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Abstract


Deep vein thrombosis is a condition associated with substantial morbidity and a high risk of pulmonary embolism, underscoring the need for rapid and reliable diagnostic solutions. Although machine learning and deep learning techniques are increasingly being applied for clinical decision support, comprehensive analyses of their contributions to early detection, risk prediction, and monitoring remain limited. Following the Preferred Reporting Items for Systematic Reviews and Meta-Analyses 2020 guidelines, we conducted a systematic search in ScienceDirect, IEEE Xplore, Scopus, and Web of Science for studies published between January 2014 and March 2025. Eligible studies applied machine learning or deep learning approaches for the early prediction, monitoring, or risk assessment of deep vein thrombosis, or described reference datasets for algorithm development. Two authors independently extracted data and evaluated methodological quality using the Quality Assessment of Diagnostic Accuracy Studies-2 framework. The included studies were categorized into four domains: Early prediction, monitoring, risk assessment, and reference datasets. In total, 66 studies met the inclusion criteria. Recent advances include deep learning-assisted ultrasound interpretation and real-time implementation of machine learning algorithms. While most studies demonstrated a low overall risk of bias, recurring limitations were identified in terms of patient selection, reporting practices, and validation strategies. Dataset harmonization and external validation were infrequently performed, and documentation of data provenance and class imbalance handling was inconsistent. Machine learning and deep learning approaches demonstrate considerable potential to accelerate accurate diagnoses and facilitate individualized risk stratification; however, their translation into routine practice requires standardized datasets, rigorous external validation, and integration into existing clinical workflows. This review consolidates a decade of research, links methodological quality to clinical applicability, and provides a task-oriented roadmap for advancing machine learning-enabled diagnostics and monitoring in the context of deep vein thrombosis.
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1. Introduction


Deep vein thrombosis (DVT) is recognized as the leading preventable cause of in-hospital mortality. This vascular condition and its associated complications pose a substantial clinical challenge, affecting multiple hospital departments and often arising as a secondary condition unrelated to the patient’s primary diagnosis. Statistically, it ranks as the third leading cause of cardiovascular-related deaths, following acute myocardial infarction and stroke [1,2,3,4]. The rising incidence of DVT, including in pediatric populations, emphasizes its growing relevance to public health and the need for early diagnostic strategies. A major epidemiological study conducted across one-third of pediatric hospitals in the United States reported a 70% increase in DVT incidence between 2001 and 2007, rising from 38 to 58 cases per 10,000 children. This rise has been attributed to various aspects of modern life, including sedentary behavior and the increased use of invasive medical devices [5,6]. Consequently, early detection of DVT is critical for improving patient outcomes and reducing associated clinical risks.



In recent years, machine learning (ML) has emerged as a transformative tool in medicine, demonstrating significant potential to improve diagnostic workflows. Unlike conventional approaches, ML models can exploit large, heterogeneous datasets and reveal patterns that are not easily detected by clinicians. Countries such as the United States, Italy, the United Kingdom, Germany, and Canada have taken a leading role in both foundational and applied research involving ML-based disease detection. In the context of DVT, ML algorithms such as Decision Trees (DT), K-Nearest Neighbors (KNN), Multilayer Perceptron Neural Networks (MLP-NNs), Support Vector Machines (SVMs), and Random Forests (RFs) have shown promising results [3,4,5,6,7,8]. Several studies have suggested that ML models can surpass conventional diagnostic approaches in terms of both accuracy and operational efficiency. For example, deep learning techniques have been applied to compression ultrasound interpretation, thereby supporting non-specialists in the diagnostic process. These technological advances demonstrate the potential of ML to democratize diagnostic access and reduce reliance on expert personnel; however, their practical translation remains inconsistent.



Despite this progress, previous studies and reviews have often focused on specific datasets or algorithms, lacking a unified perspective on validation practices, real-world applicability, and generalizability. Existing works rarely provide a critical synthesis that compares model performance across diverse clinical contexts, which is essential for clinical adoption. Significant challenges persist, including dataset heterogeneity, limited external validation, and uncertainty regarding real-world performance. This fragmentation hinders the development of robust, scalable, and clinically validated ML solutions for DVT. Addressing this gap requires a review that not only catalogs the ML approaches applied to DVT but also critically contrasts methodologies, highlights limitations, and identifies research priorities.



This review therefore contributes by systematically evaluating ML-based strategies for the early detection, risk prediction, and monitoring of DVT, presenting a structured comparison of algorithms, datasets, and evaluation metrics. Emphasis is placed on analyzing the strengths and weaknesses of current approaches, providing actionable insights for future studies and clinical translation. By doing so, this work not only synthesizes the available evidence but also highlights limitations in existing approaches, uncovers actionable research gaps, and provides recommendations for advancing clinically meaningful ML applications.



The remainder of this review is organized as follows: Section 2 details the methodology employed. Section 3 presents the findings of the review. Section 4 contextualizes these findings. Section 5 highlights emerging trends and future research directions. Section 6 addresses current limitations and clinical implications. Finally, Section 7 summarizes the main conclusions of this systematic review.




2. Methodology


A systematic literature search was conducted across ScienceDirect, IEEE Xplore, Scopus, and Web of Science to ensure comprehensive coverage of relevant studies. The following Boolean query was applied: (“Deep Vein Thrombosis” OR “DVT”) AND (“Artificial Intelligence” OR “Deep Learning” OR “Machine Learning”) AND (“Mobile application”). This combination of keywords was designed to maximize the retrieval of studies focusing on ML-based approaches to DVT detection and monitoring. Search terms were intentionally kept simple and precise, reflecting the most common terminology in the field. Duplicate records were identified and removed before the screening process.



To ensure methodological transparency and reproducibility, this review was conducted in accordance with the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) 2020 guidelines. A predefined protocol guided the search strategy, screening process, eligibility assessment, and data extraction. Multiple reviewers independently verified all decisions regarding article inclusion to minimize bias and maintain consistency. These measures strengthen the rigor and reliability of the review’s findings.



2.1. Screening and Eligibility Results


A comprehensive multi-stage screening process was implemented to select studies that were both relevant to the objectives of this review and methodologically robust. Titles and abstracts were first examined to identify articles explicitly addressing ML techniques for DVT detection, prediction, or related clinical tasks. Articles passing this stage underwent a detailed full-text review, applying the predefined eligibility criteria summarized in Table 1.



The first criterion required that studies explicitly apply ML techniques for DVT detection, risk prediction, or monitoring using clinical data, medical imaging (e.g., ultrasound, MRI), or electronic health records. The second criterion excluded literature reviews, editorials, commentaries, and isolated case reports, focusing solely on original research that offers substantive methodological contributions. The third criterion excluded articles published in languages other than English. This restriction was applied to ensure accurate interpretation of clinical and technical terminology, avoid translation-related bias, and maintain consistency during quality assessment. Language restrictions are widely recognized as a practical approach in systematic reviews, particularly when translation resources are unavailable or insufficient to guarantee methodological rigor.



After applying these criteria, eligible studies were organized into four thematic categories:




	
DVT prediction;



	
DVT monitoring;



	
DVT risk assessment;



	
Reference data for algorithm development.








The article selection process was validated through consensus among reviewers and adhered strictly to the PRISMA 2020 guidelines to ensure transparency and reproducibility. The full selection workflow is illustrated in the PRISMA flow diagram in Figure 1.




2.2. Reviewer Roles


The selection and evaluation of studies were conducted independently by two reviewers using a structured, multi-phase process. In the first phase, both reviewers screened the titles and abstracts of all identified articles to assess their relevance based on predefined inclusion and exclusion criteria. Any discrepancies during this initial screening were discussed between the reviewers until consensus was reached; if no agreement could be achieved, a third senior reviewer served as an adjudicator to make the final decision.




2.3. Risk of Bias Assessment


The risk of bias in the included studies was systematically assessed using the QUADAS-2 tool, which is widely utilized to evaluate diagnostic accuracy studies. Four domains were analyzed: Patient Selection (PS), Index Test (IT), Reference Standard (RS), and Flow and Timing (FaT). Each study was evaluated in these domains for both risk of bias and concerns regarding applicability to clinical settings.



Two independent reviewers conducted the assessment for all included studies, applying QUADAS-2 signaling questions to judge the risk of bias in each domain. Responses were categorized as “low risk” when studies reported clear and appropriate methodology, “high risk” when there was evidence of methodological flaws that could affect validity, and “unclear” when reporting was insufficient to permit judgment. Patient selection was evaluated based on the sampling strategy and exclusion criteria; the index test was assessed according to blinding and predefined thresholds; the reference standard was evaluated for independence and reliability; and the flow and timing were examined in terms of the consistency of testing procedures and time intervals between tests. Disagreements between reviewers were resolved through discussion to reach consensus, and a third senior reviewer was available for adjudication if necessary.



The structured use of QUADAS-2 provided a consistent framework for identifying the strengths and limitations of each study and for interpreting aggregated evidence. This evaluation informed the synthesis of results and supported the validity and reliability of the review’s conclusions.



In the second phase, full-text articles deemed potentially eligible were independently reviewed to confirm their inclusion based on detailed methodological criteria. Relevant data—including study objectives, ML techniques used, dataset characteristics, evaluation metrics, and primary findings—were extracted using a standardized data extraction form designed to ensure consistency and reproducibility. Any disagreements related to data extraction or study inclusion were resolved through discussion and, if necessary, adjudicated by a third reviewer.




2.4. Summary of Methodological Rigor


This systematic review was designed to meet high standards of methodological rigor, transparency, and reproducibility. By following the PRISMA 2020 guidelines, implementing a predefined protocol, applying clearly defined eligibility criteria, and conducting multi-reviewer validation at every stage, we ensured that study selection and data extraction were performed consistently and objectively. The use of the QUADAS-2 tool for bias assessment further reinforces the robustness of this review, allowing readers to interpret the presented findings with confidence in their validity.





3. Results


3.1. Risk of Bias Evaluation Results


The majority of studies showed a low risk of bias across most domains. Specifically, 85% of studies exhibited a low risk of bias in patient selection, 93% in the index test, 98% in the reference standard, and 90% in flow and timing. However, a minority of studies raised concerns, particularly in relation to patient selection and procedural consistency within the flow and timing domain. A small number of studies were classified as having an unclear risk due to insufficient methodological reporting.



As summarized in Table 2, these findings indicate that while the overall methodological quality of the included studies was acceptable, residual sources of bias—especially in patient recruitment and test administration—may have influenced specific outcomes. This underscores the importance of cautious interpretation when comparing diagnostic performance across studies.



The QUADAS-2 assessment provides valuable insight into the overall methodological quality of the included studies, revealing that most demonstrated a low risk of bias across key domains. High-quality performance in the Index Test and Reference Standard domains reflects the growing rigor in evaluating ML-based diagnostic models. However, a small subset of studies exhibited high or unclear risk, particularly in the Patient Selection and Flow and Timing domains, underscoring variability in study design, reporting practices, and sample representativeness. These findings highlight the need for standardized reporting frameworks and prospective study designs to ensure the reproducibility and clinical applicability of ML algorithms. By explicitly quantifying and categorizing sources of bias, this review emphasizes both the strengths and limitations of the evidence base, providing a transparent foundation for interpreting diagnostic accuracy results and guiding future research.




3.2. Sensitivity Analyses


Sensitivity analyses were not conducted due to substantial methodological heterogeneity among the included studies, particularly regarding data types, machine learning model architectures, and evaluation protocols. This variability limited the feasibility of subgroup comparisons and prevented the generation of consistent pooled estimates.




3.3. Search Results


A systematic search across the Scopus, ScienceDirect, IEEE Xplore, and Web of Science databases yielded a total of 221 articles. After duplicate removal, 181 unique records remained. Title and abstract screening narrowed this selection to 124 articles explicitly reporting the use of machine learning (ML) for deep vein thrombosis (DVT) detection.



Following the application of predefined eligibility criteria, 32 studies were selected for inclusion in this systematic review. These studies were organized into the following four thematic categories:




	
DVT prediction;



	
DVT monitoring;



	
DVT risk assessment;



	
Reference data.








To provide a clear understanding of the research trends and contextual factors influencing machine learning (ML) and deep learning (DL) studies on deep vein thrombosis (DVT), Figure 2, Figure 3 and Figure 4 provide essential context. Figure 2 illustrates the rapid growth of research activity in this domain, highlighting a marked increase in publications after 2020 which parallels the integration of AI-driven solutions in clinical workflows. This trend underscores the relevance of conducting a timely and comprehensive review, as recent studies have increasingly leveraged DL architectures, multimodal data, and real-time diagnostic tools, reflecting a significant shift in the field’s maturity and clinical focus.



Figure 3 highlights the geographic distribution of studies, showing the top ten countries contributing the highest number of publications on ML applications in DVT. This distribution reflects research leadership concentrated in North America and China, driven by the advanced technological infrastructure and healthcare system priorities in these regions. The uneven representation also points to potential dataset and population biases, as many studies originate from single-center or region-specific cohorts. Recognizing this concentration is essential for interpreting model generalizability and identifying opportunities to expand future research into under-represented regions, thereby improving the diversity and applicability of ML-driven clinical solutions.



Figure 4 presents the thematic categorization of the included studies, organizing them into the four task domains defined in this review: Prediction, monitoring, risk assessment, and reference datasets. This categorization not only summarizes the research focus of the field but also serves as the structural foundation for the Results and Discussion Sections, allowing for a clear and systematic synthesis of findings. By framing the literature in these domains, Figure 4 supports a comparative evaluation of methodologies, highlights gaps in validation and clinical translation, and guides readers through the narrative of this review. In addition, Figure 5 and Figure 6 build upon this framework by detailing the algorithm distribution and reported performance metrics, directly addressing the central objective of assessing methodological trends and technical efficacy.



Figure 5 illustrates the relative frequency of machine learning algorithms applied in DVT-related studies, with Random Forest (18%) and Support Vector Machine (15%) emerging as the most frequently adopted approaches. This distribution provides valuable insight into methodological trends and community preferences, reflecting the popularity of tree-based ensemble models for structured clinical data and the historical strength of SVMs in handling small-to-moderate datasets. Understanding this landscape helps to contextualize performance comparisons and underscores the need to explore underutilized algorithms and novel deep learning architectures to enhance generalizability and clinical applicability.



Figure 6 summarizes the average accuracy reported for the main machine learning algorithms applied in DVT-related studies. Models based on Random Forest (94%), XGBoost (94%), and Artificial Neural Networks (95%) demonstrated the highest performance metrics reported in the literature. This comparison highlights the strong predictive capability of ensemble tree-based methods and neural architectures, which leverage the feature interactions and non-linear relationships in clinical data. However, it also reveals potential challenges in direct cross-study comparisons, as differences in dataset size, feature selection, and validation strategies can influence the reported accuracy. This figure therefore serves as both a benchmark of existing methodological achievements and a call for standardized evaluation protocols to ensure fair and clinically meaningful performance assessment across algorithms.



Additional visualizations are provided in the Supplementary Materials. These include Figure S1 (journal distribution), Figure S2 (author contributions), Figure S3 (funding sources), Figure S4 (article types), Figure S5 (Co-occurrence Map), and Figure S6 (citation networks), offering a broader bibliographic perspective that supports—but does not distract from—the methodological analysis presented in the main text. There also detailed information regarding journals, authors, and datasets included in this review in the Appendix A, Appendix B and Appendix C (Table A1, Table A2 and Table A3).




3.4. DVT Prediction


The early and accurate prediction of DVT using ML algorithms has emerged as a prominent research focus in recent years. A recurring pattern observed across the literature is the application of supervised learning models such as Decision Trees (DT), Random Forests (RFs), Support Vector Machines (SVMs), K-Nearest Neighbors (KNN), and simple neural networks [9,10,11,12,13,14,15,16,17,18,19,20]. These models are typically trained on structured clinical datasets, leveraging features such as patient demographics, vital signs, and laboratory measurements.



A smaller subset of studies has investigated more advanced techniques, including convolutional neural networks (CNNs), ensemble deep learning architectures, and custom hybrid models [9,20,21,22,23,24,25,26,27,28,29,30,31]. These approaches generally require complex or multimodal inputs—such as medical imaging or real-time physiological signals—and have demonstrated superior performance, particularly in studies with sufficiently large and high-quality datasets.



3.4.1. Algorithms Used


Several studies have emphasized the use of decision trees and logistic regression for analyzing clinical data, incorporating variables such as age, obesity, and prior DVT history. These interpretable and transparent models are often favored in clinical practice due to their simplicity and ease of integration into routine workflows. Most were evaluated through cross-validation and externally validated on independent cohorts, achieving prediction accuracies ranging from 85% to 90%. Notably, one study introduced a clinical decision-support tool, AutoDVT, which combines logistic regression with a user-friendly interface for hospital implementation [10].



Other approaches have explored neural networks trained on medical images, particularly X-rays and ultrasound scans. Convolutional neural networks (CNNs) applied to Doppler and grayscale ultrasound data achieved high diagnostic performance, with reported AUC values of 0.88 and 0.89 and classification accuracies near 75% [11,19,20,23,24,31,32,33]. One study also demonstrated the successful application of transfer learning, enabling robust predictive performance even on limited datasets [22].



Ensemble models, including Random Forests, Gradient Boosting Machines (GBMs), and K-Nearest Neighbors (KNN), have been shown to perform well on high-dimensional datasets integrating clinical, physiological, and imaging features. However, performance frequently declined in the presence of data imbalance—a recurring challenge in DVT datasets given the relatively low prevalence of positive cases [8,9,34]. Notably, CNN-based models trained with oversampling strategies outperformed traditional classifiers, underscoring the importance of robust data balancing techniques.



To summarize the landscape of ML approaches for DVT prediction, the reviewed studies were categorized by primary model type: Traditional algorithms (e.g., logistic regression, decision trees, SVMs), deep learning models (primarily CNNs), and temporal models (e.g., LSTMs). As shown in Figure 7, traditional ML techniques continue to dominate for structured clinical data, whereas deep learning has gained traction in imaging studies. Temporal models remain underexplored, yet represent a promising avenue for capturing dynamic risk patterns in hospitalized or continuously monitored patients.



In summary, conventional ML methods generally achieved accuracies between 80% and 90%, whereas deep learning approaches—particularly those leveraging imaging data—achieved accuracies of up to 95% [31,32,33]. However, these performance gains were often accompanied by trade-offs in interpretability and computational cost, highlighting the ongoing challenge of balancing model complexity with clinical applicability.




3.4.2. Observed Limitations


Despite promising results, multiple limitations were identified in studies proposing DVT prediction models. Many of these challenges stemmed from reliance on retrospective clinical data, which often contained incomplete, imprecise, or inconsistent information, thereby increasing the risk of bias in ML model development and evaluation [12,16]. Missing values for critical variables—such as anticoagulant treatment history or comorbidities—frequently led to the use of imputation strategies, potentially compromising clinical reliability and reducing model robustness.



Additionally, most algorithms did not incorporate temporal dynamics or contextual factors influencing DVT progression, such as prolonged immobilization, evolving physiological markers, or medication adjustments. The absence of these variables limits the capacity of models to capture clinically meaningful temporal patterns or dynamic trajectories that warrant early intervention.



This gap highlights the importance of adopting temporal modeling techniques—such as recurrent neural networks (RNNs), long short-term memory (LSTM) networks, or temporal convolutional networks (TCNs)—specifically designed to capture time-dependent relationships in clinical data [11,14,29,35]. A small number of studies have applied LSTM networks to longitudinal vital sign records, reporting performance improvements of 5–10 percentage points compared to static models. However, these approaches were limited by the scarcity of labeled time-series datasets and the computational overhead associated with training complex recurrent models in clinical settings.



Furthermore, several studies did not report calibration metrics—such as Brier scores, calibration curves, or reliability diagrams—hindering the evaluation of whether the predicted probabilities accurately reflected observed outcomes. This omission is particularly concerning in DVT applications, where poorly calibrated models may lead to over-treatment (false positives) or missed diagnoses (false negatives), both of which carry significant clinical risk. Table 3 summarizes the best-performing ML approaches for DVT prediction, highlighting the diversity of algorithms, data sources, and clinical applications across studies.




3.4.3. Clinical Implications


The integration of ML-based DVT prediction tools into clinical workflows offers several potential advantages that could meaningfully enhance patient care and optimize healthcare system performance:




	
Facilitating the early identification of high-risk individuals, particularly in preoperative, emergency, or intensive care settings.



	
Optimizing diagnostic resource allocation by prioritizing imaging or laboratory testing for patients with the highest predicted risk.



	
Reducing clinician workload through automated, real-time risk stratification integrated into electronic health record (EHR) systems.



	
Extending diagnostic support to rural or underserved areas by combining portable imaging devices with on-device ML inference.



	
Supporting continuous, in-hospital monitoring by dynamically updating risk assessments as patient conditions evolve.








To fully realize these benefits, future research should prioritize prospective clinical trials, the use of diverse multicenter datasets, and the development of calibrated, interpretable, and patient-centered predictive models designed for seamless integration into existing clinical infrastructures.



Overall, these results illustrate how ML models can be tailored to different clinical contexts, from risk stratification in hospital triage to real-time inpatient monitoring.





3.5. DVT Monitoring


In contrast to diagnostic applications, the use of ML for continuous monitoring of patients at risk for DVT—particularly in postoperative or immobilized contexts—has shown encouraging preliminary results. This potential is especially evident when ML is integrated with wearable devices and mobile health (mHealth) platforms [14,16].



For instance, one study [15] implemented a wearable sensor system connected to a smartphone application, continuously capturing physiological indicators such as heart rate variability, blood pressure trends, and limb movement. This configuration enabled real-time detection of anomalies associated with thrombotic risk, facilitating timely clinical intervention. Clinically, the potential of this approach suggests that patients recovering from orthopedic surgery or with known coagulation disorders could benefit from remote, non-invasive monitoring, potentially reducing hospital stays and supporting proactive outpatient management.



3.5.1. Real-Time Approaches


Several studies have explored unsupervised learning techniques to identify early physiological anomalies that may precede thrombotic events. For example, clustering algorithms such as k-means and hierarchical clustering have been used to group patients with similar risk profiles or to detect outlier patterns which are indicative of early DVT onset [27,29,30]. These models have shown particular value in postoperative monitoring, where sudden changes in cardiovascular dynamics can signal clot formation. Principal Component Analysis (PCA) has also been employed in several studies for dimensionality reduction and to isolate the most informative features from noisy real-time data streams [15,21,36]. This technique allows clinicians to focus on key physiological indicators—such as peripheral temperature drops or sharp decreases in blood flow velocity—that are strongly associated with venous obstruction.



Although less frequently applied in this context, deep learning models have demonstrated significant promise for real-time biomedical signal interpretation. For instance, a convolutional neural network (CNN) was applied to Doppler ultrasound signals acquired via wearable probes, achieving an accuracy of 89% in detecting venous obstructions in the lower extremities [22,31]. These findings suggest that ambulatory Doppler monitoring could evolve into a practical clinical tool, particularly for high-risk outpatient populations including cancer patients and individuals with a history of DVT.



Notably, some models have demonstrated the ability to detect thrombotic patterns hours before the onset of clinical symptoms, underscoring their potential value in preventive medicine. Such capabilities could enable earlier initiation of anticoagulant therapy or prompt confirmatory imaging, thereby improving patient outcomes [23,24,37].



Figure 8 illustrates the desired data flow for ML-based DVT monitoring. Sensors capture physiological signals, which are preprocessed and subjected to PCA to isolate the most relevant features. These features are subsequently analyzed by clustering algorithms to assess thrombotic risk. Finally, model outputs can trigger real-time alerts that inform timely clinical decision making, including the initiation of preventive measures.




3.5.2. Limitations of Automated Monitoring


Despite recent advances, automated DVT monitoring approaches still face several critical limitations that hinder their widespread clinical adoption. A recurrent challenge is the low specificity of many wearable sensor systems. For example, one study reported that over 30% of alerts generated by an ML model were false positives, frequently triggered by non-pathological physiological fluctuations such as physical activity or benign arrhythmias [15]. Such frequent false alarms may contribute to alert fatigue among both patients and healthcare providers, undermining trust in the reliability of these monitoring systems.



Economic feasibility represents another significant barrier to large-scale implementation. High upfront costs related to device development, calibration, and distribution—combined with ongoing maintenance requirements for wearable-based ML systems, particularly those incorporating imaging or Doppler technologies—may limit adoption in resource-constrained healthcare environments [33,38].



Moreover, substantial inter-individual variability in physiological signals—driven by factors such as age, sex, comorbidities, medications, hydration status, and body posture—often results in models with limited generalizability across populations. Several studies have reported that thresholds which were effective for thrombotic risk detection in one cohort produced inconsistent or misleading results in others, such as when comparing younger athletic populations with elderly, immobilized patients.



To address these challenges, researchers have proposed personalized ML models trained on individualized datasets or demographically similar cohorts. Such models can incorporate adaptive learning algorithms that dynamically adjust thresholds based on a patient’s baseline physiological profile. Clinically, this approach has the potential to deliver tailored monitoring strategies that align with each patient’s unique risk factors. However, this personalization also introduces ethical and logistical challenges related to the use, storage, and transmission of sensitive health data, particularly in cloud-based systems for real-time analytics [17,18,39]. Table 4 summarizes the most relevant ML-based DVT monitoring approaches, detailing the range of data sources—spanning wearable sensors, Doppler ultrasound, multimodal ICU data, and electronic health records—and reflecting the diversity of clinical contexts in which continuous monitoring is applied.




3.5.3. Clinical Implications


The integration of ML-based monitoring tools into routine clinical workflows offers substantial potential to improve patient outcomes and optimize healthcare resource utilization:




	
Facilitating early detection and intervention for high-risk patients during outpatient care or home-based recovery.



	
Reducing hospital readmissions, particularly after orthopedic surgeries or cancer treatments.



	
Enhancing diagnostic efficiency through ML-driven alerts that prioritize confirmatory testing and imaging resources.



	
Enabling the design of closed-loop systems capable of autonomously recommending—or even initiating—prophylactic interventions based on real-time risk assessment.








To achieve these benefits, successful implementations will require rigorous validation through multicenter clinical trials, close collaboration between clinicians and data scientists, and strict adherence to regulatory frameworks to ensure safety, reliability, and ethical transparency in the deployment of these models.



Overall, these findings highlight the clinical potential of ML for continuous DVT monitoring. While wearable and telemedicine-based approaches show promise for outpatient care and early detection, unsupervised clustering methods offer insights for patient stratification and risk identification within hospital and ICU settings.





3.6. DVT Risk Calculation


An important area of research focuses on estimating the risk of DVT using predictive ML models trained on historical clinical data and validated risk factors. Unlike diagnostic models, which aim to identify existing DVT cases, these predictive systems estimate the likelihood of thrombus development over time.



The primary objective of these models is to stratify patients by risk level, enabling early and targeted interventions that may prevent thrombosis and reduce the likelihood of severe complications. Numerous studies have demonstrated that these models enhance clinical decision making by integrating a wide range of variables, including demographic data, comorbidities, and laboratory test results [1,4,25,29]. Clinically, this stratification supports the selective administration of prophylactic interventions—such as anticoagulation, compression therapy, or perioperative adjustments—to patients with elevated predicted risk, thereby optimizing resource allocation and minimizing overtreatment.



3.6.1. Risk Stratification Models


Unlike diagnostic algorithms that rely on imaging or acute symptoms, risk stratification models often employ logistic regression and Bayesian networks to provide a more precise assessment of individual patient risk [32,40,41]. These models typically process variables such as age, sex, body mass index (BMI), cancer history, duration of immobilization, and family medical history, classifying patients into low-, moderate-, or high-risk categories. The reported accuracy rates for these methods are generally above 81% [27,40].



Bayesian network-based approaches have shown particular promise in addressing the probabilistic and uncertain nature of clinical data. By modeling interactions among multiple risk factors—such as oral contraceptive use, genetic predisposition, and physical trauma—these models produce nuanced and individualized risk estimates. This capability makes them especially effective for identifying borderline or atypical patient profiles that may not be flagged by traditional rule-based tools, such as the Wells score [17,18,42].



Recent advances also include the application of ensemble methods, such as Random Forests and Gradient Boosting Machines (GBMs), to predict the risk of DVT in high-risk populations such as oncology patients, orthopedic surgery recipients, and ICU patients. These models incorporate dynamic clinical parameters—including intraoperative blood loss, post-surgical mobility, and inflammatory markers—to deliver more accurate and context-specific predictions, often achieving accuracy levels of up to 87% [17,18,27,31,32,37]. When integrated into electronic health record (EHR) systems, these algorithms can generate automated alerts and clinical decision-support tools to guide thromboprophylaxis in real-time.



To illustrate the influence of individual clinical features on ML-based risk stratification, Figure 9 presents an aggregated estimate of feature importance values synthesized from multiple studies, rather than a single dataset [17,27,32,40,42]. Variables such as cancer status, immobility, and age consistently emerge as top contributors, particularly in Random Forest and GBM models. While this figure is illustrative, it reflects consensus trends in feature relevance reported across the literature.




3.6.2. Limitations of Risk Models


Despite their potential, existing models for DVT risk stratification face several important limitations. A common challenge is the reliance on patient cohorts derived from a single hospital or geographically restricted datasets, which limits both generalizability and external validity [17,27]. This limitation becomes particularly critical when deploying models across diverse healthcare environments, where patient demographics, clinical practices, and diagnostic standards can vary substantially.



Another major limitation is the insufficient integration of genomic, proteomic, and molecular biomarkers, which play crucial roles in individual susceptibility to DVT. The exclusion of these variables constrains predictive accuracy and may overlook essential biological contributors [17,26,39]. For example, genetic variants such as factor V Leiden, prothrombin G20210A, and deficiencies in natural anticoagulants (e.g., antithrombin III, protein C, protein S) are well-established risk factors, yet are often absent from prediction pipelines due to limited data availability.



Furthermore, while many studies have reported favorable performance metrics—such as accuracy or AUC—there is a consistent lack of external validation using prospective cohorts, and very few models have been tested within real-world clinical workflows. To ensure clinical applicability, future models must undergo rigorous prospective validation, be integrated seamlessly into hospital information systems, and incorporate intuitive, user-centered interfaces that facilitate clinical decision making. Only under such conditions can these predictive tools progress from academic research to reliable instruments in preventive vascular medicine.



Table 5 provides an overview of the most relevant ML-based models developed for DVT risk stratification. These studies primarily focused on patient-specific risk factors—including demographics, comorbidities, lifestyle, and perioperative conditions—to enable the early identification and classification of individuals at increased risk.



Overall, the studies highlight the adaptability of ML approaches to diverse patient populations, ranging from general outpatients to high-risk surgical and oncology cohorts. Logistic regression and tree-based methods offer robust performance in structured hospital data, while Bayesian networks provide additional interpretability in cases involving uncertainty and complex variable interactions. Together, these approaches underscore the roles of ML in guiding targeted thromboprophylaxis and personalized prevention strategies.





3.7. Reference Data


A consistent finding across all reviewed studies is that the performance and reliability of ML models are highly dependent on the quality and quantity of the reference datasets used for training and validation. This section underscores the critical role of datasets in shaping model development, predictive accuracy, and clinical applicability. The volume, heterogeneity, and provenance of training data directly determine a model’s capacity to generalize across diverse patient populations and clinical settings. Therefore, both dataset size and diversity represent essential determinants of a model’s robustness and generalizability [29,30,39].



3.7.1. Data Sources


The reviewed studies predominantly relied on clinical datasets sourced from local clinics [11,12,13,14,15,29,30,32,33,34,43] and hospital databases [17,18,21,22,23,24,25,26,27,28,31], with a limited number of studies employing synthetically generated datasets to address data scarcity concerns [9,10]. Frequently referenced sources included the UK-VTE registry and institutional records from German hospitals [17,18,21,22,23,24,25,26,27,28]. These datasets typically included patient demographics, medical histories, treatment regimens, laboratory test results, and routinely collected physiological parameters.



Several studies have reported improved predictive performance through the integration of multimodal data sources. Some approaches combined imaging modalities—such as Doppler ultrasound—with physiological data from wearable devices and structured clinical records, resulting in enhanced model accuracy and interpretability [29,32,33]. For instance, one study demonstrated that incorporating Doppler imaging with clinical variables increased predictive accuracy by approximately 15% [36].




3.7.2. Data Limitations


One of the most critical challenges identified across the reviewed studies is the lack of dataset standardization and variability in data quality. Heterogeneity across sources introduces inconsistencies that hinder the generalizability of ML models. In numerous cases, electronic health records (EHRs) contained missing values, entry errors, or inconsistently defined variables, all of which compromised model reliability. Additionally, several studies reported insufficient preprocessing and data cleaning procedures, potentially amplifying noise or introducing bias.



Furthermore, most studies did not provide detailed information regarding the provenance of datasets, raising concerns about the reliability of predictions, monitoring strategies, or risk estimation models. Limited transparency in data origin also complicates external validation and poses challenges for regulatory approval. The scarcity of open-access, well-annotated benchmark datasets further restricts reproducibility and limits the ability to conduct comparative evaluations of algorithms. This lack of data-sharing initiatives prevents the research community from establishing standardized baselines, impeding progress toward robust and clinically applicable ML solutions.



These findings emphasize the urgent need for standardized datasets, rigorous documentation protocols, and collaborative data-sharing frameworks to strengthen model development, evaluation, and clinical translation. Table 6 summarizes the relationships between authors and the ML algorithms analyzed in this review.





3.8. Reporting Biases


Potential reporting biases were carefully considered during the review process. The majority of the included studies reported positive findings regarding the application of ML models for the early detection, risk prediction, and monitoring of DVT. This trend raises concerns about potential publication bias, as studies reporting negative or non-significant results may be under-represented in the literature.



Furthermore, reliance on bibliographic databases that primarily index peer-reviewed journals may have contributed to the exclusion of unpublished or gray literature, potentially overestimating the effectiveness and robustness of evaluated models. To address this limitation, future systematic reviews should explicitly incorporate preprints, conference proceedings, and institutional or technical reports to mitigate reporting bias and provide a more comprehensive and balanced assessment of ML-based approaches in this domain.




3.9. Certainty of Evidence


The overall certainty of the evidence synthesized in this review was assessed to be moderate. Although numerous studies demonstrated the promising diagnostic performance of ML models for DVT detection and risk prediction, several factors limit confidence in these findings. Key limitations include methodological heterogeneity, reliance on retrospective datasets, insufficient external validation, and unclear risk-of-bias assessments in some studies, particularly regarding patient selection, study flow, and timing.



Furthermore, the absence of standardized reporting frameworks and limited transparency in model development pipelines challenge reproducibility and hinder clinical translation. Future prospective multicenter investigations adhering to standardized protocols and transparent reporting practices are essential to strengthen the evidence base and support the safe and effective integration of ML models into DVT management.





4. Discussion


This review provides a critical synthesis of ML applications for the prediction, monitoring, and risk stratification of DVT. The findings underscore the growing use of supervised learning algorithms, including Decision Trees, Support Vector Machines, and ensemble methods, alongside more recent investigations into deep learning (DL) architectures for both diagnostic and patient monitoring purposes.



Although ML models consistently demonstrated promising performance—particularly DL-based approaches, with reported accuracies of up to 95%—several limitations undermine their clinical readiness. Traditional models leveraging structured clinical variables achieved robust but comparatively lower accuracy, while convolutional neural networks (CNNs) and other complex architectures offered superior pattern recognition in imaging and physiological data at the cost of increased computational complexity, decreased interpretability, and substantial data requirements.



Compared with ML applications in other cardiovascular conditions, such as stroke or myocardial infarction, ML research in DVT remains less mature and fragmented. Many studies relied on small single-center datasets, lacked external validation, and reported inconsistencies in data quality and preprocessing pipelines. These limitations raise concerns about model overfitting, particularly when high performance metrics are presented without independent validation.



A key observation is the limited incorporation of temporal information into predictive models. Despite the clinical significance of time-dependent risk factors—such as immobilization duration or changes in pharmacological management—most models analyzed patient data as static snapshots, overlooking dynamic disease trajectories. While wearable technologies and continuous monitoring approaches show promise, they remain challenged by high false positive rates and inter-patient variability in physiological signals.



Risk stratification models demonstrated utility in identifying high-risk patients and guiding early preventive interventions. Logistic regression and Bayesian network-based approaches were particularly effective in managing uncertainty and probabilistic relationships among clinical variables. However, the exclusion of genomic, proteomic, and other molecular biomarkers was a recurring limitation, reducing the ability of current models to capture the full heterogeneity of thrombotic risk.



Data limitations were pervasive across studies. The majority of models were trained on retrospective clinical records, often containing missing values or incomplete information. The lack of standardized, multicenter, and open-access datasets hinders reproducibility, comparative benchmarking, and external validation efforts. Although some studies have explored synthetic or multimodal data integration to overcome these barriers, such methods risk introducing biases that further challenge model reliability and real-world applicability.



From a clinical perspective, ML systems have substantial potential to enhance diagnostic workflows by improving early detection rates, extending advanced diagnostic capabilities to resource-limited settings, and enabling continuous monitoring of at-risk populations. However, translating this potential into practice requires standardized data collection, robust external validation, and the incorporation of temporal and biological complexity to ensure clinical safety and trustworthiness.



To accelerate clinical adoption, future research should prioritize the development of interoperable datasets, the inclusion of multi-omics data, and the integration of interpretable ML models into existing clinical workflows. Ethical considerations—such as data privacy, explainability, and regulatory compliance—must also be addressed to ensure safe and equitable implementation. Additionally, interdisciplinary collaboration between clinicians, data scientists, and regulatory bodies will be key to achieving clinically validated, scalable ML solutions for DVT management.



In conclusion, while ML has transformative potential for the early detection, prevention, and monitoring of DVT, significant technical, clinical, and ethical challenges remain. Addressing these challenges is critical to progressing from proof-of-concept models to validated, deployable decision-support tools which are capable of improving patient outcomes in real-world healthcare environments.




5. Trends and Future Work


A major emerging trend in DVT research is the integration of multimodal datasets to enhance the accuracy, robustness, and generalizability of ML models. While earlier studies primarily relied on single-source data—such as Doppler ultrasound images or structured electronic health records—recent investigations have increasingly demonstrated that combining heterogeneous inputs—including genetic information, wearable sensor outputs, laboratory results, and imaging modalities—substantially improves predictive performance [9,21,27]. This shift is enabled by the availability of high-dimensional clinical datasets and the development of advanced ML architectures capable of processing heterogeneous data streams.



Advanced deep learning techniques, such as transformers and graph neural networks (GNNs), have shown strong potential for modeling nonlinear relationships and spatiotemporal dependencies, making them well-suited for multimodal data integration in clinical contexts [32,34,46]. Future research should focus on building scalable multimodal ML frameworks which are capable of merging disparate data sources while addressing challenges related to data harmonization, interoperability, and standardization [13,14,15]. Innovations in federated feature engineering, semantic ontologies, and automated data harmonization pipelines will be key enablers of this paradigm [11,12].



Another rapidly growing area is the development of adaptive and personalized ML models tailored to individual patient characteristics. Evidence indicates that inter-patient variability in genetic, physiological, and environmental factors reduces the effectiveness of generalized prediction models [10,15,33]. Consequently, transfer learning, meta-learning, and few-shot learning strategies are gaining traction as approaches to enable dynamic model adaptation with minimal retraining [12,47,48]. In the near future, lifelong learning systems integrated with edge–cloud infrastructures could enable continuous model refinement, ensuring that predictions remain aligned with patient-specific risk profiles in real-time.



Federated learning is another transformative research direction, allowing for decentralized model training across multiple institutions without centralized data pooling. This approach preserves patient privacy, reduces data governance barriers, and supports greater model generalizability across diverse populations [11,14,35]. As federated networks scale globally, they hold potential to form collaborative AI ecosystems that are capable of adapting dynamically to epidemiological trends and regional variations in DVT prevalence [18,27,29,31,49].



Explainable Artificial Intelligence (XAI) has emerged as a critical priority for clinical ML deployment. The opacity of complex models continues to undermine clinician trust and presents regulatory hurdles [15,16]. Cutting-edge XAI methods, such as attention-based visualization, counterfactual reasoning, and causal inference, are essential to make model outputs interpretable and clinically actionable [50,51]. Future ML frameworks must embed interpretability at their core to meet clinical decision-making standards and regulatory requirements.



Synthetic data generation represents another promising avenue to address data scarcity and bias in DVT research. Techniques such as Generative Adversarial Networks (GANs) and diffusion models are being explored for the production of realistic, privacy-preserving datasets [44,52]. However, their widespread adoption will require rigorous validation frameworks, standardized benchmarking protocols, and regulatory acceptance [32,38,39]. Future efforts should focus on evaluating synthetic datasets against prospective clinical outcomes to ensure reliability and real-world utility.



Looking ahead, the integration of ML models with wearable biosensors, remote monitoring systems, and digital twin platforms could enable predictive, preventive, and personalized medicine in the context of DVT care [53,54]. Achieving this vision will require technological maturity, ethical safeguards, robust governance frameworks, and close interdisciplinary collaboration between clinicians, data scientists, biomedical engineers, and policymakers. These efforts will be critical for translating technical innovation into tangible clinical impact.




6. Limitations and Clinical Implications


6.1. Data Access and Quality


A primary limitation of this review is its reliance on literature indexed in a restricted set of scientific databases that meet specific criteria for access, indexing, and availability. Consequently, studies published in languages other than English or in regional, non-indexed, or domain-specific journals may have been unintentionally excluded. This limitation introduces potential selection bias and restricts the cultural and geographical diversity of insights, particularly concerning ML applications in under-resourced healthcare environments.



The reviewed studies also displayed substantial methodological heterogeneity, particularly regarding ML model development, validation, and reporting practices. Differences in dataset composition, preprocessing pipelines, hyperparameter tuning, and evaluation metrics (e.g., accuracy vs. AUC) complicated direct cross-study comparisons. Variability in feature engineering approaches, model selection (e.g., logistic regression, SVMs, deep neural networks), and validation strategies further hindered efforts to synthesize the findings, establish benchmarking standards, or identify clearly superior methodologies. This methodological inconsistency represents a key barrier to reproducibility and the consolidation of evidence.



Another limitation stems from the widespread use of retrospective datasets derived from electronic health records (EHRs), which are frequently affected by missing values, inconsistent data structures, and variability in data quality. In many studies, data preprocessing steps—including imputation methods, outlier management, or normalization techniques—were insufficiently documented or inconsistently applied, reducing reproducibility and model robustness. The absence of prospective validation in most studies further complicates the assessment of whether reported performance metrics would translate to real-world clinical workflows, where patient variables are dynamic and often poorly standardized. These limitations underscore the urgent need for future research to adopt prospective multicenter validation protocols, harmonized preprocessing pipelines, and comprehensive data quality assessments to strengthen the reliability and generalizability of ML-based solutions in DVT management.




6.2. Model Evaluation and Generalizability


A major limitation identified across the reviewed studies is the lack of rigorous external validation. Only a small subset of investigations evaluated their models on datasets from different institutions, geographic regions, or patient populations. The absence of external validation undermines confidence in model generalizability, as variations in population health characteristics, diagnostic protocols, and data acquisition techniques can significantly impact performance. Without independent validation, it remains uncertain whether these models can maintain predictive accuracy across diverse healthcare environments, limiting their readiness for clinical deployment.



Additionally, the studies employed heterogeneous performance metrics—including accuracy, sensitivity, specificity, and AUC—without clear consensus on which measures most effectively capture clinical utility for DVT prediction or diagnosis. In many cases, essential elements such as calibration metrics, decision thresholds, or strategies for managing class imbalance were under-reported, reducing interpretability and clinical relevance. This inconsistency complicates cross-study comparisons and risks generating overly optimistic interpretations of model performance.



To address these gaps, future research should prioritize the development of standardized evaluation protocols and benchmarking frameworks. Establishing shared datasets, harmonized metrics, and transparent reporting guidelines would enhance reproducibility and comparability across studies. Emphasizing external validation and independent testing will be essential to demonstrate the robustness and reliability of ML-based approaches, ultimately accelerating their translation into routine DVT care.




6.3. Clinical Implications


The integration of ML models into clinical workflows for DVT management holds transformative potential across diagnostic, predictive, and monitoring domains. This review demonstrates how ML approaches—from traditional classifiers such as logistic regression and Decision Trees to advanced architectures like Convolutional Neural Networks (CNNs) and ensemble methods—can complement existing diagnostic pathways, enhance efficiency, and support personalized care delivery.



(a) Early Detection:



ML-based diagnostic systems trained on imaging modalities such as Doppler ultrasound or compression sonography offer promising alternatives to conventional diagnostic workflows. These algorithms can automate image interpretation, highlight thrombotic regions, and provide diagnostic support in settings with limited radiological expertise. By enabling earlier and more accessible detection in primary care or resource-constrained environments, these systems have the potential to reduce diagnostic delays and improve patient outcomes.



(b) Risk Stratification:



Predictive ML models that incorporate electronic health records, demographic data, and comorbidities have demonstrated strong potential for identifying individuals at elevated risk of DVT. Such stratification tools could guide prophylactic care, reduce unnecessary interventions, and optimize resource allocation. When implemented as triage solutions, these models can inform preventive strategies, including targeted anticoagulation and compression therapies, improving both safety and efficiency in clinical decision making.



(c) Real-Time Monitoring:



Although still in early development, wearable biosensor technologies integrated with ML algorithms represent a promising strategy for continuous patient monitoring. These systems analyze real-time physiological signals—such as blood flow velocity, limb movement, and heart rate variability—to detect thrombotic risk patterns before the onset of symptoms. By generating actionable alerts, these systems could enable proactive intervention and potentially prevent thrombotic events in high-risk populations.



Despite these opportunities, several barriers must be overcome to achieve large-scale clinical adoption:




	
Data Quality and Standardization: Current models are often trained on retrospective, heterogeneous datasets, reducing their generalizability. The lack of standardized protocols for data collection and preprocessing undermines reproducibility and scalability across healthcare settings.



	
Model Interpretability: The “black-box” nature of complex ML models limits clinical trust, particularly in high-stakes diagnostic scenarios. Incorporating Explainable AI (XAI) methods is essential to improve interpretability, regulatory compliance, and clinical acceptance.



	
Regulatory and Ethical Considerations: Challenges persist regarding data privacy, model transparency, and accountability in decision making. Developing robust regulatory guidelines, ethical frameworks, and governance models is crucial to ensure the responsible implementation of ML in patient care.



	
Validation and Clinical Translation: Most reviewed models lack prospective validation or large-scale clinical trials, limiting their applicability in real-world settings. Future research should prioritize rigorous multicenter evaluations and real-world deployment studies to confirm their generalizability and safety.









6.4. Real-World Usage


Although ML approaches for DVT detection, monitoring, and risk stratification have demonstrated encouraging results, their real-world clinical adoption remains limited. Most studies analyzed in this review relied on retrospective single-center datasets or geographically restricted cohorts, raising concerns about model generalizability across diverse patient populations and healthcare environments. While these systems offer potential advantages—such as automated risk assessment, rapid interpretation of ultrasound imaging, and continuous monitoring via wearable sensors—several challenges impede their translation into routine practice.



A key barrier is the inability of many ML models to replicate their reported performance outside the original study context, largely due to heterogeneity in patient demographics, imaging devices, and clinical protocols. Additionally, integration with existing electronic health record (EHR) infrastructures and compliance with data privacy regulations pose significant implementation challenges. The limited interpretability of complex models further undermines clinical trust, particularly in the context of high-stakes decisions such as anticoagulation therapy planning.



Another critical limitation is the lack of prospective validation and randomized controlled trials, which are essential to verify clinical safety and performance. Figure 10 illustrates a representative workflow for ML-enabled DVT care and highlights common barriers to deployment. To address these issues, future research should prioritize multicenter collaborations, the development of large heterogeneous datasets, and rigorous external validation. Emerging methodologies, including federated learning and explainable AI (XAI), offer promising avenues to overcome data-sharing constraints, improve transparency, and enhance clinician confidence, ultimately facilitating the integration of ML-driven tools into real-world DVT management.





7. Conclusions


The application of ML approaches for the early detection of DVT demonstrates substantial potential to enhance diagnostic precision, reducing both false negative and false positive rates compared to conventional approaches. These advances reflect a paradigm shift toward more accurate, efficient, and scalable diagnostic workflows.



Beyond early detection, ML models have proven effective in risk stratification and predictive analytics, identifying high-risk patients before the onset of clinical symptoms. By leveraging multimodal data—including imaging, laboratory findings, and electronic health records—ML-driven systems can enable preventive patient-centered interventions that improve outcomes and support precision medicine initiatives.



Emerging applications, such as continuous monitoring through wearable sensors, further expand the roles of ML in clinical care by extending surveillance beyond hospital settings. These innovations hold promise for safer post-treatment follow-up, the early detection of complications, and the development of proactive care strategies.



Despite these advances, multiple barriers hinder the large-scale clinical adoption of ML. These include limited dataset availability, lack of standardized data collection and curation protocols, insufficient interpretability of complex models, and a scarcity of prospective multicenter clinical validation. Addressing these challenges will require interdisciplinary collaboration between data scientists, clinicians, and regulatory bodies to ensure the safe, transparent, and effective deployment of ML tools in healthcare systems.



In conclusion, ML represents a transformative approach to DVT diagnosis, risk assessment, and monitoring, offering the potential to optimize diagnostic workflows, improve patient care, and support the evolution of precision medicine. Future research should emphasize the development of interoperable datasets, robust external validation protocols, and interpretable ML frameworks to accelerate their clinical translation and maximize the impacts of these technologies in real-world healthcare environments.
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	Journal
	Year
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	2024



	Clinical Nursing Research
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	International Journal of Medical Informatics
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	2024



	Journal of Orthopaedic Surgery
	2024



	Computers in Biology and Medicine
	2024



	Int. J. Gen. Med.
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	Blood Adv.
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	Thrombosis Research
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	Clinical Spine Surgery
	2023



	Open Life Sciences
	2023



	Global Spine Journal
	2023



	Cancers
	2023



	J. Biomed. Inform.
	2023



	Journal of Obstetrics and Gynaecology
	2023



	Pulmonary Circulation
	2022



	Nature Medicine
	2019



	BMJ
	2018



	Cochrane Database Syst. Rev.
	2018



	ACM Computing Surveys
	2018



	arXiv preprint
	2017



	Aten. Primaria
	2016



	IEEE Transactions on Knowledge
	2010



	Circulation
	2003









Appendix B




 





Table A2. Authors with one article.






Table A2. Authors with one article.





	Author
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	Cohen AT
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	2019
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	2016
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	Country/Source
	Year





	China–U.S.
	2024



	Germany–U.K.–Greece
	2024



	China–Italy
	2023



	China–Synthetic Data
	2020



	Multi-Institutional (U.S.)
	2020



	Synthetic + Real (Mexico)
	2020
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Figure 1. PRISMA 2020 flow diagram summarizing the multi-stage article selection process. The diagram shows the number of records identified, screened, and assessed for eligibility, and included in the final synthesis. 
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Figure 2. Number of articles by year. 
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Figure 3. Distribution of articles by country of origin. 
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Figure 4. Distribution of articles by subject. 
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Figure 5. Percentage distribution of ML algorithms used in DVT studies. 
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Figure 6. Average accuracy reported in the literature for the main ML algorithms applied in DVT. 
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Figure 7. Grouped frequencies of ML model types used for DVT prediction across the reviewed studies. 
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Figure 8. End-to-end ML-based DVT monitoring workflow. 
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Figure 9. Relative importance of clinical features in machine learning models for DVT risk stratification (feature importance values were approximated based on frequency and prominence in the reviewed literature, not on a unified dataset). 
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Figure 10. Workflow of ML-based DVT applications in clinical settings, along with common barriers. 
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Table 1. Eligibility criteria for study selection.
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	Criterion
	Inclusion Criteria
	Exclusion Criteria





	Focus of Study
	Studies explicitly reporting the application of ML techniques for DVT detection, prediction, or monitoring using clinical data, medical imaging (e.g., ultrasound, MRI), or electronic health records.
	Studies not addressing ML-based approaches or not focusing on DVT diagnosis, prediction, or monitoring.



	Type of Article
	Original research articles providing substantial methodological contributions.
	Literature reviews, editorials, commentaries, or isolated case reports.



	Language of Publication
	Articles published in English to ensure accurate interpretation and assessment consistency.
	Articles published in other languages, excluded to minimize translation bias and maintain methodological rigor.










 





Table 2. Summary of risk of bias assessment using QUADAS-2.
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	Domain
	Low Risk
	High Risk
	Unclear Risk





	Patient Selection (PS)
	85%
	10%
	5%



	Index Test (IT)
	93%
	0%
	7%



	Reference Standard (RS)
	98%
	0%
	2%



	Flow and Timing (FaT)
	90%
	5%
	5%







Note: Percentages represent the proportion of included studies judged as “low,” “high,” or “unclear” risk of bias in each QUADAS-2 domain, based on reviewers’ consensus assessment.













 





Table 3. Summary of best-performing ML approaches for DVT prediction and their clinical relevance.
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	Study
	Algorithm
	Data Type
	Objective
	Performance
	Clinical Insight





	[10]
	Logistic Regression
	Clinical (EHR)
	Risk stratification
	Accuracy: 87%
	AutoDVT tool; interpretable and deployable in hospital triage



	[32]
	CNN
	Doppler Ultrasound
	Image-based diagnosis
	AUC: 0.89
	Enabled point-of-care diagnostics with portable devices



	[22]
	CNN
	Ultrasound + Clinical Metadata
	Hybrid imaging + metadata classification
	Accuracy: 95%
	Used transfer learning; effective with small datasets



	[25]
	Random Forest
	Demographics + Labs
	Preoperative risk prediction
	Accuracy: 84%
	Applied in cancer patient surgical planning



	[9]
	SVM, KNN, RF
	Structured Clinical
	General detection
	Accuracy: 80–85%
	Lower accuracy with imbalanced datasets










 





Table 4. Summary of best ML approaches for DVT monitoring in the reviewed literature and their clinical implications.
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	Study
	ML Method
	Data Source
	Clinical Context
	Performance
	Clinical Insights





	[15]
	Clustering (Unsupervised)
	Wearable sensors (HRV, BP)
	Postoperative recovery
	Not reported
	Enabled real-time alert generation via smartphone.



	[22]
	CNN
	Doppler ultrasound (wearable)
	Outpatient oncology follow-up
	Accuracy: 89%
	Achieved pre-symptomatic detection of venous obstruction.



	[21]
	PCA + Clustering
	Multimodal (physiological + clinical)
	ICU post-surgery
	N/A
	Improved interpretability of complex signal inputs.



	[30]
	Hierarchical Clustering
	EHR + vitals
	In-hospital surveillance
	N/A
	Identified subgroups with elevated thrombotic risk.



	[24]
	CNN
	Doppler flow recordings
	Telemedicine DVT programs
	AUC: 0.87
	Integration into remote triage systems for at-risk populations.










 





Table 5. Summary of best ML-based DVT risk stratification models in the reviewed literature and their clinical applications.
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	Study
	ML Model
	Key Variables Used
	Patient Population
	Performance
	Clinical Application





	[40]
	Logistic Regression
	Age, BMI, prior DVT, immobility
	Surgical inpatients
	Accuracy: 81%
	Risk group classification for perioperative prophylaxis



	[17]
	Bayesian Network
	Cancer status, contraceptive use, trauma history
	Oncology cohort
	Not reported
	Uncertainty modeling in complex patient cases



	[32]
	Random Forest
	Labs, vitals, comorbidities
	ICU patients
	AUC: 0.87
	Trigger alerts for intensive thromboprophylaxis



	[27]
	GBM
	Surgery type, mobility, age, sex
	Ortho/trauma patients
	Accuracy: 85%
	Supports stratification in fast-track discharge protocols



	[42]
	Bayesian Network
	Demographics, family history, lifestyle
	General population
	Not available
	Screening tool for outpatient DVT prevention plans










 





Table 6. Relationships between the authors and ML algorithms used in DVT studies.
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	Author
	Model–Algorithm





	[1]
	Artificial Neural Network



	[2]
	XGBoost, Gradient Boosting, Decision Tree



	[3]
	SVM



	[4]
	Simple Tree, KNN, Random Forest, SVM



	[5]
	Artificial Neural Network



	[6]
	SVM, Simple Tree



	[7]
	Simple Tree, KNN, Random Forest, SVM



	[8]
	Simple Tree, Fine KNN, Random Forest, SVM, Artificial Neural Network



	[9]
	Artificial Neural Network, SVM, Decision Tree, KNN, Random Forest, XGBoost, Gradient Boosting



	[10]
	SVM, Decision Trees, Extra Trees, Random Forest, KNN



	[11]
	SVM, Decision Trees, MLP-NN



	[12]
	ResNet-NN



	[13]
	Logistic Regression, XGBoost



	[14]
	ResNet-NN



	[15]
	Random Forest, Linear Regression, Artificial Neural Network



	[16]
	XGBoost, Logistic Regression, Random Forest, SVM



	[17]
	XGBoost, Random Forest, Logistic Regression



	[18]
	Convolutional Neural Network



	[19]
	Proposed Neural Network



	[20]
	Convolutional Neural Network, Logistic Regression, SVM, Random Forest, XGBoost



	[21]
	Decision Tree, Random Forest



	[22]
	Random Forest, XGBoost, SVM, Extra Trees



	[23]
	Simple Tree, KNN, Random Forest, SVM



	[24]
	Convolutional Neural Network



	[25]
	SVM, Simple Tree



	[26]
	Random Forest



	[27]
	SVM



	[28]
	Simple Tree, KNN, Random Forest, SVM



	[29]
	Convolutional Neural Network



	[30]
	XGBoost, Gradient Boosting, Decision Tree



	[31]
	Convolutional Neural Network, Recurrent Neural Network



	[32]
	Simple Tree, KNN, Random Forest, SVM



	[33]
	Artificial Neural Network



	[34]
	Artificial Neural Network



	[35]
	XGBoost, Random Forest, SVM, Logistic Regression



	[36]
	Logistic Regression



	[37]
	Random Forest, Logistic Regression, Gradient Boosting, Decision Tree, XGBoost, KNN



	[38]
	Logistic Regression, Random Forest, SVM, XGBoost, Naive Bayes



	[39]
	Hybrid Model



	[40]
	Random Forest, XGBoost, SVM, Gradient Boosting, Decision Tree, Logistic Regression



	[41]
	Logistic Regression, SVM, Random Forest, Artificial Neural Network



	[42]
	XGBoost, Logistic Regression, Random Forest, SVM



	[43]
	ResNet-NN



	[44]
	Convolutional Neural Network, Recurrent Neural Network



	[45]
	Simple Tree, KNN, Random Forest, SVM, Artificial Neural Network



	[46]
	Graph Attention Networks



	[47]
	VGG16, VGG19, ResNet, GPT



	[48]
	Unspecified



	[49]
	Unspecified



	[50]
	SHAP, LIME, Decision Tree, Logistic Regression



	[51]
	Black-Box Models



	[52]
	GAN, RGAN, RCGAN



	[53]
	Digital Twins Model



	[54]
	Unspecified



	[55]
	Random Forest, XGBoost, SVM, Naive Bayes



	[56]
	Proposed Model



	[57]
	Unspecified



	[58]
	Random Forest, SVM, Gradient Boosting



	[59]
	Unspecified



	[60]
	Logistic Regression, Decision Tree, Random Forest



	[61]
	Proposed Neural Network



	[62]
	Logistic Regression, Random Forest, Artificial Neural Network, XGBoost



	[63]
	Logistic Regression, Random Forest, Gradient Boosting



	[64]
	Logistic Regression



	[65]
	Logistic Regression, Random Forest, SVM, XGBoost



	[66]
	Convolutional Neural Network
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