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Abstract
Introduction  Lymphedema is a chronic complication of breast cancer treatments that can significantly impact the well-being 
of survivors. This scoping review aims to evaluate the role of artificial intelligence (AI) in enhancing diagnostic precision 
and supporting timely interventions.
Methods  PubMed, Scopus, EMBASE, Web of Science, and the Cochrane Central Register of Controlled Trials were searched 
from database inception until September 2024. Studies were included if they examined AI-based techniques for detecting 
lymphedema, assessing severity, and/or facilitating early diagnosis. Inclusion criteria required studies to be published in 
English with full-text availability. Editorials, review papers, and inaccessible full-text studies were excluded.
Results  From 300 studies identified from the database search, 13 studies met the inclusion criteria. The investigated AI-
based models used input data such as Electronic Health Record (EHR) and clinical data (5 studies, 38.5%), patient-reported 
symptoms and demographics (4 studies, 30.8%), imaging (3 studies, 23.1%), and clinical factors like BMI and hypertension 
(2 studies, 15.4%) for outcome prediction. The most commonly used AI model was built using the Support Vector Machine 
(SVM) algorithm, which appeared in 8 studies (61.5%) and was often combined with other supervised learning techniques. 
Risk prediction models achieved accuracy rates of 81% to 93.75%, with sensitivity of 95.65%, specificity of 91.03%, and 
Area Under the Curve (AUC) of 0.751. Models classifying lymphedema severity demonstrated accuracy rates between 81 
and 91%, with the best-performing models achieving a balanced accuracy of 99.4% and AUC ranging from 0.889 to 0.931.
Conclusions  AI demonstrates potential in improving the diagnosis and prediction of breast cancer-related lymphedema, 
offering enhanced diagnostic capabilities and personalized interventions. Further research is required to address data stand-
ardization, model validations, and the development of frameworks for clinical implementation.
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Introduction

Lymphedema is a chronic and often debilitating complica-
tion of breast cancer treatment, particularly among survi-
vors undergoing axillary lymph node dissection. [1, 2] It is 
estimated that up to 1 in 5 breast cancer survivors experi-
ence lymphedema, underscoring its significance in survi-
vorship care. [1] This condition impacts physical health 
and imposes substantial psychological and social burdens. 
[2] Symptoms such as swelling, pain, reduced mobility, 
and recurrent infections negatively impact the quality of 
life and functional independence of survivors. [3] Despite 
advancements in cancer care, early detection and effective 
management of lymphedema remain challenging. [4]

Traditional methods for detecting lymphedema rely 
on subjective evaluations including patient-reported out-
comes, or gross changes in tape measurements, which may 
be insufficient for the detection of early lymphoedema. 
This gap has fueled interest in innovative approaches 
leveraging Artificial Intelligence (AI) that can more 
sensitively predict and detect early lymphedema before 
definitive clinical symptoms are present. [5] By process-
ing complex, multimodal data, AI techniques capture 
useful patterns that can improve diagnostic precision and 
accurately predict disease progression to augment clinical 
decision-making.

The integration of AI into healthcare, while promising, 
requires careful evaluation. [5] Its potential to revolution-
ize diagnostic and treatment paradigms must be weighed 
against challenges in implementation, such as data limita-
tions, algorithm biases, and the need for clinical validation 
in real-world settings. This scoping review aims to address 
these issues by assessing the current state of AI applica-
tions in the prevention, diagnosis, and treatment of breast 
cancer-related lymphedema. The objectives of this study 
include evaluating the performance of AI models, identify-
ing knowledge gaps, and proposing recommendations to 
optimize the integration of AI into clinical practice.

Methods

Search Protocol and Databases

This review was conducted following the Preferred Report-
ing Items for Systematic Reviews and Meta-Analyses—
Scoping Reviews (PRISMA-ScR) guidelines. A compre-
hensive literature search was performed across PubMed 
(including MEDLINE), Scopus, EMBASE, Web of Sci-
ence, and the Cochrane Library, covering all available stud-
ies until September 2024. The search strategy employed a 

combination of controlled vocabulary and free-text terms 
related to lymphedema, artificial intelligence, and clini-
cal outcomes. Key search terms included “lymphedema,” 
“artificial intelligence,” “machine learning,” deep learn-
ing,” “diagnosis,” and “treatment.” Boolean operators were 
used to refine results, ensuring inclusivity across preven-
tion, diagnosis, and treatment domains.

Selection Process

Results from bibliographic databases and trial registries 
were imported into Covidence, a web-based software tool 
designed to facilitate the production of systematic reviews 
by removing duplicates and assisting with screening. [6] 
Covidence automatically eliminated duplicate records, and 
the remaining references were screened by two independ-
ent reviewers (S.K, L.H) based on the eligibility criteria. 
In cases of discrepancies, a third reviewer (H.CY.W) was 
consulted to reach a resolution.

After manually removing any missed duplicates and com-
pleting the title and abstract screening, full-text screening 
was carried out by two independent reviewers for studies that 
met the eligibility criteria for this phase. Any disagreements 
were resolved through discussion or by referring to a third 
reviewer (H.CY.W) when necessary.

Inclusion and Exclusion Criteria

Studies were included only if they evaluated breast cancer-
related arm lymphedema, either in patients diagnosed with 
the condition or those at risk of developing it due to treat-
ments such as surgery or radiotherapy for breast cancer. Only 
studies exploring the use of AI were considered, including 
machine learning (ML), a method where computers learn 
from data to make predictions or decisions without being 
explicitly programmed; fuzzy models, which handle uncer-
tain or imprecise information in a way that mimics human 
reasoning; and natural language processing. The focus was 
on applications of these AI methods in the prevention, diag-
nosis, or severity of lymphedema. Comparisons between 
AI-based approaches and traditional methods of manag-
ing lymphedema were eligible, as well as studies offering 
insights into AI’s role without a direct comparison. Included 
studies contained outcomes such as clinical improvements 
(such as better diagnosis, early detection, or enhanced man-
agement), technical measures (e.g., accuracy, sensitivity, 
specificity), and practical aspects of AI implementation in 
clinical settings. Studies were excluded if they did not focus 
on lymphedema or AI applications related to lymphedema, 
as well as animal studies, in-vitro research, non-peer-
reviewed articles, case studies, conference abstracts, reviews 
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articles, and studies published in languages other than 
English.

Data Extraction

For this review, data extraction was conducted by two inde-
pendent reviewers, with a third reviewer involved if nec-
essary to resolve discrepancies. The extracted information 
included general study characteristics such as the article 
name, authors, publication year, journal, and country/region 
of study. Additionally, the focus of the AI application, spe-
cific aims, and the type of AI model were recorded. Specific 
AI techniques used, and data type inputs were noted, along 
with model training methodology and performance met-
rics. Additional information such as sample size, age group, 
inclusion/exclusion criteria, underlying health conditions, AI 
prediction targets, and the clinical outcomes predicted were 
also extracted. The prediction timeline, clinical validation (if 
available), model accuracy, limitations, and data challenges 
were documented.

Results

Study Selection

The initial database search yielded 436 studies. After exclud-
ing 136 duplicate records, 300 articles underwent title and 
abstract screening with 284 excluded based on inclusion and 
exclusion criteria. A total of 16 studies progressed to full-
text review, with 3 excluded due to a focus on non-breast 
cancer patient populations. This left 13 studies eligible for 
data extraction and synthesis (Fig. 1).

Geographic Scope and Focus of Studies

The 13 studies included in this review represent a global 
effort to apply AI in predicting, diagnosing, and detecting 
breast cancer-related lymphedema, with research spanning 
North America (n = 2, 15.4%), South America (n = 1, 7.7%) 
Europe (n = 3, 23.1%), and Asia (n = 7, 53.8%). Four studies 
aimed to enhance diagnostic accuracy (30.8%), five aimed 
facilitate early prediction of lymphedema (38.5%), and 
three aimed personalize treatment plans for affected patients 
(23.1%). The median publication year of 2022 and a range of 
13 (2011–2024) indicates a growing interest in using AI for 
addressing this complex medical issue, with an increasing 
number of researchers exploring its potential.

Factors Used in the Models

The models utilized various patient-related factors, 
cited in 11 (84.6%) studies, as well as radiological and 

treatment-related factors, reported in 5 (38.5%) and 6 
(46.2%) studies respectively, to enhance prediction accuracy. 
Patient-related factors included demographics (age, BMI), 
medical history (comorbidities such as diabetes, cardiovas-
cular diseases), and surgical history. Radiological factors 
encompassed imaging reports from modalities such as MRI, 
CT scans, and mammograms, with extracted features includ-
ing tumor size, lymph node involvement, and tissue density. 
Treatment-related factors comprised details on chemother-
apy regimens, exposure to radiation therapy, type of surgical 
intervention (lumpectomy, mastectomy, axillary dissection), 
and the presence of post-treatment complications.

The studies reviewed showed a wide range of sample 
sizes for developing and validating AI models for breast 
cancer-related lymphedema. Large datasets included Car-
leton’s analysis of 580,000 clinical documents (with the 
number of unique patients unspecified), [18] Notash (2022) 
with 1,117 patients, [13] Peng’s retrospective study of 3,201 
participants, [14] and Trinh’s 2,137 patients. [15] Medium-
sized datasets consisted of Du’s 670 breast cancer patients, 
[7] Wei’s 533 participants, [16] Wu’s 370 patients, [17] Fu’s 
355 participants, [8] and Nascimben’s multicentric dataset 
of 294 patients. [11] Smaller datasets involved Kistenev’s 76 
individuals, [9] Notash (2021) with data from 30 individuals 
(60 arms), [12] Vicentini’s fuzzy logic system tested on 7 
patients, [19] and Moreira’s Kinect-based assessment, for 
which the sample size was not reported. [10]

AI Techniques and Applications

Recent studies have highlighted the role of AI-driven tools, 
such as ML algorithms, in enhancing the accuracy, scalabil-
ity, and timeliness of lymphedema management (Table 1). 
The AI techniques used in these studies varied widely, 
reflecting the specific objectives of each model (Table 2). 
For example, Natural Language Understanding (NLU) (1 
study) was employed [18] to analyze unstructured clinical 
notes from electronic health records (EHRs). This method 
successfully identified lymphedema incidence with an 
accuracy rate of 81%, demonstrating the potential of AI 
in extracting valuable insights from the vast amounts of 
unstructured data routinely recorded in clinical settings. In 
another study, fuzzy logic systems were used [19] to clas-
sify the severity of lymphedema. These systems exhibited 
high reliability in clinical practice, categorizing severity 
levels based on various inputs to ensure timely, appropriate 
care. Additionally, ML techniques such as LASSO regres-
sion (1 study) and decision trees (6 studies) were applied 
for risk stratification and predictive modeling. [7, 8] These 
methods helped identify patients at high risk for develop-
ing lymphedema, enabling earlier interventions that could 
prevent or mitigate the condition.
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AI Models and Performance

Performance outcomes from these AI models were promis-
ing. For instance, NLU was utilized to process clinical and 
demographic data, achieving 81% accuracy in identifying 
lymphedema. [18] Studies employing ML techniques, such 
as gradient boosting [8] and decision trees [7, 8] by reached 
cross-validation accuracies of up to 93.75%, [8] highlight-
ing the potential of AI to detect early signs of lymphedema. 
Furthermore, fuzzy logic systems demonstrated success in 
classifying the severity of lymphedema using clinical param-
eters like skin changes and pitting. [19] Input data for these 
models included EHRs, clinical variables, imaging data, and 

patient-reported outcomes (PROs), allowing for the crea-
tion of more personalized models to address the multifac-
eted nature of lymphedema. A summary of these diverse AI 
approaches, their specific aims, and reported performance 
metrics is presented in Table 3.

Most studies (8 total, 61.5%) employed long-term pre-
diction horizons ranging from one year to over 20 years 
post-treatment. Validation methods varied across studies, 
with many employing internal validations through cross-
validation, with resulting Area Under the Curve (AUC) per-
formance ranging from 0.81 to 0.93. [14, 16] These AUC 
values indicated strong predictive performance, particularly 
in early detection and severity classification. Few studies 

Fig. 1   PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) Chart
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presented data on the external validation of the developed 
models.

Discussion

The studies reviewed demonstrate the significant poten-
tial of AI in the prediction, detection, and management of 
breast cancer-related lymphedema (Table 3). AI models have 
shown high predictive accuracy, with some studies reporting 
values as high as 99.9% for balanced accuracy, AUC = 0.999 
for training and 0.931 for external validation, [15] enabling 
earlier identification of patients at risk for lymphedema. 
The ability of AI to analyze diverse data sources, including 
EHRs, [17, 18] imaging, [7, 12, 18] and patient-reported 
outcomes, [8, 19] underscores its transformative role in 
improving patient care. This review is particularly important 
as lymphedema remains a common yet underdiagnosed con-
dition among breast cancer survivors. [1, 4] By highlighting 
AI’s role in early detection and personalized intervention, 
this review contributes to the ongoing efforts to enhance 
lymphedema management and improve patient outcomes.

AI models offer significant advantages in identifying and 
diagnosing breast cancer-related lymphedema (Fig. 2). One 
of the most notable benefits is the potential to enhance early 
detection, a crucial factor for effective intervention. [15] Tra-
ditional clinical methods such as subjective measurements 
often fail to identify lymphedema in its early stages, which 
can lead to worsening symptoms and long-term disability. 
[1, 4] AI-driven tools, particularly those using ML algo-
rithms like gradient boosting and decision trees, have dem-
onstrated the ability to predict the risk of lymphedema devel-
opment much earlier than conventional methods. [8] These 
findings suggest that AI has the potential to provide health-
care professionals with crucial early warnings, enabling 

them to initiate preventive measures sooner. Incorporating 
AI into prospective surveillance programs may be able aid 
in selection of high-risk patients to be enrolled, improve 
the efficiency and cost-effectiveness of these programs, and 
thereby reducing the workload of healthcare professionals.

Another advantage of AI in lymphedema care is its ability 
to personalize treatment. The use of diverse inputs allows 
AI models to create individualized care plans based on a 
patient’s unique medical history and current condition. For 
example, the fuzzy logic system used for severity classifi-
cation of lymphedema allows for more nuanced decision-
making by providing healthcare professionals with precise 
recommendations on the appropriate level of intervention 
for each patient. [19] This approach contrasts with tradi-
tional methods that often apply one-size-fits-all guidelines, 
which may not fully account for the individual variation in 
lymphedema development and progression.

Despite the promising results, the studies also revealed 
several key limitations that need to be addressed in future 
research. One major challenge was the quality of the data 
used to train the models. Missing data, particularly in rela-
tion to self-reported symptoms, and variability in clinical 
parameters posed significant hurdles for building robust, 
generalizable models. [8, 9, 13, 14, 16, 17, 19] Self-reported 
outcomes were prone to inconsistencies, which affected the 
reliability of the models that relied on them. Another limi-
tation was the lack of generalizability of the findings, [14, 
16, 17] as many of the datasets used in the studies were 
small, (with the smallest number of patients being 7) and 
homogenous, [9, 10, 16, 17] limiting the applicability of the 
models to broader, more diverse patient populations. This 
lack of diversity in the datasets may have impacted the mod-
els' ability to accurately predict outcomes for patients from 
different demographic backgrounds, highlighting the need 
for more inclusive research. [20] Additionally, some studies 

Table 1   AI Models in Lymphedema Prediction and Diagnosis

AI Models Description Studies Domains Examined

Machine Learning Algorithms Algorithms used for prediction, 
classification, or regression

Du et al7, Fu et al8, Kitsenev et al9, 
Moreira et al10, Nascimben 
et al11, Notash et al. (2021)12, 
Notash et al. (2022)13, Peng & 
Lu14, Trinh et al15, Wei et al16, 
Wu et al17

Lymphedema detection, risk pre-
diction, severity prediction

Deep Learning Models Advanced neural networks used to 
analyze large datasets and images

Fu et al8, Notash et al. (2021)12, 
Peng & Lu14, Trinh et al15, Wei 
et al16

Lymphedema prediction, image 
analysis, outcome prediction

Natural Language Understanding Natural Language Understanding 
used to process clinical data

Carleton et al18 Identification of Lymphedema, 
pathologically positive lymph 
nodes (pN1) prediction

Imaging Studies Imaging data analyzed using AI 
models for diagnosis and predic-
tion

Vicentini et al19, Notash et al. 
(2021)12

Lymphedema tissue analysis, arm 
volume measurement
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lacked external validation, which is crucial for ensuring 
that AI models can perform effectively in real-world clini-
cal settings. [8, 9, 14, 16, 17] Without external validation, 
the confidence in the model's ability to generalize to new 
populations and healthcare environments remains uncertain. 
[20] Future research should place greater emphasis on rigor-
ous external validation through concrete strategies such as 
the use of multi-center datasets and cross-institutional col-
laborations to evaluate model performance across diverse 
populations and care settings.

Future research should focus on expanding the datasets 
used to train AI models. This includes using data from 

diverse patient populations to ensure the generalizability of 
models across various demographic groups. Additionally, 
incorporating more objective data into AI models, such as 
measurements from wearable sensors and devices such as 
perometry and bioimpedance spectroscopy may improve 
model reliability and accuracy. [5] Beyond model develop-
ment, greater attention is needed to the real-world integra-
tion of AI into clinical practice. Practical challenges such as 
clinician trust, workflow integration, model transparency, 
and the cost of adoption remain significant barriers to imple-
mentation and warrant further exploration. Another impor-
tant area for future research is the development of hybrid 

Table 2   Study Characteristics

Abbreviations: NLU, natural language understanding; LASSO, least absolute shrinkage and selection operator; RF, random forest; SVM, support 
vector machine; DT, decision trees; GBM, gradient boosting model; ANN, artificial neural network; LDA, linear discriminant analysis; UMAP, 
uniform manifold approximation and projection; EEFSL, evolutionary ensemble feature selection learning; KNN, K-nearest neighbour; MLP, 
multilayer perception; GLRM, Generalized Logistic Regression Model; LR, Logistic Regression; CART, Classification and Regression Tree; 
ANFIS, Adaptive Neuro-Fuzzy Inference System

First Author Year Country Sample Size Prediction Timeline Exact Time Horizon Application (AI Used)

Carleton et al18 2024 United States 925 Long-term 5.5 years (median) Large Language Model—NLU
Du et al7 2024 China 670 Long-term Post-surgery Machine Learning—LASSO (for 

variable selection), comparison 
of models (including tech-
niques like RF, SVM, and DT)

Fu et al8 2018 United States 355 Long-term 1–5 years (up to 20 post-cancer 
treatment)

Machine Learning—DT C4.5, 
DT C5.0, GBM, ANN (using 
feed forward multi-layer 
network), SVM [using radial 
basis function (RBF) kernel 
function]

Vicentini et al19 2011 Brazil 7 Long-term N/A Fuzzy Logic System—Mamdani 
Fuzzy Inference

Kistenev et al9 2019 Russia 34 Short-term N/A Machine Learning – SVM
Moreira et al10 2015 Portugal Not specified Short-term Immediately after cancer 

treatment(s)
Machine Learning – Fisher 

LDA, Naïve Bayes, SVM
Nascimben et al11 2023 Italy 294 Long-term 854.85 days (2 years, 

4 months)
Machine Learning—UMAP

Notash et al12 2021 Iran 60 Short-term Immediate prediction after 
measurement

Machine Learning—EEFSL, 
SVM, KNN, ANFIS, DT, 
Naïve Bayes

Notash et al13 2022 Iran 1,117 Long-term N/A: Post-surgery and treat-
ment (months or years after 
treatment)

Machine Learning – DT C5.0, 
SVM (with different kernels 
Linear, RBF, and Polynomial), 
KNN, MLP (shallow)

Peng & Lu14 2024 China 3,201 Long-term 6 + months Machine Learning—GLRM, RF 
model, and ANN model

Trinh et al15 2023 Korea 2,137 Short-term Immediately or prior to 
observable symptoms

Machine Learning—RF, GBM, 
DT, LR, ANN

Wei et al16 2021 China 533 Short-term Within the first stages post-
surgery, identified by a 1 cm 
increase in arm circumfer-
ence compared to the healthy 
side

Machine Learning – LR, RF, 
ANN, SVM, CART, DT C5.0

Wu et al17 2022 China 370 Long-term 28.73 months on average after 
surgery

Machine Learning—Naïve 
Bayes Model, K-KNN model, 
SVM, LR, MLP
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models that combine AI with traditional clinical expertise. 
While AI has the potential to enhance clinical decision-mak-
ing, it should complement rather than replace the insights of 
experienced healthcare professionals. Implementation stud-
ies that embed AI tools within multidisciplinary care teams 
and assess usability, interpretability, and feasibility could 
generate robust evidence to guide how AI may be applied 
to deliver more holistic and clinically meaningful care for 
patients with lymphedema. This review has several poten-
tial limitations. First, many included studies relied on small, 
homogenous datasets, limiting the generalizability of AI 
models across diverse populations. Additionally, there was 
significant variability in AI methodologies, feature selec-
tion, and performance metrics, making direct comparisons 
difficult. The issue of missing or incomplete data was men-
tioned in 6 studies (46.2%), particularly in patient-reported 
outcomes, may also introduce bias in model training and 
predictions.

A key concern is the lack of external validation as many 
studies showed promising results using internal datasets but 
did not test their models on independent populations, rais-
ing concerns about real-world applicability. Furthermore, 
AI model transparency remains a significant challenge, as 

many models function as black boxes with limited clini-
cal interpretability. [21] These black box systems are often 
highly complex, particularly deep learning models such as 
neural networks, making it difficult to understand how spe-
cific inputs such as patient characteristics or imaging fea-
tures lead to particular outputs such as diagnoses or risk 
predictions. This lack of interpretability poses a substantial 
barrier in clinical settings, where clinicians must be able to 
understand, justify, and communicate the rationale underly-
ing diagnostic and treatment decisions. As a result, the black 
box nature of many AI models can undermine clinician trust 
and accountability, limiting their adoption in routine prac-
tice. Greater emphasis on the development and evaluation of 
explainable AI systems that provide transparent, interpret-
able, and clinically meaningful explanations for model rec-
ommendations is therefore essential. Incorporating explain-
able AI approaches may enhance clinician confidence, 
support informed decision making, and facilitate safer and 
more ethical integration of AI tools into clinical workflows. 
[22] Addressing these limitations (through diverse datasets, 
standardized evaluation, external validation, and improved 
model interpretability) will be essential for advancing AI-
driven solutions in lymphedema care.

Fig. 2   Timeline of AI Applications in the Prediction, Diagnosis, and Management of Breast Cancer-Related Lymphedema
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Ethical considerations are an important component of 
the clinical translation of AI and warrant greater attention, 
particularly with respect to algorithmic bias and fairness. AI 
models trained on non representative or imbalanced datasets 
may inadvertently perpetuate or amplify existing health dis-
parities, leading to unequal performance across demographic 
groups and care settings [20, 21]. This risk is especially rel-
evant in healthcare, where biased predictions may contrib-
ute to inequitable diagnosis, risk stratification, or treatment 
recommendations. Strategies to mitigate algorithmic bias 
include systematic data auditing to identify gaps or skewed 
representations within training datasets, as well as bias 
aware model design approaches that explicitly evaluate and 
adjust for differential performance across subpopulations 
[22]. Incorporating fairness assessments and transparency 
measures into model development and validation processes 
may help promote more equitable and accountable use of AI 
in clinical practice, complementing efforts to improve model 
generalizability, interpretability, and clinician trust [21, 22].

Conclusion

AI driven technologies hold significant potential to trans-
form the prevention, diagnosis, and management of breast 
cancer related lymphedema by improving diagnostic accu-
racy, enabling earlier intervention, and supporting more 
personalized care. However, the successful translation of 
these tools into clinical practice requires addressing per-
sistent challenges related to data standardization, external 
validation, ethical considerations, and real world imple-
mentation. Future research should prioritize the develop-
ment of standardized and representative datasets, leverage 
multi modal data sources including imaging, clinical text, 
and objective biomarkers, and adopt rigorous multi center 
validation strategies. In parallel, greater emphasis on model 
transparency, fairness, and explainability will be essential 
to promote clinician trust, ensure equitable performance 
across patient populations, and support accountable clinical 
decision making. Through sustained interdisciplinary col-
laboration among clinicians, researchers, and data scientists, 
AI has the potential to meaningfully advance lymphedema 
care and improve quality of life for breast cancer survivors 
worldwide.
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