygienic, real-

time volume 

quantification 
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Contr (2023) 

(69) 

Classification 

& Diagnosis 

Lewsirirat et 

al., Sci Rep 

(2025)  

(70) 

Clinical 

Photos 

EfficientNetV2 Differentiate 

lymphedema from 

other edemas 

Accuracy 

78.6% 

(Human: 

62.7%) 

Triage and 

differential 

diagnosis 

 

Nomura et 

al., Sci Rep 

(2023) (71) 

CT ResNet-34 Screening for LEL 

from routine CT 

AUC 0.967, 

Accuracy 

92.9% 

Opportunistic 

screening 

 

Fu et al., 

mHealth 

(2018)  

(72) 

Symptom 

Reports 

ANN, SVM, 

Decision Trees 

Early detection via 

symptom reports 

Accuracy 

93.75%, 

Sens. 95.65% 

Cost-

effective, 

remote risk 

detection 

5. Limitations and Challenges 
Despite significant advancements, several challenges hinder the full clinical 

integration of AI in lymphedema imaging. Data heterogeneity is a primary concern, as 
most models are trained on small, single-center datasets, limiting generalizability. For 
example, AI models trained on Western populations may underperform in Asian cohorts 
due to differences in body composition or disease presentation, necessitating diverse, 
multi-center datasets (75). Inconsistent labeling criteria for fibrosis, lymphatic flow 
patterns, and segmentation boundaries across institutions further undermine 
reproducibility and cross-study comparability (76). Additionally, the diagnostic accuracy 
of operator-dependent modalities such as ultrasound and ICG lymphography varies with 
procedural technique and user expertise, with reported inter-observer variability of 15–
20% due to differences in injection site, probe pressure, and image interpretation. 
Establishing standardized acquisition protocols and adopting quantitative indices such as 
transit time, flow area, or elasticity measures can improve reproducibility and reduce 
subjective bias across clinical settings (77). 

Another challenge lies in multimodal integration. Imaging techniques such as MRI, CT, 
and ICG lymphography vary significantly in spatial resolution, contrast dynamics, and 
acquisition parameters. This heterogeneity makes it difficult to develop AI systems that 
perform consistently across modalities. Addressing this requires harmonization 
strategies like intensity normalization, inter-modality registration, and standardized 

Jo
urn

al 
Pre-

pro
of



 

 

 

 

20 

 

annotation protocols to ensure training data compatibility and model robustness (15, 
78). 

The issue of interpretability and clinician trust remains central. Deep learning models, 
often perceived as opaque, have limited transparency, which hampers clinical 
acceptance. While tools like Grad-CAM have made some progress in visualizing decision 
pathways, they are insufficient for clinical implementation. Techniques like 
SHAP(SHapley Additive exPlanations) and LIME Local Interpretable Model-agnostic 
Explanations offer more quantitative feature explanations and can enhance 
interpretability, but these methods are not yet routinely integrated into clinical 
workflows (79, 80).  

Regulatory, ethical, and technical constraints further obstruct adoption. Regulatory 
bodies lack standardized evaluation metrics and validation frameworks for AI tools in 
lymphedema care, resulting in minimal external validation and limited approvals. 
Ethically, the lack of algorithmic transparency raises concerns about accountability and 
informed consent. Technically, variability in imaging hardware, protocols, and 
annotation quality reduces the reproducibility and portability of AI solutions. 

Financial and infrastructural barriers are also significant. The cost of establishing and 
maintaining the necessary AI infrastructure including high-performance computing 
resources, secure data storage, integration software, and trained personnel can be 
prohibitive, especially for resource-limited settings. The absence of clear reimbursement 
frameworks for AI-driven diagnostics further limits institutional incentives for adoption, 
necessitating health economic assessments to demonstrate cost-effectiveness(81, 82).  

Interoperability poses an additional hurdle. Many EMR and PACS platforms operate 
on outdated, proprietary systems incompatible with AI software, obstructing integration 
into routine clinical workflows. A shift toward standardized data formats (HL7, FHIR) and 
middleware capable of secure, real-time data exchange is essential to address this 
limitation (83, 84). 

Privacy and data governance remain critical concerns. Legal regulations such as HIPAA 
and GDPR restrict centralized data aggregation, limiting collaborative AI development. 
Federated learning offers a decentralized alternative, enabling institutions to train 
shared models without exposing sensitive data. Moreover, reinforcement learning and 
generative models such as GANs (Generative Adversarial Networks) can generate high-
quality synthetic data to augment small datasets, simulate rare lymphedema cases, and 
improve model robustness without compromising patient privacy. These approaches 
may become essential for overcoming the persistent limitations of real-world clinical 
data scarcity(85, 86).  

Finally, algorithmic bias and equity concerns must be addressed. Diagnostic accuracy 
can vary significantly across demographic groups due to differences in subcutaneous fat, 
skin tone, or tissue properties, especially in modalities like MRI and ICG. These 
disparities can propagate health inequities unless AI models are trained on 
demographically diverse datasets and undergo continuous performance audits to detect 
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and correct bias. Without these safeguards, the clinical implementation of AI risks 
perpetuating existing disparities rather than mitigating them (87). 

 Figure 6 outlines a workflow for overcoming these challenges through data 
standardization, ethical AI deployment, and infrastructure development. 

 
6. Strategic Framework for Clinical Integration 
To overcome the above limitations, a structured, phased roadmap is essential to 

guide the safe, scalable, and equitable clinical integration of AI into lymphedema 
imaging. This strategy prioritizes harmonization, transparency, regulatory readiness, and 
global accessibility. In the near term (1–3 years), AI deployment should begin in well-
equipped clinical settings, focusing on pilot studies that capture real-world feedback and 
usage patterns. Concurrent development of open-source annotation tools and 
segmentation standards will facilitate consistency across centers. Establishing 
centralized benchmarking datasets, particularly those including diverse demographics 
and imaging modalities, is critical to ensure reproducibility and to enable cross-
comparison of model performance(12) (13). 

 
During the intermediate phase (3–5 years), federated learning frameworks must be 

expanded to allow collaborative model development across institutions without 
compromising patient data, ensuring compliance with global regulations like GDPR and 
HIPAA (88). This approach supports generalizability and addresses regional disparities in 
model accuracy. Integration of explainable AI modules such as SHAP, LIME, and Grad-
CAM into clinical PACS and EMR systems can provide interpretability at the point of care, 
increasing clinician trust and fostering adoption. Regulatory bodies and professional 
societies should simultaneously create standardized performance metrics, validation 
protocols, and approval pathways tailored for AI applications in lymphedema imaging. 
This includes defining acceptable thresholds for accuracy, reproducibility, and 
interpretability in segmentation, classification, and clinical decision-support tasks(75) 
(79).  

In the long term (5–10 years), democratization of AI tools will be essential to reach 
low-resource and underserved settings. Emerging innovations like portable near-
infrared fluorescence imaging devices and low-field MRI systems (≤ 0.55 T) offer 
scalable, cost-effective solutions for early-stage lymphedema detection and monitoring 
(44, 45, 89). These can be combined with lightweight, cloud-compatible AI models 
optimized for low-bandwidth environments, delivering expert interpretation through 
teleconsultation. The use of synthetic data generated by generative adversarial 
networks (GANs) can supplement training data for rare disease presentations or 
minority populations, improving model robustness while preserving privacy. 
Reinforcement learning can further optimize decision-support algorithms for diverse 
clinical workflows (90) (91). Standardized imaging registries with global participation and 
structured metadata will enable continuous learning, model retraining, and transparent 
cross-validation. Ethical governance must underpin this ecosystem. Fairness audits 
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should be routinely conducted to detect algorithmic bias across sex, ethnicity, or BMI 
strata. Transparent model documentation and auditing frameworks are essential to 
address disparities and ensure accountability. Data privacy frameworks must evolve to 
support secure, distributed model training and responsible data sharing (85) (86). 

Capacity building will also be critical. Training programs for radiologists, technologists, 
and healthcare workers must emphasize AI literacy, clinical interpretation of AI outputs, 
and workflow integration. These initiatives will support sustainable implementation and 
long-term institutional alignment(92, 93). Finally, clinical effectiveness should be 
quantified using operational outcomes such as staging accuracy, diagnostic latency, 
inter-rater agreement, and patient outcomes. These metrics will provide evidence for 
reimbursement models and policy formulation, ensuring AI adoption advances both 
precision medicine and health equity (94). 

 

 
 

Flowchart for Strategic Framework for Clinical In integration 
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7. Conclusion 
This review underscores the critical role of stage-specific imaging in lymphedema 

management, highlighting that no single modality is universally effective across all 
disease stages. Indocyanine green lymphography excels in detecting early lymphatic 
dysfunction, while magnetic resonance lymphangiography and computed tomography 
provide essential insights into advanced fibrotic and adipose changes. Artificial 
intelligence enhances these modalities by automating the quantification of biomarkers, 
such as fat fraction and fibrosis ratio, potentially improving diagnostic accuracy by up to 
20% and refining surgical planning. To unify staging and monitoring practices, 
quantitative imaging biomarkers offer a cohesive framework across the disease 
continuum tracking progression from early lymphatic dysfunction to irreversible fibrosis. 
Standardized metrics such as dermal backflow area, lymphatic vessel diameter, fat 
thickness, and tissue water content allow for reproducible assessments and inter-study 
comparability. However, inconsistent biomarker application and fragmented imaging 
protocols hinder reproducible, high-quality care. To address these gaps, establishing 
multicenter registries and collaborative clinical trials is imperative. These initiatives 
should focus on validating AI-assisted quantification tools, harmonizing imaging 
protocols, and building longitudinal datasets stratified by etiology, stage, and treatment 
response. Future research should also prioritize imaging innovations tailored to 
underserved groups, including pediatric, gynecologic, and head-and-neck cancer 
populations. Promoting equity through subsidized MRI access and clinician training in 
low-resource settings is essential to ensure global diagnostic reach. By integrating 
validated AI tools, standardized biomarkers, and coordinated research infrastructure, 
lymphedema care can advance toward precision staging, earlier intervention, and 
improved patient outcomes. 
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Highlights 
• Review of imaging (ICG, MRI, CT, lymphoscintigraphy) for lymphedema diagnosis and 

staging. 

• Quantitative biomarkers: fat fraction >30%, fibrosis ratio >25% indicate severity. 

• AI aids segmentation (Dice >0.945), classification, clinical reporting. 

• Challenges: data heterogeneity, interpretability, regulations. 

• Framework: explainable AI, federated learning, standardized protocols for adoption. 
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