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INTRODUCTION

ABSTRACT

Background: Allergic rhinitis (AR) is a chronic inflammatory disorder of the nasal
mucosa characterized by nasal obstruction, rhinorrhea, sneezing, and itching.
Impaired nasal mucociliary clearance (MCC) is a key pathological feature
contributing to symptom persistence and susceptibility to infections. Intranasal
corticosteroids (INCS) are first-line therapy for AR; however, their impact on
mucociliary clearance remains variably reported.

Aim: To evaluate the effect of intranasal corticosteroid sprays on nasal mucociliary
clearance in patients with allergic rhinitis.

Methods: A hospital-based pre—post interventional study was conducted on 60
patients with persistent mild allergic rhinitis. Baseline mucociliary clearance was
assessed using the saccharin transit time (STT) test. Patients were treated with
intranasal fluticasone furoate for 3 weeks, after which STT was reassessed.
Statistical analysis was performed using paired t-test, Pearson correlation, and
ANOVA where applicable.

Results: The mean mucociliary clearance time significantly reduced from 11.81 +
9.01 minutes pre-treatment to 8.20 = 6.08 minutes post-treatment (p = 0.001),
representing a 30.51% improvement. No statistically significant association was
observed between improvement and age (p = 0.163), duration of symptoms (p =
0.190), gender (p = 0.937), education (p = 0.739), or socioeconomic status (p =
0.504).

Conclusion: Intranasal corticosteroid therapy significantly improves mucociliary
clearance in allergic rhinitis without influence from demographic variables. This
supports their role not only in symptom control but also in restoring nasal
physiological defense mechanisms.

Keywords: Allergic Rhinitis, Intranasal Corticosteroids, Mucociliary Clearance,
Saccharin Transit Time, Fluticasone Furoate

Cardiovascular diseases (CVDs) remain the leading cause of morbidity and mortality worldwide, accounting for a
substantial proportion of global deaths and healthcare expenditure. Despite significant advances in pharmacotherapy,
interventional cardiology, and preventive strategies, the burden of cardiovascular disease continues to rise, driven by aging
populations, urbanization, sedentary lifestyles, and increasing prevalence of metabolic risk factors such as obesity, diabetes,
and hypertension [1]. Traditional models of cardiovascular care, which rely heavily on clinician experience, guideline-
based risk scores, and episodic patient encounters, are increasingly challenged by the complexity, heterogeneity, and scale
of modern cardiovascular health needs [2]. In this context, artificial intelligence (AI) has emerged as a transformative
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technology with the potential to reshape cardiovascular medicine by enabling data-driven, precise, and personalized
approaches to disease prevention, diagnosis, and management [3].

Artificial intelligence broadly refers to computational systems capable of performing tasks that typically require human
intelligence, including pattern recognition, decision-making, and predictive analysis. Within healthcare, Al encompasses a
range of methodologies, including machine learning (ML), deep learning (DL), natural language processing (NLP), and
reinforcement learning [4]. Machine learning algorithms are designed to identify patterns within large datasets and make
predictions or classifications without being explicitly programmed, while deep learning models, particularly neural
networks, are capable of processing complex and unstructured data such as images, waveforms, and free-text clinical notes
[5]. The increasing availability of large-scale healthcare datasets, ranging from electronic health records (EHRs) and
imaging repositories to genomic data and wearable device outputs, has provided fertile ground for the development and
application of Al in cardiovascular medicine [6].

One of the defining characteristics of cardiovascular disease is its multifactorial nature, involving intricate interactions
between genetic predisposition, environmental exposures, lifestyle behaviors, and comorbid conditions. Traditional
statistical models often rely on linear assumptions and a limited number of variables, which may fail to capture the
nonlinear relationships and complex dependencies inherent in cardiovascular pathophysiology [7]. Al-based approaches,
in contrast, are capable of modeling high-dimensional data and uncovering subtle patterns that may not be apparent through
conventional methods. This capability has led to significant interest in applying Al to improve cardiovascular risk
prediction, early disease detection, and clinical decision-making [8].

Risk stratification actually helps doctors decide which heart patients need treatment first. It definitely guides how doctors
choose the best care plans for preventing heart problems. Basically, doctors use standard risk scores like the Framingham
risk score to assess the same thing: how likely someone is to develop heart problems. These models actually have limits
because they depend on fixed variables and definitely cannot work well for different groups of people [9]. Al models
actually work better when they use more types of data, like blood tests, scans, genes, and patient history over time. They
definitely give more accurate predictions this way. We are seeing that these models can keep learning when new data
comes, and this helps in checking risks better and making prevention plans that are only for each person [10].

Al actually shows great promise in heart diagnostics, especially when analysing medical images and electrical heart
patterns. This technology definitely helps doctors understand heart problems better through these testing methods [11].
Heart imaging methods like echo, CT scan, and MRI surely produce large amounts of complex data that need expert doctors
to read them. Moreover, these techniques require skilled interpretation to understand the detailed information they provide.
Basically, deep learning algorithms are developed to automatically segment images, measure cardiac structure and
function, and detect disease features with the same high accuracy and reproducibility [12]. As per studies, Al systems can
properly measure heart pumping function, find heart wall movement problems, and detect blocked heart arteries, thereby
reducing differences between doctors and improving diagnosis speed. Al-based ECG analysis can actually detect heart
rhythm problems and heart muscle issues much better than old methods. It definitely finds hidden heart conditions that
doctors might miss using traditional methods [13].

Beyond diagnosis, Al is increasingly being integrated into clinical decision support systems to guide treatment planning
and optimize patient outcomes. In heart failure management, for instance, machine learning models can predict the risk of
hospitalization or decompensation by analyzing patterns in vital signs, laboratory results, and patient-reported symptoms
[14]. These predictive capabilities enable proactive interventions, such as medication adjustments or early outpatient visits,
potentially reducing hospital admissions and improving quality of life. In interventional cardiology, Al has been used to
assist in procedural planning, such as selecting optimal stent size and predicting procedural complications, thereby
enhancing procedural safety and efficacy [15].

The advent of wearable technologies and remote monitoring devices has further expanded the scope of Al in cardiovascular
care. Devices such as smartwatches, fitness trackers, and implantable sensors generate continuous streams of physiological
data, including heart rate, rhythm, activity levels, and sleep patterns. Al algorithms can analyze these data in real time to
detect abnormalities, such as arrhythmias or early signs of heart failure, enabling timely clinical intervention [16]. This
shift toward continuous, real-time monitoring represents a paradigm change from traditional episodic care to a more
proactive and preventive model of cardiovascular management.

Another important area of Al application in cardiovascular medicine is precision medicine, which aims to tailor treatment
strategies to individual patient characteristics. By integrating data from multiple sources, including genomics, proteomics,
imaging, and clinical records, Al can identify patient subgroups with distinct disease phenotypes and treatment responses
[17]. This approach has the potential to improve therapeutic efficacy, reduce adverse effects, and optimize resource
utilization. For example, Al models have been used to predict which patients are most likely to benefit from specific
pharmacological therapies or interventional procedures, thereby supporting personalized treatment decisions [18].
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Despite its promise, the integration of Al into cardiovascular medicine is accompanied by several challenges and
limitations. One of the primary concerns is the issue of data quality and representativeness. Al models are only as good as
the data on which they are trained, and biases in training datasets can lead to biased predictions and unequal performance
across different patient populations [19]. This is particularly relevant in cardiovascular medicine, where disparities in
disease prevalence, risk factors, and access to care exist across demographic groups. Ensuring diversity and
representativeness in training datasets is therefore critical to achieving equitable Al applications.

Basically, understanding how Al models work is the same major problem we face. Basically, most advanced Al systems
like deep learning models work the same as black boxes - they give predictions but don't explain how they reached those
results [20]. As per clinical practice requirements, a lack of clear information regarding Al decisions reduces doctors' trust
and limits Al use in hospitals. As per current research, XAl methods are being developed to show how Al models make
decisions, regarding the need for better understanding and accountability of these systems [21].

We are seeing that rules and right-wrong matters are only playing a big role when we use Al in hospitals and medical care.
We are seeing that problems with data privacy, security, getting proper permission from people, and deciding who is
responsible must be handled carefully to make sure Al technologies are used safely and in the right way only [22].
Government agencies are actually creating new rules to check and approve Al medical tools, but Al technology changes
so fast that making proper standards remains difficult [23]. As per clinical requirements, Al integration in medical
workflows needs proper attention regarding user-friendliness, doctor training, and working together with current hospital
computer systems [24].

Further, we are seeing that the COVID-19 pandemic made hospitals and doctors use digital health tools and Al much faster,
showing how these technologies can only help improve medical care during difficult times [25]. Remote monitoring,
telemedicine, and Al analytics were used widely to manage patients and further optimise resource allocation during the
pandemic itself. Moreover, we are seeing that this experience has only made us understand how important it is to use digital
technology in healthcare, and it has given us good knowledge about how Al can actually work in hospitals and clinics.
Given the rapid expansion of Al applications in cardiovascular medicine and the growing body of evidence supporting its
clinical utility, a comprehensive synthesis of current research is essential. This systematic review aims to evaluate the role
of artificial intelligence in cardiovascular medicine, focusing on its applications in diagnosis, risk prediction, monitoring,
and treatment, as well as its limitations and future directions. By integrating findings from diverse studies, this review
seeks to provide a holistic understanding of how Al is shaping the future of cardiovascular care and to identify key areas
for further research and development [26].

METHODS

Study Design and Reporting Standards

This systematic review was conducted in accordance with the Preferred Reporting Items for Systematic Reviews and
Meta-Analyses (PRISMA 2020) guidelines to ensure methodological transparency, reproducibility, and rigor in study
identification, selection, and synthesis [27]. The objective of the review was to evaluate the role of artificial intelligence in
cardiovascular medicine across diagnostic, predictive, monitoring, and therapeutic domains. Given the heterogeneity in
study designs, Al methodologies, and outcome measures, a qualitative systematic synthesis approach was adopted.

Literature Search Strategy

A comprehensive literature search was performed across PubMed, Scopus, Web of Science, and Google Scholar
databases to identify relevant studies published between January 2000 and December 2024. These databases were
selected to ensure wide coverage of clinical, biomedical, and technological research relevant to artificial intelligence in
cardiology. The search strategy combined controlled vocabulary and free-text terms using Boolean operators, including
“artificial intelligence, ” “machine learning,” “deep learning,” “cardiovascular disease,” “cardiology,” “heart failure,
“coronary artery disease,” “arrhythmia,” “stroke,” and “risk prediction.” Reference lists of eligible articles and key
reviews were also manually screened to identify additional studies not captured through database searches, thereby
minimizing the risk of omission [28].

FTan?s i)

Eligibility Criteria

Studies were included if they evaluated applications of artificial intelligence in cardiovascular medicine and reported
clinically relevant outcomes. Eligible study designs included prospective and retrospective cohort studies, randomized
controlled trials, cross-sectional studies, and systematic reviews. Studies were required to involve human participants and
to clearly describe the Al methodology used. Outcomes of interest included diagnostic accuracy, risk prediction
performance, clinical outcomes, or improvements in healthcare delivery.

Studies were excluded if they were editorials, commentaries, case reports, non-human studies, or if they lacked measurable
clinical or diagnostic outcomes. Additionally, studies focusing solely on algorithm development without clinical validation
were excluded. Only peer-reviewed articles published in English were considered [29].
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Study Selection Process

The study selection process was conducted in two stages. Initially, titles and abstracts of all retrieved records were screened
to exclude clearly irrelevant studies. Subsequently, full-text articles of potentially eligible studies were assessed against the
predefined inclusion and exclusion criteria. Any discrepancies during study selection were resolved through discussion and
consensus to ensure consistency and minimize selection bias [30].

Data Extraction and Outcome Classification

Data extraction was performed using a standardized extraction form to ensure uniformity across studies. Extracted
information included author details, year of publication, study design, population characteristics, Al methodology (e.g.,
machine learning, deep learning), cardiovascular application, and key outcomes.

For structured synthesis, outcomes were categorized into major domains, including diagnostic applications, risk
prediction, imaging analysis, remote monitoring, and therapeutic decision support. This classification facilitated
systematic comparison of findings across different areas of cardiovascular medicine [31].

Quality Assessment

The methodological quality of included studies was evaluated to assess the robustness and reliability of the evidence.
Observational and cohort studies were appraised based on the validity of exposure and outcome measurements, adequacy
of confounder adjustment, and sample size considerations. Randomized studies were assessed for study design integrity
and risk of bias, while systematic reviews were evaluated for comprehensiveness of search strategy and clarity of
methodology. Quality considerations were incorporated into the interpretation of findings rather than used as strict
exclusion criteria [32].

PRISMA Flow Diagram and Study Selection Summary

The study selection process followed the PRISMA 2020 framework. A total of 1,240 records were identified through
database searches. After removal of 220 duplicate records, 1,020 records remained for title and abstract screening. Of
these, 880 records were excluded for not meeting the inclusion criteria.

Subsequently, 140 full-text articles were assessed for eligibility. Among these, 62 studies were excluded due to lack of
clinical validation, incomplete outcome reporting, or non-relevant Al applications. Ultimately, 78 studies met all inclusion
criteria and were included in the final qualitative synthesis of this review [33].

Table 1. PRISMA Flow Summary

PRISMA Flow Diagram: Study Selection Process
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Data Synthesis

Due to heterogeneity in study designs, Al models, and outcome measures, a quantitative meta-analysis was not performed.
Instead, a narrative synthesis approach was employed, focusing on consistency of findings, direction and magnitude of
effects, and clinical relevance across studies. Findings were synthesized across predefined domains to provide an integrated
overview of the role of artificial intelligence in cardiovascular medicine [34-35].
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RESULTS

A total of 78 studies met the inclusion criteria and were included in the final qualitative synthesis. The studies represented
a wide range of applications of artificial intelligence in cardiovascular medicine, encompassing diagnostic, predictive,
imaging, monitoring, and therapeutic domains. The majority of included studies were observational cohorts and
retrospective analyses, supplemented by randomized controlled trials and high-quality validation studies. The included
populations were diverse, covering patients with coronary artery disease, heart failure, arrhythmias, stroke, and mixed
cardiovascular risk cohorts. Artificial intelligence methodologies varied across studies, with machine learning algorithms
being the most commonly used approach, followed by deep learning models, particularly convolutional neural networks
for imaging applications. Overall, the results demonstrated that Al-based systems consistently improved diagnostic
accuracy, risk prediction, and clinical decision support when compared with traditional methods [36].

Diagnostic Applications

Artificial intelligence demonstrated substantial improvements in diagnostic performance across multiple cardiovascular
conditions. In electrocardiography, Al-based algorithms were highly effective in detecting arrhythmias, including atrial
fibrillation, ventricular tachycardia, and conduction abnormalities, often with higher sensitivity and specificity than
conventional interpretation methods [37]. Several studies reported that Al-enabled ECG analysis could identify subclinical
cardiac dysfunction, including asymptomatic left ventricular dysfunction and early cardiomyopathy, which are typically
difficult to detect using standard approaches.

In imaging-based diagnostics, deep learning models achieved high accuracy in the detection of coronary artery disease
using computed tomography angiography, as well as in the assessment of ventricular function using echocardiography and
cardiac magnetic resonance imaging [38]. Automated segmentation and quantification of cardiac structures reduced inter-
observer variability and improved reproducibility. These findings highlight the potential of Al to enhance diagnostic
efficiency and standardization in cardiovascular imaging.

Risk Prediction and Prognostication

Al-based models demonstrated superior performance in predicting cardiovascular events compared with traditional risk
scores. Machine learning algorithms that incorporated large datasets, including clinical variables, laboratory results, and
imaging features, provided more accurate predictions of outcomes such as myocardial infarction, stroke, heart failure
hospitalization, and mortality [39].

Several studies reported that Al models could identify high-risk individuals who were not classified as high risk by
conventional scoring systems, thereby improving early intervention strategies. In heart failure populations, Al-driven
predictive models were effective in forecasting hospitalization and disease progression, enabling proactive clinical
management [40]. The ability of Al systems to continuously learn from new data further enhances their predictive accuracy
over time.

Cardiovascular Imaging Applications

Al use in heart imaging actually became one of the most studied areas. This field definitely got a lot of research attention.
Deep learning models were used widely for image classification, segmentation, and further for quantitative analysis itself.
Al algorithms in echocardiography can automatically measure left ventricular ejection fraction and detect wall motion
problems with high accuracy [41]. Further, these systems can identify valve diseases, making the diagnosis process itself
more reliable.

Al systems actually help doctors see plaque and heart muscle problems in CT and MRI scans. These tools definitely make
it easier to find structural issues in the heart. We are seeing that these applications not only made diagnosis more accurate
but also reduced the time needed to read images, which improved work efficiency in hospitals [42].

Remote Monitoring and Wearable Technology

As per cardiovascular care needs, artificial intelligence helped connect wearable devices with remote monitoring systems.
Regarding patient monitoring, Al made it easy to join these technologies for better heart care. Basically, studies showed
that Al can check heart data like heart rate and activity levels continuously to find problems like irregular heartbeats and
early heart failure [43]. It's the same as having a doctor monitor your heart all the time.

Moreover, we are seeing that remote monitoring systems help doctors act quickly, reduce hospital visits again, and make
patients more involved in managing their health. We are seeing that Al apps in wearable devices can find heart rhythm
problems very well and help doctors catch these issues early, even when people do not feel any symptoms [44].

Therapeutic Decision Support

Al-based decision support systems were increasingly utilized to guide treatment strategies in cardiovascular medicine.
Machine learning models were used to predict patient response to pharmacological therapies, identify optimal treatment
pathways, and assist in procedural planning for interventions such as percutaneous coronary intervention [45].
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In heart failure management, Al-assisted systems helped clinicians optimize medication regimens by analyzing patient-
specific data and predicting treatment outcomes. These applications contributed to more personalized and efficient care,
although their implementation in routine clinical practice remains limited [46].

Limitations and Challenges Identified in Studies

Despite the promising results, several limitations were consistently reported across the included studies. Variability in
model performance across different populations and clinical settings was a common concern, highlighting issues related to
generalizability and external validation [47].

Additionally, many AI models lacked interpretability, making it difficult for clinicians to understand the underlying
decision-making processes. Data quality, bias in training datasets, and lack of standardized validation frameworks were
also identified as significant challenges. These limitations underscore the need for cautious implementation and further
research to ensure reliable and equitable use of Al in cardiovascular medicine [48—49].

Table 2. Key Applications of Al in Cardiovascular Medicine

Domain Key Outcome
Diagnosis Improved detection of arrhythmias and cardiac dysfunction [37-38]
Risk Prediction Better prediction of cardiovascular events than traditional models [39—40]
Imaging Accurate and faster cardiac image analysis [41-42]
Monitoring Early detection through wearable devices [43—44]
Treatment Support Enhanced personalized decision-making [45-46]

DISCUSSION

This systematic review synthesizes contemporary evidence on the role of artificial intelligence (Al) in cardiovascular
medicine and demonstrates that Al-based approaches consistently enhance diagnostic accuracy, risk prediction, imaging
interpretation, and clinical decision support. Across the 78 included studies, Al applications showed superior or comparable
performance to traditional clinical methods in most domains, reinforcing the growing consensus that Al can augment, rather
than replace, clinician-driven care. The convergence of findings across diverse datasets, patient populations, and
cardiovascular conditions highlights the robustness of Al as a transformative tool in modern cardiology [50].

One of the most significant contributions of Al lies in its ability to improve diagnostic precision, particularly in
electrocardiography and cardiovascular imaging. The reviewed studies demonstrate that Al algorithms can detect
arrhythmias, subclinical cardiac dysfunction, and structural abnormalities with high sensitivity and specificity, often
exceeding conventional interpretation methods. These improvements are clinically meaningful, as early detection of
conditions such as atrial fibrillation or left ventricular dysfunction can enable timely intervention and reduce the risk of
adverse outcomes. Furthermore, Al-driven imaging tools reduce inter-observer variability and improve reproducibility,
addressing long-standing challenges in cardiovascular diagnostics [51].

In the domain of risk prediction, Al models consistently outperformed traditional scoring systems by incorporating
complex, nonlinear interactions among clinical variables. This enhanced predictive capability allows for more accurate
identification of high-risk individuals and facilitates targeted preventive strategies. Importantly, several studies
demonstrated that Al models could identify patients at elevated risk who would otherwise be classified as low or
intermediate risk using conventional tools. This finding underscores the limitations of traditional models and highlights the
potential of Al to refine risk stratification in a clinically meaningful way [52].

The integration of Al with wearable technologies and remote monitoring systems represents another important
advancement in cardiovascular care. Continuous data collection and real-time analysis enable early detection of clinical
deterioration, particularly in conditions such as heart failure and arrhythmias. This shift from episodic to continuous
monitoring has significant implications for improving patient outcomes, reducing hospitalizations, and enhancing patient
engagement. However, the effectiveness of these systems depends on patient adherence, data accuracy, and seamless
integration into clinical workflows [53].

Despite these promising findings, several challenges limit the widespread implementation of Al in cardiovascular medicine.
One of the most critical issues is the generalizability of Al models across different populations and healthcare settings.
Many studies included in this review were conducted in controlled environments or used homogeneous datasets, raising
concerns about model performance in real-world, diverse populations. Addressing these limitations requires the use of
large, representative datasets and robust external validation to ensure reliability and equity in Al-driven care [54].
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Another major challenge is the interpretability of AI models. The “black box” nature of many machine learning and deep
learning algorithms makes it difficult for clinicians to understand how predictions are generated, potentially limiting trust
and adoption. Efforts to develop explainable Al frameworks are essential to bridge this gap and facilitate clinical
integration. Additionally, regulatory and ethical considerations, including data privacy, algorithmic bias, and accountability;,
must be carefully addressed to ensure safe and responsible deployment of Al technologies in healthcare [55].

The review findings further show that Al should be integrated into existing clinical workflows rather than being used as a
standalone tool. Basically, doctors, data experts, and hospital managers need to work together the same way to make Al
systems that are easy to use and match what clinics actually need. Training and education of healthcare professionals in Al
concepts is further important to maximise the benefits of these technologies themselves [56].

Al can further support the move to precision medicine in heart care itself. Al can surely create personalised treatment plans
by combining different types of patient data like medical records, scans, genetic information, and fitness tracker data.
Moreover, this approach helps doctors design treatments that match each patient's unique health profile. Basically, this
method can make treatments work better and reduce side effects, while using resources in the same efficient way to improve
healthcare quality [57].

Basically, Al cannot replace doctors' clinical judgment, it's the same as having a tool that helps but doesn't make the final
decision. We are seeing that the best way is when Al systems and doctors work together, where Al gives data insights, and
doctors use their knowledge and experience. As per this working together model, patient care remains both technology-
based and human-focused regarding treatment approach [58].

This review has several strengths, including a comprehensive search strategy, inclusion of diverse study designs, and
synthesis across multiple domains of cardiovascular medicine. Nevertheless, certain limitations must be acknowledged.
The heterogeneity of included studies, variability in Al methodologies, and differences in outcome measures limit direct
comparison across studies. Additionally, the majority of studies were observational, which may introduce bias and limit
causal inference. Despite these limitations, the consistency of findings across studies supports the overall conclusions of
this review [59].

Future research should focus on improving model transparency, standardizing validation frameworks, and evaluating long-
term clinical outcomes associated with Al implementation. Large-scale, multicenter studies and randomized controlled
trials are needed to establish the clinical effectiveness and cost-effectiveness of Al-based interventions in real-world
settings. Furthermore, addressing issues related to digital health equity will be critical to ensure that the benefits of Al are
accessible to all populations [60].

In summary, artificial intelligence represents a powerful tool with the potential to transform cardiovascular medicine across
multiple domains. While significant progress has been made, careful attention to validation, interpretability, ethical
considerations, and clinical integration is essential to fully realize its potential and ensure safe and effective use in patient
care [61].

CONCLUSION

Artificial intelligence represents a transformative advancement in cardiovascular medicine, with strong evidence
demonstrating its ability to improve diagnostic accuracy, enhance risk prediction, optimize imaging analysis, and support
personalized treatment strategies. Across the included studies, Al consistently showed performance equal to or exceeding
traditional clinical methods, particularly in detecting subclinical disease and enabling early intervention. However,
challenges related to data quality, model interpretability, generalizability, and ethical considerations continue to limit its
full clinical integration. Importantly, Al should be viewed as a complementary tool that augments clinical expertise rather
than replacing it, with the greatest benefit observed when combined with clinician judgment in a hybrid decision-making
model. Moving forward, the successful implementation of Al in cardiovascular care will depend on robust validation,
standardized frameworks, equitable access, and seamless integration into clinical workflows, ultimately enabling more
efficient, precise, and patient-centered healthcare delivery.
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