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Cardiovascular diseases (CVDs) remain the leading causes of morbidity, mortality, and
healthcare expenditures, presenting substantial challenges for hospitals operating
under Diagnosis-Related Group (DRG) payment models. Recent advances in deep
learning offer new strategies for optimizing CVD management to meet cost control
objectives. This review synthesizes the roles of deep learning in CVD diagnosis,
treatment planning, and prognostic modeling, emphasizing applications that
reduce unnecessary diagnostic imaging, predict high-cost complications, and
optimize the utilization of critical resources like ICU beds. By analyzing medical
images, forecasting adverse events from patient data, and dynamically optimizing
treatment plans, deep learning offers a data-driven strategy to manage high-cost
procedures and prolonged hospital stays within DRG budgets. Deep learning
offers the potential for earlier risk stratification and tailored interventions, helping
mitigate the financial pressures associated with DRG reimbursements. Effective
integration requires multidisciplinary collaboration, robust data governance, and
transparent model design. Real-world evidence, drawn from retrospective studies
and large clinical registries, highlights measurable improvements in cost control
and patient outcomes; for instance, Al-optimized treatment strategies have been
shown to reduce estimated mortality by 3.13%. However, challenges—such as
data quality, regulatory compliance, ethical issues, and limited scalability —must
be addressed to fully realize these benefits. Future research should focus on
continuous model adaptation, multimodal data integration, equitable deployment,
and standardized outcome monitoring to validate both clinical quality and financial
return on investment under DRG metrics. By leveraging deep learning’s predictive
power within DRG frameworks, healthcare systems can advance toward a more
sustainable model of high-quality, cost-effective CVD care.

KEYWORDS

diagnosis-related group, cardiovascular disease management, deep learning, clinical
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1 Introduction

Cardiovascular diseases (CVDs) remain a leading cause of morbidity and mortality
globally, accounting for significant healthcare expenditures. The management of CVD often
involves complex diagnostic and clinical pathways—structured, evidence-based,
multidisciplinary care plans designed to manage specific clinical conditions, including
advanced imaging, invasive procedures, and prolonged hospital stays (Roth et al., 2020;
Benjamin et al., 2019; Figtree et al,, 2023). These resource-intensive interventions pose
substantial challenges for cost control, especially in healthcare systems adopting
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Diagnosis-Related Group (DRG) payment models. DRG systems aim
to standardize payments by classifying hospital cases with similar
clinical characteristics and resource consumption (Busse et al., 2013).
This standardization motivates healthcare providers to deliver care
within specified cost parameters while ensuring acceptable patient
outcomes, a balance that requires aligning clinical practices with DRG
benchmarks without compromising care quality (Milstein and
Schreyogg, 2024; Kutz et al,, 2019). It is important to note, however,
that DRG systems are not monolithic; their structure, payment
formulas, and clinical impact vary significantly across countries. This
review primarily focuses on the challenges and optimization
opportunities within the established DRG frameworks typical of high-
income countries, such as those in the United States, Europe, and
Australia (Milstein and Schreyogg, 2024).

The complexity of CVD management arises not only from the
diversity of clinical presentations but also from the variability in
resource utilization across healthcare providers. For example,
differences in diagnostic preferences, treatment modalities, and
postoperative care protocols contribute to significant cost variations.
This inconsistency often leads to challenges in meeting DRG payment
standards, as hospitals may struggle to maintain financial sustainability
while delivering high-quality care. Additionally, the increasing
prevalence of CVDs due to aging populations and lifestyle-related risk
factors exacerbates the economic burden on healthcare systems
(Virani et al., 2021).

Recent advancements in deep learning have opened new avenues
for optimizing clinical pathways in CVD management (Attia et al.,
2019; Esteva et al,, 2019). By leveraging large-scale patient data (such
as from electronic health records, clinical registries, and imaging
databases), deep learning algorithms can identify inefficiencies,
predict patient outcomes, and recommend cost-effective interventions
tailored to individual cases. These capabilities are particularly valuable
for addressing the disparities between actual treatment costs and DRG
payment standards. For instance, predictive models can flag patients
at risk of prolonged hospital stays or costly complications, enabling
proactive adjustments to their care plans. Moreover, deep learning
tools can facilitate personalized medicine by integrating multi-modal
data, such as clinical records, imaging results, and genetic information,
to develop precise and efficient treatment strategies (Esteva
etal., 2019).

The integration of deep learning into CVD management also
supports decision-making for clinicians by providing real-time
insights and evidence-based recommendations. These tools can
enhance diagnostic accuracy, streamline workflows, and improve
resource allocation. For example, convolutional neural networks
(CNNGs) have been used to analyze cardiac imaging, while recurrent
neural networks (RNNs) excel in modeling sequential data, such as
patient histories. Reinforcement learning algorithms further enable
dynamic adjustments to clinical pathways, optimizing treatment
sequences to balance costs and outcomes (Lundervold and
Lundervold, 2019; Chen et al., 2022).

In this narrative review, we explore the intersection of deep
learning and DRG-aligned clinical pathway optimization for
cardiovascular diseases. It synthesizes recent applications of deep
learning in CVD diagnosis, treatment planning, and cost management,
highlighting their potential to transform healthcare delivery.
Furthermore, it identifies current challenges, such as data quality
issues, model interpretability, and integration into clinical workflows,
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and discusses future research directions. To synthesize the current
evidence, this review draws upon literature from major scientific
databases, including PubMed and Google Scholar, focusing on key
publications and developments in the field. By addressing these gaps,
deep learning-driven approaches can contribute to sustainable and
equitable healthcare systems that balance financial constraints with
clinical excellence.

2 Applications of deep learning in
cardiovascular disease management

Deep learning has significantly transformed CVD management
by improving diagnostic accuracy, optimizing treatment planning,
and enabling effective prognostic modeling. These applications
harness the power of artificial intelligence to address key challenges in
clinical practice, such as the complexity of CVD presentations and the
need for cost-effective care.

2.1 Diagnostic support

Deep learning has significantly enhanced diagnostic precision in
CVD management. CNNs, known for their exceptional performance
in image analysis, function much like a digital microscope trained to
see specific patterns. They automatically learn to identify features
ranging from simple lines and textures to complex anatomical
structures like cardiac chambers, making them ideally suited for
analyzing cardiac imaging modalities, including echocardiograms,
cardiac MRI, and CT scans (Lundervold and Lundervold, 2019;
Rajpurkar et al., 2017). These models can segment cardiac structures
with precision, enabling the detection of structural abnormalities and
early signs of diseases like cardiomyopathy. This segmentation
facilitates accurate assessment of heart function and supports
diagnostic outcomes comparable to those of expert cardiologists. For
example, CNN-based segmentation approaches have demonstrated
high accuracy in distinguishing healthy from pathological cardiac
structures, aiding in early diagnosis and treatment planning (Song
etal., 2022).

RNNs, particularly architectures like long short-term memory
(LSTM) networks, are designed with a form of memory. This allows
them to process sequential data, such as an ECG signal over time, by
considering previous data points when interpreting a new one. This
“memory” makes them highly effective in detecting arrhythmias from
ECQG data, as they can learn the time-dependent patterns of a heartbeat
(Bjerken et al., 2023; Adedinsewo et al., 2020; Pokaprakarn et al., 2022;
Laghari et al., 2023). By analyzing time-series patterns, these models
can identify irregular heart rhythms, such as atrial fibrillation and
ventricular tachycardia, withhigh sensitivity and specificity, achieving
performance comparable to that of expert cardiologists and, in some
cases, classification accuracies exceeding 97% (Nagarajan et al., 2021;
Cinar and Tuncer, 2021).

2.2 Treatment planning

Treatment planning for CVDs often requires tailoring
interventions to individual patient needs. Deep learning models,
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particularly reinforcement learning algorithms, optimize treatment
regimens by balancing efficacy and cost-effectiveness (Kadem et al.,
2023). These algorithms utilize real-time patient data to suggest
precise medication adjustments, ensuring therapeutic goals are
achieved while minimizing potential side effects and reducing
healthcare costs. Examples include optimizing drug dosing in critical
care and managing chronic conditions with dynamic, personalized
interventions (Liu et al., 2020).

Predictive models also play a pivotal role in planning invasive
procedures. Machine learning algorithms leverage clinical and
imaging data to estimate the likelihood of success for interventions
like stent placement or coronary artery bypass grafting (CABG)
(Bertsimas et al., 2020; Ninomiya et al., 2023). By integrating patient
demographics, comorbidities, and procedural factors, these models
enable clinicians to make informed decisions about the most
appropriate treatment approach. Such precision enhances patient
outcomes and supports tailored clinical strategies (Li et al., 2024).

2.3 Prognostic modeling

Prognostic modeling is essential for stratifying patients based on
their risk profiles and planning long-term care strategies. LSTM
networks, a type of RNN, have proven highly effective in analyzing
time-series data to predict outcomes such as heart failure, myocardial
infarction, and rehospitalization risks (Lu et al., 2021; Chu et al., 20205
Baral et al., 2021; Rai and Chatterjee, 2021). By incorporating dynamic
patient variables, including lab results, vital signs, and medication
history, these models deliver precise and individualized risk
assessments (Chi et al., 2021; Yu and Son, 2024).

In addition to enabling granular risk stratification, deep learning
algorithms facilitate population-level analyses, revealing trends and
patterns within extensive datasets. These insights are instrumental in
optimizing resource allocation, ensuring that high-risk patients
receive timely and intensive care while minimizing unnecessary
interventions for low-risk individuals (Bates et al., 2014).

The integration of deep learning into CVD management holds
immense potential for improving clinical outcomes while addressing
cost constraints imposed by DRG systems. By enhancing diagnostic
precision, tailoring treatments, and enabling proactive care, these
technologies contribute to a more efficient and patient-centered
healthcare system. Figure 1 provides a schematic representation of the
application of deep learning in CVD management.

3 DRG requirements and cost
challenges in CVD management

3.1 Key features of DRG systems

The DRG system is a prevalent hospital payment model designed
to enhance both cost efficiency and quality of care (Goldfield, 20105
Mihailovic et al., 2016; Yuan et al., 2019; Zou et al., 2020). Under this
system, hospital cases are categorized based on clinical similarities and
resource utilization, with each category assigned a fixed payment rate.
This standardization motivates healthcare providers to deliver care
within specified cost parameters while ensuring acceptable patient
outcomes (Goldfield, 2010; Mihailovic et al., 2016).
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The DRG systems promote cost-effective care by correlating
payments with clinical complexity. For instance, more intricate
procedures, such as multi-vessel CABG, receive higher reimbursement
rates compared to simpler interventions like single-vessel angioplasty
(Varani et al., 2005; Spadaccio and Benedetto, 2018). An Italian study
revealed that while the costs for single-vessel percutaneous coronary
intervention (PCI) generally match DRG reimbursement levels, multi-
vessel PCI costs surpass the DRG rate by approximately 40%. This
differentiation ensures that hospitals are adequately compensated for
more resource-intensive procedures while discouraging unnecessary
interventions (Varani et al., 2005; Spadaccio and Benedetto, 2018).

Furthermore, the DRG framework emphasizes quality outcomes
by limiting the overuse of services, thereby reducing wasteful spending
and enabling hospitals to reallocate resources toward high-value care
(Zou et al., 2020; Spadaccio and Benedetto, 2018). The DRG systems
encourage hospitals to minimize the length of stay and the use of
ancillary services without compromising patient outcomes (Zou et al.,
2020). Achieving this balance, however, requires precise alignment of
clinical practices with DRG benchmarks, a challenge given the
variability in patient presentations and treatment requirements
(Goldfield, 2010; Yuan et al., 2019).

Beyond cost efficiency, The DRG systems enhance resource
management within hospitals by integrating clinical and financial
aspects of care through a unified framework. This integration
improves transparency and provides a solid foundation for assessing
both care processes and their financial implications (Zou et al., 2020).
The structured nature of DRGs has also spurred innovations such as
clinical pathways and DRG-specific management tools, further
optimizing operational efficiency and care quality (Mihailovic
etal., 2016).

3.2 CVD-specific cost drivers

Managing CVD within the DRG framework presents distinct
challenges due to the high costs of interventions and the variability in
patient outcomes. The primary cost drivers in CVD
management include:

High-Cost Procedures: Invasive interventions such as PCI and
CABG represent a substantial portion of CVD-related expenditures.
These procedures necessitate advanced technologies, specialized
healthcare professionals, and extended operating times, all of which
contribute to their elevated costs. For example, while CABG offers
superior long-term outcomes in complex cases, it incurs significantly
higher initial costs due to the need for surgical collateralization and
sophisticated equipment (Doenst et al., 2019; Gholami et al., 2019). A
systematic review highlighted that the incremental cost-effectiveness
ratios (ICERs) for CABG compared to medical therapy range from
$4,403 in Brazil to $212,800 in the USA, emphasizing its economic
impact (Gholami et al., 2019).

Prolonged Hospital Stays: Complications such as postoperative
infections, arrhythmias, and exacerbations of heart failure frequently
extend hospital stays. Postoperative atrial fibrillation, occurring in
approximately 20-40% of CABG patients, can add an average of
$10,000-$20,000 to hospital costs and extend the length of stay by
2-5days (Greenberg et al., 2017; Gudbjartsson et al, 2020).
Additionally, surgical site infections, which affect up to 19% of cardiac

surgery patients, significantly escalate both treatment costs and
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FIGURE 1

Deep-learning decision support across the cardiovascular-care continuum under diagnosis-related-group (DRG) payment constraints. A central deep-
learning engine ingests multimodal data—cardiac images, ECGs, electronic health records, and population registries—to generate three tiers of
intelligence: Treatment planning (top branch). Data-driven optimisation of drug regimens, procedural strategy, and peri-operative workflows,
maximising clinical benefit while staying within DRG episode budgets. Diagnostic support (lower left). CNN-and LSTM-based tools enhance image and
rhythm interpretation, enabling earlier, more accurate diagnoses and improving DRG coding fidelity. Prognostic modelling (lower right). Recurrent,
graph, or hybrid networks stratify risk and predict outcomes (e.g., 30-day readmission), guiding targeted follow-up and resource allocation. Green
arrows indicate the continuous feedback loop whereby real-world outcomes update model parameters, progressively aligning quality of care with
DRG cost goals. CVD, cardiovascular disease; ECG, electrocardiogram BioRender.com.

hospitalization duration (Schweizer et al., 2015; Miranda et al., 2021).
Readmissions due to heart failure within 30 days also contribute
considerably to overall costs, with risk factors including extended
hospital stays, chronic kidney disease, and arrhythmias (Sabe et al.,
2023; El-Chami et al., 2012). These extended admissions often result
in costs that surpass standard DRG reimbursements, presenting
financial challenges for hospitals.

Frequent Utilization of Advanced Diagnostics and Therapies: The
dependence on sophisticated imaging techniques, such as cardiac MRI
and CT angiography, alongside the adoption of novel pharmacological
therapies, drives substantial costs in CVD management. Advanced

Frontiers in Artificial Intelligence 04

imaging modalities are essential for precise diagnostics and enhanced
patient outcomes; however, their high costs pose significant financial
hurdles. For instance, the increasing use of coronary CT angiography
has led to notable rises in healthcare spending, despite improvements
in cardiovascular outcomes and reductions in mortality rates
(Centonze et al., 2020; Weir-McCall et al., 2023). Similarly, innovative
therapies, including those informed by pharmacogenomics, improve
treatment accuracy but introduce financial variability. A systematic
review of pharmacogenomics in cardiovascular treatments revealed
mixed results regarding cost-effectiveness, depending on specific
drug-gene interactions and the context of different health systems
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(Zhu et al., 2020). These advancements, while beneficial for patient
care, challenge hospitals to operate within the financial constraints
imposed by DRG payment structures.

3.3 Challenges in compliance

Despite the DRG systemy’s emphasis on efficiency, implementing
CVD management strategies that align with DRG standards can
be challenging. Hospitals frequently encounter the following barriers:

Variability in Patient Responses: Patient outcomes are heavily
influenced by comorbidities, genetic factors, and adherence to
treatment plans, making standardized care pathways difficult to
implement. For instance, epigenetic factors and conditions such as
diabetes or hypertension can significantly affect the recovery process
following myocardial infarction. Such diversity in patient presentations
complicates cost forecasting and hampers the consistent delivery of
care (Damluji et al., 2021; Lee et al., 2020; Schiano et al., 2020).

Resource Allocation: Balancing limited healthcare resources
between high-cost and lower-cost cases is an ongoing concern.
Overallocating resources to specific cases can strain budgets, while
underutilization may compromise patient outcomes. In one study
focusing on polypharmacy in older adults, healthcare expenses nearly
doubled for complex CVD cases, illustrating how challenging resource
prioritization can be (Kwak et al., 2022; Duan et al., 2024; Gavina et al.,
2024). Moreover, resource distribution often does not adequately
account for high-risk groups, as demonstrated by disparities in
healthcare utilization across different risk categories (Gavina
etal., 2024).

Data Limitations: Accurate adherence to DRG requirements relies
on robust data collection and analysis, yet this process is frequently
undermined by incomplete or inconsistent records. Inaccuracies in
ICD-10 coding and insufficient integration of laboratory or
demographic information can distort DRG groupings and lead to
misalignments in reimbursement (Dai et al., 2024; GOLDMAN et al.,
1989; Liu et al., 2014). Initiatives aimed at improving data quality—
such as thorough completion of medical records and the adoption of
Al-assisted coding—have shown promise in mitigating these
challenges (Goldman et al., 1989; Liu et al., 2014).

In summary, DRG systems can help streamline healthcare
expenditures, but applying them effectively in CVD care demands
careful adjustments to address the inherent complexities of
cardiovascular treatment. Strategies that accommodate patient
variability, optimize resource use, and enhance data integrity are
crucial for achieving both financial stability and high-quality care.

4 Deep learning for clinical pathway
optimization

Optimizing clinical pathways for CVD management involves a
complex interplay of achieving cost-effectiveness while maintaining
or improving patient outcomes. With the increasing adoption of DRG
payment systems, there is a pressing need to align healthcare delivery
with predefined cost benchmarks. Deep learning has emerged as a
transformative tool for addressing these challenges, offering innovative
approaches to streamline clinical pathways, predict patient outcomes,
and optimize resource utilization.
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4.1 Goals of optimization

Clinical pathway optimization through deep learning aims to
balance cost-efficiency with high-quality, patient-centered care. The
key objectives include minimizing unnecessary diagnostics and
treatments, shortening hospital stays, adhering to DRG cost
benchmarks, enhancing patient satisfaction, improving resource
allocation, facilitating early interventions, and enabling real-time
decision-making. Each objective is detailed below:

1) Minimizing Unnecessary Diagnostics and Treatments: Deep
learning models can help identify low-value or redundant
interventions, thereby reducing expenses without undermining
diagnostic accuracy or therapeutic efficacy. Under a DRG
model, where hospitals receive a fixed payment per case,
eliminating such low-value interventions is a critical strategy
to manage costs within the predetermined reimbursement
threshold and maintain financial viability (Chien et al., 2020).
For instance, predictive analytics that evaluate test-ordering
patterns can flag superfluous laboratory or imaging requests,
curbing overuse and associated costs (Rabbani et al., 2023).
Similar frameworks have shown the potential to enhance
diagnostic precision while lowering the rate of low-yield tests,
thus protecting patients from avoidable procedures and
streamlining clinical workflows (Pavuluri et al, 2024;
Pomponio et al., 2020).

2) Shortening Hospital Stays Without Compromising Outcomes:
Predictive models can project patient recovery patterns,
enabling personalized care plans that accelerate recovery while
maintaining safety and effectiveness. This capability is
particularly vital under DRG payment models, as each day of
hospitalization incurs costs, and exceeding the DRG-specified
average length of stay (LOS) for a given condition can lead to
significant, unreimbursed financial losses for the institution
(Kutz et al., 2019; Aragon et al., 2022). Artificial intelligence
(AI)-driven systems that integrate electronic health records
(EHRs) with machine learning algorithms have demonstrated
the capacity to project optimal recovery timelines, thereby
reducing hospitalization durations (Ahmed et al., 2020).
Additionally, real-time monitoring of patient progress—using
data from wearable devices and Al analytics—supports timely
treatment adjustments, aiding in earlier discharges and
lowering readmission rates (Chen et al, 2023; Javaid
et al., 2022).

3) Aligning Costs with DRG Benchmarks: Deep learning tools
can pinpoint cost drivers in clinical workflows, recommending
modifications that satisfy DRG payment constraints while
preserving favorable outcomes (Ravi et al., 2017; Shameer et al.,
2018). For example, predictive models can highlight
overlapping diagnostics, allowing for targeted cost-cutting
measures without compromising quality3. Reinforcement
learning algorithms further explore alternative treatment
routes to ensure cost-effectiveness, demonstrating how Al can
adapt clinical pathways to meet financial targets (Shameer
et al,, 2018; Shah et al., 2019). Integrating predictive models
into everyday practice has yielded more efficient resource
allocation strategies, facilitating alignment with DRG
benchmarks (Danda and Dileep, 2024).
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4) Improving Resource Allocation: Predictive analytics can
optimize the distribution of limited, high-cost healthcare
resources, such as ICU beds, personnel, and specialized
equipment, ensuring maximum utility and cost-effectiveness.
Within a DRG framework, the cost of these high-intensity
resources must be covered by a single, bundled payment.
Therefore, using predictive models to ensure such resources are
allocated only to patients who will truly benefit is essential to
prevent cost overruns on complex cases (Aragon et al., 2022;
King et al., 2022). This allows administrators to proactively
redistribute resources and minimize operational bottlenecks
(Chen and Asch, 2017). Machine learning systems can also
detect inefficiencies across various departments, ensuring fair
resource distribution and promoting cost savings (Rajkomar
etal., 2019; Talaat, 2024). In DRG-based settings, such methods
align hospital resources with cost-effectiveness targets,
maintaining high standards of care while controlling
expenditures (Li et al., 2023).

5) Facilitating Early Intervention: Deep learning models that
incorporate patient vitals, laboratory results, and clinical data
can anticipate complications, providing crucial lead time for
preventive measures. From a DRG perspective, preventing
complications is paramount. A predictable recovery pathway is
manageable within a fixed budget; an unexpected complication
can trigger a cascade of costly interventions that quickly exceed
the DRG reimbursement (Hughes et al., 2018; Mehra et al.,
2015). Some algorithms can detect conditions like sepsis up to
48 h before onset, allowing earlier interventions and mitigating
severity (Alanazi et al., 2023; Barton et al., 2019). Moreover,
explainable AI systems that highlight specific risk factors
empower clinicians to respond promptly and effectively,
reducing complications and improving patient outcomes
(Lundberg et al., 2018).

6) Supporting Real-Time Decision-Making: Integrating deep
learning models with live patient data enables immediate
adjustments to therapeutic approaches. In the context of
DRG-based care, which treats an entire hospitalization as a
single paid episode, such real-time adjustments are crucial (Liu
J. etal., 2021). Advanced architectures, such as LSTM networks,
can process real-time vital sign fluctuations, alerting clinicians
to critical changes that warrant rapid intervention. By reducing
response times and enhancing situational awareness, such
systems contribute to better clinical outcomes and more
efficient use of healthcare resources (El-Ganainy et al., 2020;
Krittanawong et al., 2019; Sendak et al., 2020).

4.2 Techniques and models

Deep learning offers a diverse range of methods tailored to
different facets of clinical pathway optimization. These approaches,
described below, support both diagnostic and therapeutic decision-
making in cardiovascular care while aligning with cost-effectiveness
and quality standards.

1) Convolutional Neural Networks (CNNs): CNNs are especially
well-suited for image-based analyses, such as evaluating
echocardiograms, cardiac MRIs, and CT scans. Their capacity for

detecting abnormalities and quantifying disease progression supports
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more precise diagnostic workflows (Moradi et al., 2024; Jafari et al.,
2023). Within a DRG framework, this enhanced diagnostic precision
is critical. An accurate, Al-assisted diagnosis helps ensure correct
DRG coding from the outset, preventing potential revenue loss from
under-coding a complex case (Liu J. et al., 2021; Islam et al., 2021). In
cardiac imaging, studies have also reported that CNNs can
substantially enhance the early detection of cardiovascular diseases.
This allows for the optimization of imaging protocols, which directly
reduces costs under a fixed DRG payment by eliminating redundant
or low-yield scans that would otherwise erode the hospital’s margin
for that episode of care (Li et al., 2023; Liu et al., 2023).

2) RNNs and LSTM: RNNG, and particularly LSTM architectures,
excel at processing sequential data, including laboratory values, vital
signs, and historical treatment records. LSTMs, for instance, have been
shown to predict critical events like heart failure exacerbations or
arrhythmias with high accuracy. For example, nested LSTM models
have achieved superior prediction accuracy for events such as sudden
cardiac death, enabling timely interventions (Wang K. et al., 2024; Rai
et al., 2020). CNN-LSTM-SE models further enhance classification
tasks like arrhythmia detection by integrating spatial and temporal
features, achieving classification accuracies exceeding 97% in certain
applications (Nagarajan et al., 2021; Sun et al., 2024). This capability
to anticipate and prevent severe adverse events is a primary cost-
containment strategy under DRG systems (Wang K. et al., 2024; Sudha
and Kumar, 2023). An unforeseen complication can trigger a cascade
of intensive, high-cost interventions, pushing the total cost of care far
beyond the fixed reimbursement for the patient’s assigned DRG. By
enabling proactive intervention, these models help maintain a
predictable clinical and financial pathway, thus mitigating the risk of
substantial financial losses associated with prolonged hospital stays
and unplanned ICU admissions (Hughes et al., 2018; Bruyneel
etal., 2025).

3) Reinforcement Learning (RL): Reinforcement learning
algorithms are uniquely suited for optimizing clinical pathways within
the strict financial constraints of DRG systems. Unlike other models,
RL dynamically adapts treatment strategies by learning a policy that
maximizes a cumulative reward over a patient’s entire hospital stay
(Komorowski et al., 2018; Jayaraman et al., 2024). In a DRG context,
this reward function can be explicitly designed to align with financial
incentives—for example, by rewarding decisions that lead to successful
outcomes while keeping total costs below the fixed DRG payment (Yu
et al,, 2023). By integrating real-time data from EHRs and wearable
devices, RL models can recommend the most cost-effective sequence
of interventions (e.g., choosing a less expensive diagnostic test or
de-escalating care when a patient is stable), thereby navigating the
trade-offs between clinical efficacy and budgetary limits in a data-
driven manner (Yu et al., 2023; Yom-Tov et al., 2017).

4) Transformers: Originally developed for natural language
processing (NLP), transformers offer a powerful solution for a
critical challenge in DRG-based reimbursement: ensuring accurate
clinical coding. Under DRG systems, payment is directly determined
by the diagnostic and procedural codes (e.g., ICD-10) extracted from
clinical documentation. Transformers excel at analyzing
unstructured text in EHRs, such as physician notes and discharge
summaries, to automatically identify all relevant diagnoses and
comorbidities that affect DRG assignment (Denecke et al., 2024).
This capability is crucial for preventing under-coding, which can
lead to significant revenue loss for healthcare providers. Beyond
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coding, their ability to process large-scale and multimodal datasets
makes them ideal for building more robust predictive models for
DRG-related outcomes like cost overruns and readmission risk (Liu
J.etal., 2021; Caruso et al., 2024; Ruan et al., 2023). Frameworks like
the P-Transformer, which effectively manage data variability in
medical tabular data, and models such as MARIA, which handle
incomplete data by integrating both structured and unstructured
sources, enhance the reliability of these predictions in real-world
clinical settings where data is often imperfect (Caruso et al., 2024;
Ruan et al., 2023).

5) Graph Neural Networks (GNNs): GNNs are exceptionally well-
suited for DRG pathway optimization because they can explicitly
model a clinical pathway as a complex graph, where diagnostic tests,
treatments, patient characteristics, and outcomes are nodes, and the
relationships between them are edges. This structure allows for a
holistic analysis of the entire care episode (Islam et al., 2021). For
instance, GNNs can process this interconnected data to predict the
total cost of a patient’s care pathway with high accuracy (Yang et al.,
2024). This predictive capability is a cornerstone of proactive DRG
management, enabling hospitals to identify high-cost cases in advance
and simulate the financial impact of different treatment choices.
Furthermore, by analyzing the graph structure, GNNs can pinpoint
which nodes or edges (i.e., specific tests or procedures) are the primary
drivers of cost overruns or negative outcomes, thereby providing data-
driven insights to refine and standardize clinical pathways to better
align with DRG financial targets (Tariq et al., 2023; Gong et al., 2024).

6) Hybrid Models: Hybrid models, which combine multiple deep
learning techniques, are essential for creating highly accurate
predictive tools for DRG management. Patient data is inherently
multimodal, containing static features (e.g., demographics), imaging
data (e.g., MRI scans), and time-series data (e.g., ECG signals, lab
results over time). No single model architecture can effectively
leverage all this information. By integrating different models—such as
a CNN for image analysis and an RNN for sequential data—a hybrid
model can generate a more robust and accurate risk score for
DRG-relevant outcomes (Sadr et al., 2024; Almulihi et al., 2022;
Shickel et al., 2023; Fritz et al., 2019; Chen et al., 2024). For example,
a CNN-LSTM model can predict a patient’s risk of post-operative
complications with greater accuracy than either model alone. This
enhanced predictive power is critical for DRG cost control, as it allows
for more precise patient stratification and proactive resource
allocation, helping to prevent costly deviations from the standard care
pathway (Sadr et al., 2024; Almulihi et al., 2022).

7) Federated Learning Models: Federated learning directly
addresses a fundamental barrier to creating robust DRG optimization
models: data silos and patient privacy. A predictive model for DRG
costs or complication risks trained on data from a single hospital may
not generalize well to other institutions with different patient
populations. Federated learning solves this by enabling multiple
hospitals to collaboratively train a single, more powerful and accurate
model without sharing sensitive patient data, thus complying with
regulations like GDPR and HIPAA (Chaddad et al., 2024; Xu et al,,
2024; Abbas et al., 2024). For example, several hospitals in a region
could use federated learning to build a shared model that more
accurately predicts 30-day readmission risks—a key DRG quality
metric. This superior, generalizable model allows all participating
institutions to better manage their financial risk and improve care
quality under the DRG system (Alvarez-Romero et al., 2022; Sazdov
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et al,, 2023). The key deep learning techniques and models are
summarized in Table 1.

While deep learning techniques provide powerful tools for
clinical pathway optimization, their practical implementation in a
DRG environment requires careful consideration of their distinct
trade-offs. For instance, the need for large, accurately labeled datasets
for training models like CNNs translates into a significant data
curation cost and effort for hospitals. Similarly, the high computational
requirements of advanced methods like transformers can represent a
substantial upfront investment in hardware and infrastructure. Even
models that offer high robustness, such as hybrid and ensemble

TABLE 1 Key deep-learning techniques for optimising clinical pathways
under DRG payment models.

Core features and
application in
DRG-based
optimization

Technique/
model

Category

Analyzes imaging data
(e.g., MRI, CT) to improve
diagnostic accuracy,
CNNs ¢ >
supporting correct DRG
coding and reducing

unnecessary scans.

Foundational models
Processes sequential data

(e.g., ECGs) to predict
adverse events, helping
RNNs and LSTM
prevent costly

complications and

prolonged hospital stays.

Dynamically adapts

treatment strategies to
Reinforcement learning
balance clinical efficacy

with DRG cost constraints.

Processes unstructured and
multimodal clinical data to
Transformers improve coding accuracy
and build robust risk

Advanced models.

optimization models Models interdependencies

within clinical pathways to
GNNs
identify cost drivers and

optimize care sequences.

Combines the strengths of
other models (e.g.,

Hybrid models CNN + RNN) for more
accurate risk prediction

with multimodal data.

Enables model training
across multiple institutions

Collaborative and without sharing sensitive
Federated learning
privacy models patient data, improving

model accuracy while

ensuring privacy.

CNNG, convolutional neural networks; RNNs, recurrent neural networks; LSTM, long short-
term memory; GNN, graph neural networks; DRG, diagnosis-related group; ECG,
electrocardiogram; MRI, magnetic resonance imaging; CT, computed tomography.
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approaches, introduce implementation complexity that can strain a
hospital’s IT resources and expertise. Therefore, selecting the right
technique involves balancing predictive power against these real-
world operational and financial constraints. Figure 2 presents a
conceptual framework depicting how DRG payment levels for CVD
relate to key cost determinants and clinical deviations, the deep
learning techniques employed to address these challenges, and the
resulting objective of optimizing CVD management to meet
DRG requirements.

5 Applications of deep learning in
DRG-based cardiovascular care

The practical application of deep learning within DRG-based
systems offers tangible solutions to long-standing challenges in
cardiovascular care, particularly in managing costs and optimizing
workflows. The following examples underscore how various
techniques can address these challenges, ultimately enhancing both
patient outcomes and financial performance under a value-driven
reimbursement model.

5.1 Predicting intensive monitoring needs

Deep learning models, such as CNNS, can analyze clinical and
imaging data to predict which patients are at high risk for post-
operative complications like heart failure or arrhythmias. This
predictive capability is crucial for proactive resource management
within a DRG framework. For instance, studies on hybrid deep
learning models for heart disease prediction have reported accuracies
as high as 97.17% (Almulihi et al., 2022). By flagging high-risk patients
early, these models enable hospitals to optimize the use of high-cost
resources like ICU beds. In a DRG model, where the cost of an entire
hospital stay—including any necessary ICU care—is bundled into a
single fixed payment, this foresight is a critical financial strategy. It
helps prevent unforeseen cost overruns and ensures that intensive
monitoring is allocated to patients who need it most, thereby aligning

10.3389/frai.2025.1580445

clinical needs with budgetary realities (Almulihi et al, 2022;
Baccouche et al., 2020).

5.2 Identifying high-risk patients

Algorithms like LSTMs are used to stratify patients by risk, which
is not merely a clinical exercise but a core component of financial
management under DRG systems. For example, by analyzing temporal
data such as echocardiographic wall motion, deep learning models
can predict the risk of myocardial infarction with high accuracy. To
illustrate, one computational analysis demonstrated that an advanced
ensemble model could achieve sensitivity and specificity as high as 100
and 99%, respectively. It is important to note, however, that this high
performance was achieved through internal validation on a small,
public benchmark dataset (the Cleveland dataset, N = 303), not on a
large, diverse clinical cohort (Midhun et al., 2023). Under a DRG
model, accurately identifying patients at high risk for complications is
essential because these are the cases most likely to incur costs that
exceed the fixed reimbursement. This foresight allows hospitals to
implement targeted, cost-effective preventive strategies for these
specific patients, rather than applying costly interventions across the
board. By doing so, they can efficiently allocate resources to mitigate
the risk of financial losses from high-cost outliers, demonstrating the
value of Al in aligning patient care with DRG-based financial realities
(Midhun et al., 2023; Naidu et al., 2024).

5.3 Optimizing post-discharge care

Optimizing post-discharge care is a key strategy for hospitals
operating under DRG systems, many of which impose direct financial
penalties for high 30-day readmission rates. Machine learning models
are powerful tools for designing individualized post-discharge plans
that mitigate this financial risk. For example, a large-scale retrospective
study analyzing Taiwan’s nationwide health insurance database
demonstrated the potential of this approach. The study developed a
deep learning model that predicted 30-day readmission for survivors

(3) Methods for Improving (4) Achieved
Contributing Factors Objective
Deep learning
CNNs/RNNs/GNNs
Reinforcement Learning Optimizing
Transformers CVD
Hybrid Models Management
Federated Learning to Meet DRG
Models Standards
Ensemble Methods
Autoencoders

Self-Supervised Learning

A framework for optimizing CVD management using deep learning to align with DRG standards. DRG, diagnosis-related group; CVD, cardiovascular

(1) Standard (2) Factors Contributing
Requirements to Standard Deviations
Cost Determinants
Type of Surgery
Postoperative Infection
DRG Payment Arrhythmia
Levels for Heart Failure
CVD Imaging Studies
Medication Therapy
Comorbidities
Length of Hospital
Stay
FIGURE 2
disease; CNNs, convolutional neural networks; RNNs, recurrent neural networks; GNNs, graph neural networks.
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of in-hospital cardiac arrest with an Area Under the ROC Curve
(AUROC) of 0.862 (Lu et al., 2021). This enables hospitals to move
from a one-size-fits-all approach to a more targeted strategy:
accurately stratifying patients at discharge and providing cost-effective
follow-up interventions, such as telehealth monitoring, only to those
at highest risk. This precision is essential for preventing avoidable
readmissions and their associated DRG penalties (Marafino
etal., 2021).

5.4 Streamlining diagnostic pathways

In a DRG system, the initial diagnosis determines the entire
financial and clinical trajectory of a patient’s hospital stay. Deep
learning models, particularly CNNG, can streamline this critical first
step. By providing a rapid and highly accurate analysis of initial
diagnostic images, CNNs help establish the correct diagnosis faster
(Ghorbani et al., 2020). This early accuracy is vital for creating a
DRG-compliant clinical pathway from the outset, minimizing
diagnostic detours and redundant tests that are not separately
reimbursed under a bundled payment. This approach not only reduces
unnecessary procedures and their associated costs but also ensures
that resource allocation and treatment planning are optimized from
day one, increasing the likelihood that the total cost of care will remain
within the DRG benchmark (Liu J. et al., 2021; Goldsmith et al., 2025).

5.5 Improving surgical planning

For high-cost interventions like coronary artery bypass grafting
(CABG), surgical planning is a critical control point for DRG
management. Machine learning models have enhanced this process
by providing robust, data-driven decision support. For example, by
integrating patient demographics and imaging data, predictive models
can help clinicians choose the most cost-effective revascularization
strategy for a specific patient (e.g., CABG vs. PCI), a decision that
profoundly impacts the overall cost and DRG assignment (Ninomiya
etal, 2023; Cruz et al., 2024). Furthermore, studies evaluating CABG
procedures demonstrate that these models improve resource
allocation by predicting the likely complexity and needs of the surgery
in advance. This foresight ensures that resource-intensive interventions
are justified and planned efficiently, aligning the clinical plan with the
financial realities of a fixed DRG payment from the very beginning
(Cruz et al., 2024; Verma et al., 2022).

5.6 Validating workflow efficiencies in
acute care

For many patients, the clinical pathway and its associated costs
begin in the emergency department (ED), making workflow efficiency
in this setting critical for DRG management. Real-world
implementations have shown that Al tools can significantly streamline
these acute care pathways. For instance, studies emphasize that
CNN-based diagnostic systems for acute coronary syndrome (ACS)
in the ED not only improve diagnostic accuracy but also accelerate the
entire care process. By enabling faster and more accurate triage—such
as by rapidly identifying ST-elevation myocardial infarction (STEMI)
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from an ECG—these systems reduce time-to-treatment. Under a DRG
model, this acceleration is crucial for minimizing the length of stay
and preventing costly delays or diagnostic detours that are not
reimbursed. This demonstrates how validating and implementing
Al-driven workflow efficiencies directly contributes to better financial
and clinical outcomes within a bundled payment system (Liu
W. C. et al,, 2021; Demandt et al., 2025).

6 Integration into clinical workflows

For deep learning-driven optimizations to generate tangible
value within a DRG-based payment system, they must
be seamlessly incorporated into established clinical processes. Such
integration is not merely a technical challenge but a strategic
imperative, ensuring that Al tools directly support clinical and
administrative staff in meeting DRG-defined targets for cost and
quality. Key considerations, which are summarized in Table 2,
include:

6.1 Real-time decision support

Embedding predictive models into EHR systems is crucial for
managing the entire episode of care under a single DRG payment.
These tools enable clinicians to act on real-time, actionable insights at
the point of care (Adams et al., 2022). For instance, an RNN integrated

TABLE 2 A practical implementation framework for integrating deep
learning tools into DRG-based workflows.

Phase Key steps and considerations

Identify a high-cost or high-variance DRG to target.
Problem and
Define clear success metrics (e.g., reduce LOS, lower
scope definition
readmission penalties).

Assess quality, accessibility, and completeness of required data

Data and (EHR, imaging, etc.).
infrastructure Evaluate existing IT infrastructure and computational
resources.
Select an appropriate model based on the problem and data
Model type.

development and | Plan for rigorous internal and, crucially, external validation.

validation Conduct fairness audits to identify and mitigate potential
algorithmic bias.
Co-design user interfaces with frontline clinicians to ensure
usability.

Workflow Provide comprehensive staff training on how to interpret and

integration act on model outputs.

Ensure seamless integration into the EHR to avoid disrupting

clinical routines.

Ensure full compliance with regulatory (e.g., HIPAA, GDPR)
Governanceand | and ethical standards.

monitoring Continuously track key clinical outcomes and financial

metrics (e.g., ROI, cost-per-case) post-implementation.

DRG, diagnosis-related group; LOS, length of stay; EHR, electronic health record; HIPAA,
health insurance portability and accountability act; GDPR, general data protection
regulation; RO, return on investment.
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into an EHR can identify elevated readmission risks, prompting
timely interventions that can prevent a costly and often
uncompensated new admission. Studies have demonstrated that AI
tools embedded in EHRs can reduce adverse events significantly
through proactive alerts and tailored recommendations (Shetty et al.,
2022; Xiao et al., 2018; Choi et al., 2024; Zhao et al., 2021; Wu
etal., 2021).

Similarly, advanced decision support systems that integrate risk
calculators for conditions like sepsis or acute kidney injury lead to
measurable reductions in hospital-acquired complications (Zhao
etal, 2021; Wu et al., 2021). In a DRG environment, preventing such
complications is a primary financial strategy, as they can trigger a
cascade of high-cost services that are not adequately covered by the
initial bundled payment, thereby improving both clinical outcomes
and resource efficiency.

6.2 Interdisciplinary collaboration for
DRG-focused implementation

Successful Al implementation within a DRG framework mandates
a broad interdisciplinary collaboration that extends beyond the
traditional team of data scientists and clinicians. Crucially, this team
must include hospital administrators, financial analysts, and DRG
coding specialists. While clinicians provide essential domain expertise
to ensure model outputs are clinically relevant, it is the administrators
and financial experts who must align these innovations with the
specific financial targets and operational constraints imposed by the
DRG system (Adams et al., 2022; Henry et al., 2022). Studies have
demonstrated that this kind of collaborative design enhances not only
user satisfaction but also the successful adoption of tools aimed at
improving DRG-related outcomes (Ahmad et al., 2023; Mittermaier
et al., 2023; Elgin and Elgin, 2024). By fostering a culture where
clinical, technical, and financial stakeholders work together,
organizations can ensure that AI solutions are built not just to
be clinically effective, but also to be economically viable and
sustainable under a bundled payment model (Stogiannos et al., 2024;
Maleki Varnosfaderani and Forouzanfar, 2024).

6.3 Ensuring workflow compatibility

To be successful, Al tools must integrate seamlessly into existing
clinical workflows; in a DRG environment, any friction or disruption
translates directly into unreimbursed labor costs and potential delays
that can extend the length of stay. Prospective studies of the TREWS
sepsis early-warning system show that embedding an ML model
directly into the EHR—and co-designing interfaces with frontline
clinicians—can cut time-to-treatment and reduce LOS without adding
workflow burden (Henry et al., 2022).

Simplified interfaces and clear data visualizations are therefore not
just about user satisfaction, but are critical for minimizing the
cognitive and time burden on clinicians, whose time is a core resource
that must be managed within a bundled payment. Provider-adoption
analyses of the same TREWS system confirm that intuitive, human-
centred design is a key driver of sustained use at the bedside (Adams
et al., 2022; Choi et al., 2024).
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Similarly, a readmission-risk tool integrated into a multisite
EHR reduced 30-day rehospitalisations by targeting follow-up
resources only to high-risk patients, demonstrating the financial
value of seamless workflow integration under DRG penalties
(Marafino et al., 2021). Workflow compatibility also requires
tailoring systems to the specific needs of high-stakes departments,
such as critical care units. Embedding decision support that respects
the rapid-response culture of ICUs—rather than adding extra
clicks—helps optimise the most resource-intensive portions of a
DRG episode, thereby maximising both clinical and financial
efficiency (Henry et al., 2022).

6.4 Regulatory and ethical considerations
in DRG optimization

The integration of Al into DRG-based workflows necessitates strict
adherence to regulatory and ethical standards, particularly concerning
data privacy and algorithmic fairness. Ensuring patient data privacy
under regulations like GDPR and HIPAA is paramount, especially as
creating robust DRG prediction models often requires diverse, multi-
institutional data. Federated learning models offer a critical technical
solution to this challenge, enabling collaborative model training
without centralizing sensitive patient data (Ricke et al., 2020).

Perhaps the most significant ethical challenge is the risk that AI
models, when optimized for cost-efficiency under DRG constraints,
may perpetuate or even amplify health disparities (Obermeyer et al.,
2019). If historical data reflects that certain vulnerable populations
received less intensive care, an AI model might learn to recommend
lower-cost (and potentially suboptimal) clinical pathways for these
groups, creating a system of automated bias. Therefore, minimizing
bias is not just a technical goal but an ethical imperative to ensure
equitable resource allocation under DRG’s financial pressures.
Institutions must adopt rigorous fairness audits and transparent
frameworks to ensure that AI-driven optimizations genuinely improve
value for all patient demographics, not just reduce costs for the system
(Rajkomar et al., 2018).

6.5 Measuring impact on operational and
financial efficiency

To justify Al investment, continuous evaluation of both clinical
and operational outcomes is essential within a DRG framework.
Although isolating direct cost savings is challenging, robust
indicators—such as reduced length of stay, earlier antibiotic
administration, and more accurate early CMI forecasts for staffing and
theatre allocation—directly reflect Al-driven gains in DRG
performance (Liu J. et al., 2021; Adams et al., 2022).

6.6 Overcoming barriers to DRG-focused
Al implementation

Overcoming barriers to Al adoption is particularly challenging in a

DRG context, as it requires balancing clinical needs with strict financial
constraints. Key obstacles include developing models that are robust
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enough to guide real-world financial decisions, establishing clear
institutional policies on how to act on Al-driven cost-saving
recommendations, and accurately measuring the impact on
DRG-specific metrics.

Successful implementation hinges on strategic stakeholder
engagement, bringing together clinical teams with hospital
administrators, financial analysts, and data scientists to align on shared
DRG-related goals (Wolff et al., 2021). Phased rollouts and pilot
projects are essential, not just to test technical feasibility, but to validate
the economic return on investment (ROI) for specific DRG cohorts. By
proactively addressing these unique challenges, Al systems can
be integrated not merely as clinical aids, but as essential tools for
achieving financially sustainable, high-quality care in a value-based
payment environment (Bizzo et al., 2023; Smith et al., 2021).

7 Discussion

The convergence of deep learning, CVD management, and DRG
payment systems offers transformative possibilities for enhancing
healthcare delivery. This section synthesizes key insights and
challenges from the preceding analysis, providing a critical perspective
on the current state of these technologies and potential avenues for
further research.

7.1 Deep learning in CVD management:
bridging gaps in care

Deep learning models, such as CNNs and RNNs, have shown
significant potential in diagnosing and managing CVDs. For example,
studies demonstrate that CNNs can improve myocardial infarction
detection by analyzing imaging data, reducing unnecessary diagnostic
tests, and enabling timely interventions. RL approaches, particularly in
optimizing dynamic treatment strategies, have demonstrated promising
results. An RL-based system for coronary heart disease treatment
reduced estimated in-hospital mortality by 3.13%, showcasing its
potential to improve patient outcomes while aligning with DRG payment
benchmarks (Talaat, 2024; Guo et al., 2022; Drudi et al., 2024).

Despite these advancements, challenges remain in scaling these
technologies. Variability in data quality and limited interpretability of
Al models can hinder adoption. Additionally, integrating Al into
existing clinical workflows without causing disruptions requires careful
planning and stakeholder collaboration. Multidisciplinary approaches
that combine technological innovation with clinical and operational
expertise are essential. Furthermore, patient-centric strategies must
prioritize ethical considerations and equitable access to ensure that
technological solutions align with broader healthcare goals. By
addressing these barriers and leveraging the unique capabilities of deep
learning, healthcare systems can achieve enhanced clinical outcomes
and more efficient cost management under DRG frameworks.

7.2 Challenges in aligning deep learning
with DRG systems

DRG-based payment mechanisms emphasize cost containment
while maintaining high-quality care, posing unique challenges in
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CVD management. Key cost drivers—such as high-cost interventions,
longer hospital stays, and advanced diagnostic procedures—can
be mitigated by deep learning tools that identify at-risk patients
earlier, forecast complications, and recommend efficient resource
allocation. However, four major obstacles persist:

1) Standardization of Care: Variability in patient responses
remains a significant barrier to the implementation of
standardized care pathways under DRG reimbursement
structures. While recent studies highlight the potential of
advanced deep learning models to integrate multimodal data
(e.g.» EHRs, imaging) for improving comorbidity predictions,
challenges remain in generalizing these methods across diverse
patient populations. For instance, demonstrates the utility of
convolutional neural networks in mortality prediction, but
questions about model interpretability and scalability in
resource-limited settings persist (Pyrros et al, 2022).
Furthermore, emphasizes the integration of structured and
unstructured EHR data to address demographic variability,
enhancing the adaptability of predictive models in diverse
clinical settings (Nasarudin et al., 2024). Additionally, the
fairness-aware frameworks proposed address systemic biases
but require further validation in real-world settings with
heterogeneous data (Wang Y. et al., 2024). Future research
should explore robust mechanisms for ensuring both model
accuracy and equity, particularly in underrepresented
patient groups.

Data Quality and Accessibility: Inconsistent or incomplete
datasets significantly impede the training and validation of
predictive models. The literature highlights that high-
dimensional and multimodal data, including EHRs, often
suffer from issues such as missing values, poor data quality, and
a lack of standardization (He et al., 2023; Luo et al., 2022).
Advanced data integration approaches, such as combining
structured and unstructured data or generating synthetic data
using advanced generative models (e.g., diffusion models),
have been proposed to address these challenges (Nasarudin
etal,, 2024; He et al,, 2023). Furthermore, causal representation
learning frameworks have demonstrated potential for
mitigating biases and improving data stability across diverse
clinical environments, thereby enhancing the reliability of
predictive models (Luo et al., 2022). Future research should
prioritize the development of robust methodologies to
harmonize and enhance EHR data for improved model
performance and generalizability.

Financial Constraints: The high initial investment required for
deploying deep learning systems often poses a significant
barrier, particularly in resource-limited settings. According to,
financial constraints are exacerbated by a lack of clear return
on investment (ROI) in the early phases of implementation, as
well as skepticism regarding cost-effectiveness in the healthcare
domain (Chomutare et al., 2022). Similarly, highlights that
successful AI adoption in healthcare often depends on well-
structured funding models, including government subsidies,
public-private partnerships, and cost-sharing mechanisms, to
offset the financial burden (Joshi et al., 2022). Future efforts
should focus on creating sustainable financing strategies that
prioritize long-term benefits while addressing immediate cost
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barriers, ensuring equitable access to Al-driven solutions
in healthcare.

Operational Bottlenecks: The implementation of AI-driven
tools in healthcare management frequently reveals underlying
inefficiencies in hospital operations. According to, these
inefficiencies are often related to resource allocation, workflow
integration, and administrative processes. Addressing these
issues requires a dual focus on operational optimization and
the adoption of Al For instance, Al-powered systems have
demonstrated potential in streamlining resource allocation and
improving patient flow, yet their success heavily depends on
these with
infrastructures. Furthermore, proactive measures to identify

aligning technologies existing hospital
and resolve these inefficiencies during the implementation
phase can significantly enhance the overall effectiveness of
Al-driven solutions. This integrated approach ensures
smoother transitions, improved healthcare delivery, and

sustainable outcomes (Dubey et al., 2023).

7.3 Integration into clinical workflows

Effective integration of deep learning into clinical workflows
requires addressing both technical and socio-technical challenges.
Real-time decision support models embedded within EHR systems
can streamline diagnostics and reduce clinician workload. However,
as noted, their success depends on usability, trust, and alignment with
clinical workflows. For instance, studies have shown that Al tools
designed with clinician input can enhance adoption by addressing
user needs and reducing the cognitive burden of manual data input
(Rajashekar et al., 2024). Furthermore, emphasizes the importance of
transparency and ongoing education in maintaining clinician trust
and ensuring seamless implementation (Finkelstein et al., 2024).
highlights  the
interdisciplinary collaboration to adapt Al systems to the dynamic and

Beyond technical performance, need for
context-specific needs of clinical environments (Wang et al., 2023).
This ensures that the full potential of Al is realized, transforming
systemic care delivery by fostering better decision-making, improved

efficiency, and enhanced patient outcomes.

7.4 Addressing real-world evidence gaps

Despite progress in the application of deep learning, significant
gaps in real-world evidence persist, hindering its broad clinical
adoption. A primary challenge stems from the current literature’s
reliance on retrospective, single-center studies that often lack external
validation, limiting their generalizability across different patient
populations and healthcare settings (Srivastava et al., 2023; Lee et al.,
2022; Cai et al., 2024). To build trust and ensure clinical applicability,
there is a critical need for more robust, prospective, multi-center
validation studies that evaluate these Al models in diverse, real-world
environments (Lee et al., 2022). Moreover, a significant evidence gap
exists in the quantification of financial outcomes. While many models
claim the potential for cost savings, there is a scarcity of research that
rigorously measures the return on investment (ROI) of these tools in
terms of direct cost reductions or improved DRG margins (Cho et al.,
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2023). Bridging these evidence gaps through high-quality validation
studies and transparent financial analyses is essential for moving
Al-driven solutions from research to routine clinical practice.

7.5 Broader impacts and ethical dimensions

1) Equity in AI Deployment: AI deployment in low-resource
settings is hindered by prohibitive hardware costs, inadequate
data for model training, and a shortage of technical expertise.
Moreover, the diversity of global DRG systems poses an equity
challenge. AI models developed for complex North American
or European systems may perform poorly in regions with
different
modification risks creating “one-size-fits-all” solutions that

structures. Applying these models without
widen global health disparities. Therefore, to ensure fairness,
Al frameworks must be adaptable to local contexts.

Transparency and Trust: Clinicians and patients must trust AI
the of

interpretable models. Initiatives to demystify AI decision-

recommendations, underscoring importance
making processes, often through the application of Explainable
Al (XAI) techniques, can foster wider acceptance.

Continuous Learning: Al systems must adapt to new evidence
and shifting clinical guidelines. Dynamic models capable of
continuous updates ensure relevance while

avoiding obsolescence.

4) Limitations: This review provides a robust synthesis of
existing evidence but has limitations. It predominantly relies
on secondary data sources and may not fully capture
unpublished or emerging innovations. Additionally, while
this paper explores scalable solutions, further work is needed
to address

specific challenges in underrepresented

healthcare environments.

7.6 Future directions and research priorities
7.6.1 Technical and model development

1) Dynamic Model Adaptation: Continuous learning algorithms
that adapt to evolving clinical guidelines and patient
populations will enhance the relevance and accuracy of
Al tools.

Multi-Modal Data Integration: Combining genomic, imaging,
and patient-reported outcomes with EHR data can provide a
more holistic view of patient health, enabling personalized
care pathways.

Addressing Data Dependency: Researchers must develop
methods to reduce reliance on large-scale, labeled datasets,
such as self-supervised learning or synthetic data generation.
Advancing Toward Causal Inference: A critical future direction
is to move beyond correlation-based prediction to causal
inference. Developing models that can help explain why a
particular treatment pathway is likely to be effective for a
patient—not just predicting that it will be—will be essential for
creating more robust, trustworthy, and clinically actionable
Al systems.
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7.6.2 Clinical validation and implementation
science

1) Outcome Monitoring: Longitudinal studies are necessary to
validate and refine these technologies by tracking specific
DRG-relevant outcomes (e.g., length of stay, 30-day
readmission rates) alongside financial metrics such as total cost
per episode versus the fixed DRG reimbursement.
Resource Optimization Studies: Research focused on
optimizing resource allocation using Al insights can help
healthcare systems achieve cost-efficiency while maintaining
high care standards.

7.6.3 Accessibility, governance, and ethics
1) Scalability and Accessibility: Expanding access requires cost-
effective deployment strategies. Research should prioritize
lightweight, computationally efficient models for
low-resource settings, alongside modular AI frameworks
that can be adapted to diverse global DRG systems.
Leveraging cloud platforms and techniques like transfer
learning will be crucial to enhance scalability and overcome
data limitations.
Collaborative Networks: Establishing global networks for Al

development and deployment can facilitate knowledge sharing

2)

and accelerate advancements. Open-source platforms and cross-
border collaborations will be instrumental in scaling innovations.
Ethical Considerations: Tackling potential biases and ensuring
fairness in model recommendations will be crucial in
widespread Al adoption.

8 Conclusion

Deep learning offers significant opportunities to optimize
clinical pathways for CVD management, aligning with DRG
payment systems to balance cost control and quality care. While
challenges in data quality, workflow integration, and ethical
collaborative  efforts
data

administrators, and policymakers—can overcome these barriers. By

considerations  remain, among key

stakeholders—including clinicians, scientists, hospital

focusing on scalability, interoperability, and real-world validation,
deep learning-driven solutions can pave the way for a more equitable
and efficient healthcare system.
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