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ABSTRACT

Atherosclerotic Cardiovascular Disease (ASCVD) remains one of the leading causes of morbidity and mortality worldwide,
representing a major public health concern. Artificial Intelligence (AI) and Machine Learning (ML) technologies are
increasingly advancing the diagnosis, prediction, and management of ASCVD, offering significant advantages over
traditional statistical methods. Al systems are capable of processing complex and heterogeneous data sources—such as
Electronic Health Records (EHRs), imaging data (CCTA, CMR), and genetic information—to detect early indicators of
subclinical atherosclerosis, identify plaque vulnerability, and predict major adverse cardiovascular events (MACE).
Commonly used ML models in this field include Logistic Regression, Random Forests, and Convolutional Neural
Networks. However, as these models are typically trained on static datasets, their performance may deteriorate when data
distributions shift over time (concept drift). Data quality issues in EHRs and the high computational cost of retraining
further limit widespread adoption.

To address these limitations, Incremental Learning (IL) has emerged as a promising approach. IL enables models to
continuously learn from new data while retaining previously acquired knowledge. This adaptability allows for dynamic
integration of evolving ASCVD risk factors, diagnostic criteria, and updated clinical guidelines—leading to more accurate
and personalized risk predictions while optimizing computational resources. Nonetheless, incremental learning carries the
risk of catastrophic forgetting, where models lose previously learned information when adapting to new data, posing a
critical challenge in clinical settings. Future research should focus on advanced strategies such as experience replay to
mitigate this issue and ensure the reliability of continuously learning Al systems in ASCVD management.

This text examines the application of Incremental Learning in ASCVD while adhering to the SANRA criteria for assessing
the quality of narrative review articles.
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Introduction

Atherosclerotic Cardiovascular Disease (ASCVD) is one of the leading causes of morbidity and mortality globally and a
significant public health challenge worldwide. Machine learning and artificial intelligence (AI-ML) has had continuous
progress within the healthcare space, making way for new opportunities in diagnosis, prediction, and management of
complex diseases such as atherosclerotic cardiovascular disease (ASCVD) (1). Al has a significant edge over traditional
statistical methods by its capabilities to process and analyse large and complex medical data sets. This is especially relevant
with regard to ASCVD, in which there are a multitude of related factors contributing to both disease initiation and disease
progression. The non-linear relationships and high dimensionality found in biomedical data present challenges to more
traditional statistical methods. In contrast, traditional statistical approaches struggle to capture these intricate relationships,
whereas Al algorithms—particularly, deep learning architectures—are purposefully constructed to learn these relationships,
potentially resulting in more accurate and more tailored predictive models for ASCVD.

The transformative potential of Al in cardiovascular disease management is increasingly evident, particularly in its capacity
to significantly improve diagnostic accuracy, enhance the precision of disease prediction, optimize the efficiency of
healthcare workflows, and facilitate the strategic allocation of medical resources (1). Despite these advancements,
traditional Al models encounter inherent limitations and challenges when applied to ASCVD. These include issues related
to the availability and quality of relevant data, the ability of models to adapt to continuously changing data distributions over
extended periods, and the considerable computational resources frequently required for their training and deployment. To
address these challenges, incremental learning has emerged as an innovative and promising approach. This technique
enables Al models to continuously learn from new streams of data without necessitating a complete retraining process from
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the ground up. This narrative review aims to thoroughly investigate the application of incremental learning techniques
within the field of Al for the prediction and classification of ASCVD, while adhering to the quality assessment criteria
established by the SANRA scale.

2. Methodology and Literature Search Strategy

To ensure the scientific rigor, transparency, and methodological quality of this review, the study design and reporting
strictly adhered to the SANRA (Scale for the Assessment of Narrative Review Articles) guidelines (2). The SANRA scale is
a validated instrument developed to judge the comprehensiveness, objectivity, and overall credibility of non-systematic
reviews in medical literature. It comprises six key criteria assessed on a scale from 0 (low quality) to 2 (high quality), with a
maximum score of 12 (2). These criteria include: explanation of the topic's importance, statement of concrete aims,
description of the literature search, referencing quality, scientific reasoning, and appropriate presentation of data. Adherence
to these standards aims to clarify the evidence underpinning the conclusions and ensure high applicability for the target
audience (2).

In accordance with the third criterion of the SANRA scale ("Description of the literature search"), a comprehensive non-
systematic literature search was conducted across major electronic databases, including PubMed, Scopus, Web of Science,
and Google Scholar. The search covered articles published between January 2010 and January 2026.

The search strategy employed a combination of Medical Subject Headings (MeSH) and free-text terms relevant to the
intersection of artificial intelligence and cardiovascular medicine. The primary search query included combinations of the
following keywords:

Intervention terms: "Incremental Learning," "Online Learning," "Continuous Learning," "Concept Drift," "Catastrophic
Forgetting," "Machine Learning," "Deep Learning."

Disease terms: "Atherosclerotic Cardiovascular Disease," "ASCVD," "Coronary Artery Disease," "Cardiovascular Risk
Prediction."”

The inclusion criteria focused on peer-reviewed original research and review articles published in English that (1) applied
AI/ML models to cardiovascular data, (2) addressed issues of data heterogeneity or temporal distribution shifts (concept
drift), or (3) proposed adaptive learning methodologies. Articles were screened for relevance by initially reviewing titles and
abstracts, followed by a full-text review of selected studies to extract key findings regarding model performance and
adaptability.

The Current State of Artificial Intelligence in ASCVD Prediction and Classification

AI/ML has emerged as a transformative tool in cardiovascular medicine, revolutionizing approaches to risk stratification,
disease diagnosis, treatment selection, prognostication, and prediction, ultimately improving patient outcomes (1). Al
systems possess the capability to analyse extensive amounts of patient data with unparalleled accuracy through user-defined
algorithms and models, enabling the early detection of cardiovascular diseases, precise risk assessment, and the
development of personalized treatment strategies (1). Furthermore, Al's capacity to manage diverse and complex data types,
encompassing electronic health records (EHRs), imaging data, genetic information, and lifestyle factors, allows for more
holistic and individualized risk evaluations (3). For instance, Al models have demonstrated promise in integrating imaging
data, such as those from coronary computed tomography angiography (CCTA) and cardiac magnetic resonance (CMR)
imaging, to identify early indicators of subclinical atherosclerosis and plaque vulnerability, leading to more precise
predictions of future cardiovascular events (3). Experts in the field anticipate that ML will play an increasingly crucial role
in reshaping the future of cardiovascular imaging and diagnostics (4). Al has also proven effective in predicting major
adverse cardiovascular events (MACE) by analysing vast databases derived from genetic information, imaging techniques,
and electronic health records (5). The increasing availability of highly diverse ASCVD-related data, coupled with significant
advancements in Al techniques, is unlocking unprecedented opportunities to enhance diagnostic capabilities, deepen the
understanding of disease mechanisms, improve the accuracy of outcome predictions, provide valuable assistance in clinical
decision-making processes, and ultimately facilitate the realization of precision medicine approaches in managing ASCVD
(6).

Various machine learning models are often used for prediction of cardiovascular disease. K-nearest neighbours is used to
find patients with similar clinical features like age, cholesterol level and blood pressure (1). Logistic Regression (LR) is one
of the most commonly used supervised learning algorithms in binary classification problems, such as estimating the
probability of a person having cardiovascular disease given multiple risk factors (1). Random Forests (RFs) is an ensemble
learning method to build a model based on multiple decision trees and improve its predictive accuracy and control the
overfitting (1). In the field of deep learning, Convolutional Neural Networks (CNNs) are highly capable of processing image
data and performing certain tasks that assist clinical diagnosis and treatment planning (e.g. segmentation and classification
of heart images). Recurrent Neural Networks (RNNs) are extremely useful in evaluating sequences of data- for example,
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one could track patient vitals through time and use RNNs to make predictions on disease progress or outlier detections.
Deep Neural Networks (DNNs) have hidden layers which allow them to learn complex representations of diverse patient
data, making them useful for any model of risk and personalized treatment recommendations (1). Ensemble Methods (EMs),
like XGBoost to merge multiple ML/DL models to improve the overall performance has been applied in a variety of
medical applications including cardiovascular disease prediction (1). Cardiovascular imaging, including echo (for cardiac
chamber segmentation and volumetric analysis) and cardiac CT (which allows for automated quantification of coronary
artery plaques and blood flow), are also being integrated with DL technologies, and recent studies demonstrated that DL
models (in particular, CNNs) were used to assess 10-year ASCVD risk based on retinal images, highlighting the role of non-
invasive diagnostic approaches (7, 8).

Table 1. Representative Performance Metrics of Common AI/ML Models in Cardiovascular Disease Research

‘ Al Model Tvpe Representative Study Qua;;:::; .tilcveEI;e:‘lﬁ)rlI;ance Clinical Application Context

K-Nearest Neighbors . o Identification of heart disease using UCI
(KNN) ML Vu et al. (2020) (9) Accuracy: 87.3% dataset features.
Logistic Regression . Predicting 10-year risk of cardiovascular
(LR) ML Weng el ) EI) AU O events (compared to ACC/AHA guidelines).
Random Forest (RF) ML  Wengetal. (2017) (10) AUC: 0.77 Improved prediction of cardiovascular events
over standard regression models.
Convolutional Neural Predicting major adverse cardiovascular
Network (CNN) DL Poplin et al. (2018) (11) AUC: 0.70 ?;ZI;SS(MACE) solely from retinal fundus
Recurrent Neural . . Early detection of heart failure using time-
Network (RNN) DL Choi ctal. (2016) (12) AUC: 0.88 series data from EHRs.
XGBoost (Ensemble) ML/DL  Alaa et al. (2019) (13) AUC: 0.82 Coiliorasenlr dienss ol pracisien sty

UK Biobank data (AutoPrognosis).

Challenges of Traditional Artificial Intelligence Models in ASCVD Prediction and Classification

Challenges in the development of reliable Al models for ASCVD prediction and classification largely relate to issues
surrounding the availability and quality of data (14). EHRs are, however, a “dirty” source of data, that is to say, data
contained in the EHRs are not only abundant but also suffer from problems with completeness and data inconsistency that is
widely accepted in the field (14). Such discrepancies can affect research findings. Inaccurate or missing information in an
EMR can result in the incorrect derivation of features or modelling of features and also the misinterpretation of a particular
condition or risk factor (14). Additionally, the lack of standardisation among different healthcare systems and the vast
geographic variability in terms of EHR data collection and management add to the complexity of consolidating and
deploying diverse, large datasets required to train proper Al models (14). Not only is gathering, structuring, and properly
labelling the huge volumes of imaging data necessary to train such image-based Al models extremely challenging (7). The
inherent heterogeneity and inconsistencies in data arising from real-world clinical operations demand the adoption of
sophisticated data pre-processing and data management methods for assuring the reliability and validity of AI models. Lack
of standardized data from all different healthcare facilities limits collection of large, heterogeneous datasets that are needed
frequently to train very useful Al models which will generalise to diverse patient populations and treatment environments.

The models of traditional Al are often constituted with a static dataset which is acquired at one fixed time. These methods
may have difficulty in keeping their prediction accurate when deployed for real-world use cases since the distribution of
data can fluctuate over time (15). This phenomenon, called concept drift, can be due to several factors such as changing
characteristics of the patient population, new risk factors for ASCVD, and changes in the diagnostic and treatment criteria of
the guidelines. Knowledge of ASCVD risk factors, prevalence of specific comorbidities and approaches to diagnose and
management are continuously refined through newer research findings and clinical experience, and Al models trained on
older data could potentially perform suboptimally. The dynamic and ever-evolving nature of health data in the setting of
ASCVD demands that Al models are developed and deployed that can learn, adapt and update their knowledge base
continually in the era of time to maintain accuracy and relevance for prediction and classification. Medicine and clinical
practice is not static and it is formulated and updated all the day in the light of new scientific data. Models for Al in ASCVD
need to be adaptable to these changes through incorporation of information as it becomes available. This flexibility is
necessary to ensure that the models are still effective for clinical utility into the future.

Training complex Al models, especially deep learning architectures, demands significant computational resources, including
specialized hardware and considerable training time (16). Retraining these computationally intensive models from scratch
whenever new data becomes available or when model updates are required poses practical challenges, particularly when
dealing with the very large datasets common in healthcare applications. The substantial computational costs associated with
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training and retraining traditional Al models for ASCVD can represent a significant barrier to their widespread adoption and
continuous improvement, especially in resource-limited healthcare settings. The need for frequent retraining to maintain
model accuracy in the face of evolving data can strain computational infrastructure and increase operational costs.

Incremental Learning: Enabling Continuous Learning in AI Models

Incremental learning is continued learning or online learning is a machine learning method in which an Al model learns new
data over time, its original knowledge is preserved and it learns from it and does not forget it (17). This method is similar to
how humans learn through the slow process of integrating new information, as well as updating earlier beliefs(16).
Incremental learning is especially useful in situations where incoming data is sequential, or the storage/computing capacity
is not enough to store all data for processing (16). There are several methods and algorithms, which allow incremental
learning and model updating, such as Stochastic Gradient Descent (SGD), employed in updating the model iteratively with
each new sample or mini-batch, online Support Vector Machines (SVMs), where the model is up- dated as soon as new
samples are available, incremental decision trees which can accommodate new and novel data, specialized incremental deep
learning models, including Recurrent Neural Networks (RNNs) and some Convolutional Neural Networks (CNNs) designed
for life-long learning (18). Incremental learning provides an effective and efficient means for Al models to adapt to new
data or changing environments in relation to ASCVD without the computational cost of full retraining. Incremental learning
that allows models to update the parameters when presented with new data can support model learning in an ongoing
manner to better accommodate an ever-changing world in dynamic domains such as healthcare where novel patient data,
new medical information, changing risk factors continue to challenge (for better or for worse) the monitoring and execration
of care plans.

In the context of ASCVD, incremental learning offers several potential benefits. It allows Al models to dynamically adapt to
evolving patient data, the identification of novel risk factors, and the incorporation of updated clinical guidelines and
treatment protocols (19). Furthermore, it can lead to more accurate and personalized risk prediction by continuously learning
from an individual patient's unique health trajectory and longitudinal data (19). Incremental learning also provides efficient
utilization of computational resources by avoiding the need for complete model retraining, which is particularly beneficial in
resource-constrained healthcare environments (20). This approach is well-suited for handling the large volumes and
streaming nature of data often encountered in healthcare, such as continuous physiological monitoring data from wearable
devices (17). Additionally, incremental learning can facilitate collaborative learning among healthcare institutions without
direct sharing of sensitive patient data, addressing critical privacy concerns (21). Incremental learning presents a promising
pathway for developing more adaptive, personalized, resource-efficient, and privacy-preserving Al systems for ASCVD
prediction and classification, effectively addressing several key limitations inherent in traditional AI methodologies when
applied to this complex medical domain. By enabling continuous adaptation to new information and individual patient
profiles, incremental learning has the potential to create AI models that are more responsive to the nuances of ASCVD,
leading to improved diagnostic accuracy, more timely interventions, and ultimately better patient outcomes. The ability to
learn collaboratively without direct data sharing can also foster wider adoption and development of Al in healthcare while
respecting patient confidentiality.

Existing Research on Incremental Learning for ASCVD Prediction and Classification

In the given samples, the research focused on the phrase "incremental learning" in relation to ASCVD prediction seems to
be restrictive. Nonetheless, there are many studies which adopt particular models of machine learning for ASCVD
prediction, that can inherently allow online learning or adaptation, although they may not be specifically referred to as
"incremental learning". For example, a study for under 10-year ASCVD risk prediction among hypertensive patients
developed an XgBoost model with 291 features from EHR and mHealth data, which showed superior performance to
conventional risk scores (e.g., PCE, PREVENT) for both 90-day and 365-day prediction windows (22). As a gradient
boosting algorithm, XgBoost can be modified for incremental learning by progressively incorporating more trees learned
from new data. The current study made use of a large retrospective cohort of more than 51,000 participants, highlighting the
promise of integrating mobile health data in real-time with clinical records for improved risk prediction (22). The results
indicated that these models might extend the use of risk assessment to a population without full characteristics of traditional
instruments (22).

Another research effort focused on improving cardiovascular risk prediction using machine learning algorithms with
irregular, repeated real-world data (23). This study employed eXtreme Gradient boosting (XGBoost) and Least Absolute
Shrinkage and Selection Operator (LASSO) regression models to predict 5-year ASCVD risk, demonstrating improved
accuracy in risk reclassification compared to traditional Cox models (23). The ability of these ML algorithms to handle
longitudinal data and adapt to repeated measurements of risk factors highlights their potential for continuous learning and
improved prediction over time (23). The study analysed a large cohort of over 215,000 participants, emphasizing the value
of leveraging extensive real-world data for enhancing ASCVD risk assessment (23). While not explicitly using the term
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"incremental learning," these studies showcase the application of machine learning techniques that can be adapted for
continuous learning from evolving data in the context of ASCVD prediction.

The Role, Challenges, and Future Directions of Incremental Learning in ASCVD

The available literature does not use extensively the term “incremental learning.” Nevertheless, these studies are evidence of
a potential role of continuously adapting machine learning models for improving accuracy and personalization of Al models
for the prediction and classification of ASCVD. By being adaptive in nature, such methodologies have the potential of
overcoming the limitations of traditional static Al models by learning continuously from the changes of patient data and
medical knowledge. Dynamic updating of risk assessment and planned, targeted interventions for those at risk or at risk for
(or living with) ASCVD are important advances for personalized (precision) medicine.

Despite the potential benefits, applying incremental learning techniques to ASCVD presents several challenges. One critical
concern is catastrophic forgetting, where models might lose accuracy on previously learned tasks as they learn new ones.
This is particularly problematic in medical applications where maintaining accuracy across all previously encountered
conditions is essential (17). Another challenge involves data quality and bias. The continuous influx of new data in an
incremental learning setting could introduce or amplify existing biases or contain variable quality, negatively impacting the
model's performance and fairness (5). Ensuring the overall stability and consistency of continuously adapting Al models is
also crucial, as frequent updates might lead to unpredictable behaviour or reduced reliability (24). Defining and utilizing
appropriate evaluation metrics that can effectively assess the performance of incrementally learned models over time,
considering both accuracy on new data and retention of prior knowledge, is also necessary. Finally, integrating continuously
updating Al models into existing clinical workflows and ensuring their reliability and trustworthiness for supporting critical
medical decisions in ASCVD management presents practical challenges (1). Addressing these challenges will likely require
specialized techniques within incremental learning, such as memory replay mechanisms, regularization strategies, and
dynamic network architectures. Robust data validation and bias detection methods will also be essential.

To address the critical challenge of catastrophic forgetting, the broader machine learning community has developed
advanced strategies that hold significant promise for future ASCVD applications. Two primary techniques stand out:
Experience Replay and Knowledge Distillation.

Experience Replay involves storing a small, representative subset of previous data (a "memory buffer") and mixing it with
new data during the training of the updated model. This ensures that the model retains key patterns from historical patient
cohorts while adapting to new demographics. Knowledge Distillation employs a "teacher-student" framework, where the
previous model (teacher) guides the new model (student) to preserve essential learned features while accommodating new
information. Implementing these techniques in clinical Al systems could theoretically prevent the loss of diagnostic
accuracy for historical patient groups while the model updates itself with new clinical guidelines.

Future work in this area can evolve new and advanced incremental learning algorithms to deal with the complexities of
ASCVD data, such as longitudinal nature and patient heterogeneity. Another potential direction to be pursued is to study
other incremental learning scenarios, like task-incremental learning, class-incremental learning and domain-incremental
learning (16). Exploring advanced techniques to mitigate catastrophic forgetting, such as experience replay and knowledge
distillation, is also crucial. Rigorous evaluation of incremental learning models using large-scale, real-world clinical
datasets, including comparisons with existing Al models and traditional risk scores, is essential to validate their
effectiveness. A greater emphasis on the interpretability and explainability of these models will help build clinician trust.
Finally, research into the ethical and regulatory implications of deploying continuously learning AI models in healthcare for
ASCVD management is necessary to ensure responsible innovation.

Conclusion

Incremental learning holds significant promise for addressing key challenges in applying traditional AI models to ASCVD
prediction and classification. Its ability to continuously adapt to new data and evolving knowledge, its efficient use of
computational resources, and its capacity to facilitate more personalized and dynamic risk assessments offer substantial
advantages. Continued research, development, and rigorous evaluation in this area are crucial to fully realize the
transformative potential of incremental learning in improving patient outcomes and advancing the field of cardiovascular
medicine.

Declarations

Ethics approval
This study did not involve human or animal subjects, and thus, ethical approval was not applicable.
Informed consent
Not applicable.
21



C

ESSENTIALS OF FRONTLINE MEDICINE JOURNAL ISSN: 3062-1704

onflict of interest

The author declares no conflicts of interest in relation to this manuscript.

Funding

N

A
A

D
N

A
N

o specific funding was received for this study.

uthor contributions

11 authors contributed to the study and approved the final version of the manuscript.
ata availability statement

ot applicable.

cknowledgements

one

References

1.

2
3.
4

1

—_

12.
13.

14

15
16
17

18
19
20
21

22.
23.
24.

Chowdhury MA, Rizk R, Chiu C, Zhang JJ, Scholl JL, Bosch TJ, et al. The Heart of Transformation: Exploring Artificial Intelligence in Cardiovascular Disease.
Biomedicines. 2025;13(2):427.

. Baethge C, Goldbeck-Wood S, Mertens S. SANRA—a scale for the quality assessment of narrative review articles. Research integrity and peer review. 2019;4(1):5.

Kasartzian D-1, Tsiampalis T. Transforming Cardiovascular Risk Prediction: A Review of Machine Learning and Artificial Intelligence Innovations. Life. 2025;15(1):94.

. Kampaktsis PN, Emfietzoglou M, Al Shehhi A, Fasoula NA, Bakogiannis C, Mouselimis D, et al. Artificial intelligence in atherosclerotic disease: Applications and trends.

Front Cardiovasc Med. 2022;9:949454.
Alotaibi A, Theeb N, Al Otaibi N, Halawani A, Batis A, Kritam M, et al. Artificial intelligence in cardiovascular risk assessment: current applications and future prospects.
2024.

. Elvas LB, Almeida A, Ferreira JC. The Role of Al in Cardiovascular Event Monitoring and Early Detection: Scoping Literature Review. JMIR Med Inform.

2025;13:¢64349.

. Armoundas AA, Narayan SM, Armett DK, Spector-Bagdady K, Bennett DA, Celi LA, et al. Use of Artificial Intelligence in Improving Outcomes in Heart Disease: A

Scientific Statement From the American Heart Association. Circulation. 2024;149(14):¢1028-¢50.

. Vaghefi E, Squirrell D, Yang S, An S, Xie L, Durbin MK, et al. Development and validation of a deep-learning model to predict 10-year atherosclerotic cardiovascular

disease risk from retinal images using the UK Biobank and EyePACS 10K datasets. Cardiovasc Digit Health J. 2024;5(2):59-69.

. Shouman M, Turner T, Stocker R. Applying k-nearest neighbour in diagnosing heart disease patients. International Journal of Information and Education Technology.

2012;2(3):220-3.

Weng SF, Reps J, Kai J, Garibaldi JM, Qureshi N. Can machine-learning improve cardiovascular risk prediction using routine clinical data? PloS one.

2017;12(4):e0174944.

. Poplin R, Varadarajan AV, Blumer K, Liu Y, McConnell MV, Corrado GS, et al. Prediction of cardiovascular risk factors from retinal fundus photographs via deep

learning. Nature biomedical engineering. 2018;2(3):158-64.

Choi E, Bahadori MT, Schuetz A, Stewart WF, Sun J, editors. Doctor ai: Predicting clinical events via recurrent neural networks. Machine learning for healthcare

conference; 2016: PMLR.

Alaa AM, Bolton T, Di Angelantonio E, Rudd JH, Van der Schaar M. Cardiovascular disease risk prediction using automated machine learning: A prospective study of

423,604 UK Biobank participants. PloS one. 2019;14(5):e0213653.

. Tsai ML, Chen KF, Chen PC. Harnessing Electronic Health Records and Artificial Intelligence for Enhanced Cardiovascular Risk Prediction: A Comprehensive Review.
Journal of the American Heart Association. 2025;14(6):e036946.

. van de Vendel K, Elfring J, Aertssen A. Path Planning for a Reverse Parking Maneuver using Reinforcement Learning. 2025.

. Walker SM. What is incremental learning (AI)? [Available from: https://klu.ai/glossary/incremental-learning]

Paraskevopoulou S. Incremental Learning: Adaptive and real-time machine learning [Available from: https://blogs.mathworks.com/deep-learning/2024/03/04/incremental-
learning-adaptive-and-real-time-machine-learning/.

. Leo J, Kalita J. Survey of continuous deep learning methods and techniques used for incremental learning. Neurocomputing. 2024;582:127545.

. Stefanic D.. Continuous Learning and AT Adaptation. Hyperspacemv - the metaverse for business platform. [Available at: https://hyperspace.mv/continuous-learning-ai/]

. Incremental Learning: Benefits, Implementation and Challenges [Available from: https://www.analyticsvidhya.com/blog/2023/08/incremental-learning/]

. Sinha R. Developing Deep Learning Systems Using Institutional Incremental Learning [Available from: https://www.infoq.com/articles/deep-learning-institutional-

incremental-learning/]

Gazit T, Mann H, Gaber S, Adamenko P, Pariente G, Volsky L, et al. A novel, machine-learning model for prediction of short-term ASCVD risk over 90 and 365 days.

Front Digit Health. 2024;6:1485508.

Li C, Liu X, Shen P, Sun Y, Zhou T, Chen W, et al. Improving cardiovascular risk prediction through machine learning modelling of irregularly repeated electronic health

records. European Heart Journal - Digital Health. 2023;5(1):30-40.

Incremental Learning in Ai [Available from: https://www.larksuite.com/en_us/topics/ai-glossary/incremental-learning-in-ai]

22


https://hyperspace.mv/continuous-learning-ai/%5d

