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Abstract

Purpose: Clinical decision support systems (CDSS) are advanced tools that enhance clinical decision-making by
integrating patient data with evidence-based evidence. In ophthalmology, these systems can potentially improve
diagnostic accuracy, optimize treatment plans, and streamline patient management. This narrative review aimed to
explore the current landscape of CDSS in ophthalmology, evaluating its applications, benefits, and limitations.
Methods: A systematic literature review was conducted, focusing on publications from the past decade that discuss
the development, implementation, and efficacy of CDSS in ophthalmology. PubMed, Scopus and Web of Science
databases were searched using relevant keywords. Articles were selected based on their relevance to clinical
outcomes, technological innovation, and integration into ophthalmic practice. Res#/s: The review identified vatious
CDSS applications in ophthalmology, including tools for diagnosing retinal diseases, glaucoma management, and
diabetic retinopathy screening. These systems leverage artificial intelligence (AI) and machine learning (ML)
algorithms to provide real-time suppott to clinicians. Despite their potential, challenges such as data integration,
user adoption, and regulatory approval remain significant barriers to widespread implementation. Conclusion:
Clinical decision support systems in ophthalmology offer promising avenues for enhancing patient care and clinical
efficiency. However, further research and development are necessary to address current limitations and ensure
these systems are effectively integrated into routine ophthalmic practice.

Keywords: Clinical Decision Support Systems (CDSS); Ophthalmology; Artificial Intelligence (Al) in Healthcare;
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Introduction

Clinical Decision Support Systems (CDSS) are advanced technologies that integrate patient-specific
information with medical knowledge to assist clinicians in making data-driven decisions. The fundamental
definition and components of CDSS are well articulated across various studies [1]. Clinical Decision Support
Systems integrate complex medical knowledge and algorithms into clinical settings to enhance diagnostic efforts
and improve patient safety. These systems typically include computer-based programs that provide differential
diagnoses based on clinical inputs. They also encompass tools like antibiotic management programs and
anticoagulation dosing calculators [2].

Studies further emphasize the crucial role of CDSS in evidence-based medicine. They underscore that CDSS
aid in capturing research and practice-based evidence into machine-interpretable repositories, thus bolstering
clinical decisions with current medical knowledge [3]. The studies also emphasize the importance of establishing
sustainable technical and methodological foundations and adopting best practices for workflow-sensitive
implementations [4, 5].
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Advancements in computing power, the availability of large datasets, and the development of sophisticated
algorithms have influenced the evolution of CDSS in ophthalmology [6]. Early systems were rule-based, providing
simple if-then recommendations based on pre-programmed clinical guidelines [7], but have evolved into complex,
data-driven models capable of learning from new data and offering personalized recommendations [8]. Balyen et
al. discuss the transformative role of artificial intelligence (Al), machine learning (ML), and deep learning (DL) in
automating ophthalmic diagnostics, especially for diseases like diabetic retinopathy (DR), age-related macular
degeneration (AMD), and glaucoma [9]. Artificial intelligence-based algorithms significantly enhance diagnosing,
managing, and predicting ophthalmic conditions such as DR, glaucoma, and AMD [9]. The efficacy of Al have
been highlighted, particularly deep learning, in improving diagnostic accuracy and treatment planning for DR, with
models achieving high sensitivity and specificity in diverse settings [10, 11]. In glaucoma, Al models enhance
detection and monitoring accuracy, leveraging advanced techniques like active and transfer learning [12, 13].
Artificial intelligence demonstrates potential in severity stratification and progression prediction for AMD,
providing performance comparable to human graders [14, 15]. Collectively, these advancements underscore the
transformative potential of Al-powered clinical decision support systems in enhancing ophthalmic care.

Despite major advancements in CDSS across fields such as radiology and oncology, integrating these systems
into ophthalmology continues to evolve. Studies indicate that regulatory approvals, clinician trust, and system
interoperability hinder Al adoption in ophthalmic practice [11, 16, 17].

This narrative review explored the current landscape of CDSS in ophthalmology, highlighting its applications,
benefits, and challenges. We examined various Al-powered CDSS across different ophthalmic subspecialties,
including DR, glaucoma, and AMD. The review discusses how these systems leverage advanced imaging
techniques, such as fundus photography, optical coherence tomography [OCT], and adaptive optics, to enhance
diagnostic accuracy and treatment planning. We also explore the integration of machine learning and deep learning
algorithms in CDSS, which have shown promising results in automated disease detection and classification. The
potential of CDSS to improve clinical workflow, reduce diagnostic errors, and enhance patient care is evaluated.
Additionally, we address the challenges in implementing CDSS in ophthalmology, including issues of
interpretability, user acceptance, and integration into existing clinical workflows.

Materials and Methods

Search Strategy

A well-planned search strategy is essential to obtain data. Various soutces were analyzed, including conference
papers, journal papers, case studies, etc. Furthermore, websites containing pertinent keywords, such as
"Ophthalmology" and "clinical decision suppott systems for ophthalmology," wete searched. Table 1 provides the
search terms and search strategy.

Table 1. Search strategy summary.

Items Specifications

Date of Search Feb 15t 2024 (first search), Aug 15t 2024 (second search)
Databases and other | IEEE, Google Scholar, PubMed, Scopus, Web of Science

sources searched

Search terms used “Ophthalmology”, “Age-related macular degeneration”, “Diabetic retinopathy”, “Glaucoma”,
“Clinical decision support systems”, “AI”, “Machine learning”, “Optical imaging”, “OCT”

Timeframe Jan 1st 2000—Aug 1st 2024

Inclusion Criteria Only papers written in English and published between the years 2000 and 2024 were considered
for inclusion

Selection process Both authors were involved in the literature review, manuscript drafting, and revision.

Types of Clinical Decision Support Systems in Ophthalmology
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Rule-Based Systems

Among the earliest decision support tools were rule-based CDSS. The functioning of these systems relies on
“if-then” logic, where pre-established rules steer clinical choices. Rule-based systems are frequently employed in
ophthalmology to manage prevalent conditions such as DR. For instance, by analyzing a patient’s retinal
examination data, the system can suggest appropriate follow-up intervals or specific tests depending on the severity
of retinal changes. While these systems are straightforward to implement, their limitations include a lack of
flexibility and an inability to adapt to complex cases where clinical nuances are critical [18-20].

Machine Learning-Based Systems

Machine Learning (ML) has revolutionized CDSS by allowing systems to learn from extensive datasets and
improve their accuracy. Machine learning-based clinical decision support systems (CDSS) in ophthalmology can
predict disease progression, customize treatment strategies, and even detect conditions with a precision level
comparable to that of human specialists [21, 22]. In a 2024 study, researchers developed and compared various
machine learning methods to predict the final vision prognosis of patients with OGI. The artificial neural network
(ANN) model exhibited the highest performance, with the sensitivity, F1 score, positive predictive value (PPV),
and accuracy of the ANN model being 0.81, 0.85, 0.89, and 0.93, respectively [23]. Machine Learning -based
systems excel in handling vast and complex datasets, rendering them essential in addressing a wide array of
ophthalmic conditions [24, 25]. Nonetheless, the lack of transparency in these systems, which obscures the
decision-making process, remains a challenge.

Image Analysis and Pattern Recognition Systems

In ophthalmology, imaging techniques such as fundus photography, optical coherence tomography [OCT], and
visual field testing play a significant role. The CDSS for image analysis utilizes sophisticated algorithms to examine
the images, detecting patterns and irregularities that might show a disease [20, 27]. For example, systems that
analyze OCT images can detect macular degeneration or glaucoma by measuring retinal layer thickness or
identifying characteristic patterns of damage [28, 29]. These tools assist ophthalmologists by providing a second
opinion, reducing diagnostic errors, and enabling earlier detection of diseases.

Clinical Pathway-Based Systems

By incorporating clinical guidelines and pathways, these CDSSs help guide clinicians in delivering standardized
care processes. Ophthalmology employs such systems to ensure adherence to best practices in procedures such as
cataract surgery or glaucoma management. The use of real-time prompts and reminders in these systems helps
minimize variations in care and increase compliance with evidence-based practices [30, 31]. They have a vital role
in ensuring that all necessary steps are followed in patient management, reducing the risk of oversight.
Nevertheless, these systems may exhibit rigidity and might not always cater to individual patient scenarios.

Electronic Health Record -Integrated Systems

Clinical Decision Support Systems atre increasingly being linked with Electronic Health Records (HER),
enabling seamless access to patient information and facilitating real-time decision support. Electronic Health
Record -integrated CDSS in ophthalmology can improve efficiency by automatically detecting abnormal test
results, suggesting appropriate next steps, and identifying patients at risk for specific conditions [32, 33]. The
integration with EHR ensures that the decision support is contextually relevant and aligned with the patient’s
medical history.

Applications of Electronic Health Record in Ophthalmology

Enbancing Diagnostic Accuracy

Improving diagnostic accuracy is one of the key benefits of using CDSS in ophthalmology. Ocular conditions
such as diabetic retinopathy, age-related macular degeneration (AMD), and glaucoma often present with subtle or
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intricate symptoms that can pose challenges in eatly detection |34, 35]. Recent advances in deep learning have
shown promise in surpassing traditional methods for detecting age-related macular degeneration (AMD) and
diabetic retinopathy (DR) [36]. Current studies focus on integrating explainable Al (XAI) to boost clinician trust
and system transparency, addressing a critical barrier to CDSS adoption in ophthalmology [37]. Electronic Health
Record, especially those integrated with advanced imaging technologies, plays a crucial role in early detection and
accurate diagnosis (Table 2).

a. Diabetic Retinopathy Screening

Diabetic retinopathy is a leading cause of blindness worldwide, and early detection is vital for preventing disease
progression [38]. Clinical Decision Support Systems can help automate the analysis of retinal images, detecting
microaneurysms, hemorrhages, and other signs of retinopathy [39]. By employing pattern recognition algorithms,
these systems can evaluate the severity of retinopathy and help clinicians identify high-risk patients who need
immediate intervention. Many studies have mentioned the application of supervised ML methods including
support vector machine (SVM), naive Bayes (NB), decision tree (DT), and K-nearest neighbors (KINN), and deep
learning algorithms including convolutional neural networks (CNN) in screening and early diagnosis of diabetic
retinopathy [10, 40]. Using 243 retinal images from Kaggle's EyePACS dataset, Lam et al. [41] have created an
algorithm for DR identification and have produced 1324 image patches to recognize hemorrhages (Hes),
microaneurysms (Mas), exudates (Exs), and neo-vessels (NV) from normal structures. 274 image patches are used
for testing and 1050 image patches are used for training the CNN model. The model has scanned the picture
patches using a 128 X 128 X 3 patch-trained GoogleLeNet-vl CNN sliding window to detect MAs and HEs and
produce a probability score for each of the five classes of DR. AlexNet, VGG16, GooglLeNet, ResNet, and
Inception-v3 have all been compared with the model's petformance on 274 test patches. The model has obtained
five-class binary classification accuracy of 74% and 79%, 86% and 90%, 95% and 98%, 92% and 95%, and 96%
and 98%, respectively [41]. An ensemble CNN method based on LeNet architecture has been presented by
Orlando et al. for the identification of HEs and MAs in DR detection. Pre-processing using r-polynomial
transformation, noise reduction with a Gaussian filter, noise avoidance with morphological operations, and image
patching to restore feasible red lesions have all been incorporated into the technique. The CNN is trained using
weight decay, cross-entropy loss function, and stochastic gradient descent (SGD). The Standard Diabetic
Retinopathy Database (DIARETDB1), MESSIDOR, and e-Ophtha are some of the datasets that the model has
been trained on and utilized for per-lesion identification and image-level validation. For a False Positive per Image
(FPI) value of 1, in the interval [1/8,1/4,1/2,1,2,4,8], the model has obtained per lesion sensitivity of 0.2885,0.202,
and 0.2 for combined, CNN, and hand-crafted features, respectively been observed for MAs detection in the
DIARETDB1 dataset [42].

b. Age-Related Macular Degeneration

Age-Related Macular Degeneration (AMD) is another condition where early detection is crucial. In
ophthalmology, CDSS can analyze Optical Coherence Tomography (OCT) scans to identify early signs of AMD,
such as drusen deposits or irregularities in the retinal pigment epithelium (RPE). These systems assist
ophthalmologists in making accurate diagnoses and initiating treatment early to prevent significant vision loss by
examining retinal layers in great detail [43, 44]. Several studies have highlighted the use of supervised ML methods,
including SVM, NB, DT, and KNN, in screening and eatly diagnosis of AMD [45, 46]. However, the majority of
them have demonstrated satisfactory outcomes with the use of CNN. In 2019, Butlina et al. [36] utilized CNN as
the classifier to identify various stages of AMD from fundus images. The primary focus of the study was to
determine whether deep learning could generate fundus images of age-related macular degeneration (AMD) that
retinal experts would perceive as realistic. Two retina specialists conducted equivalent diagnoses on actual versus
synthetic images. When diagnosing referable versus non-referable AMD, retinal specialist 1 achieved an accuracy
of 84.54% (error margin, 4.06%) on real images compared to 84.12% (error margin, 4.16%) on synthetic images,
while retinal specialist 2's accuracy was 89.47% (error margin, 3.45%) on real images versus 89.19% (error margin,
3.54%) on synthetic images [36].

¢. Glaucoma Detection
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Glaucoma is characterized by the gradual deterioration of the optic nerve, often associated with elevated
intraocular pressure. Through the analysis of visual field tests, OCT scans, and optic nerve images, CDSS can
effectively detect changes indicative of glaucoma. For instance, existing systems can identify abnormalities in the
retinal nerve fiber layer (RNFL) thickness, a key indicator of glaucoma, prompting further clinical evaluation. These
tools are instrumental in the early diagnosis of glaucoma, a critical step in preventing irreversible vision loss [47-

49].

Optimizing Treatment Planning

Besides diagnosing patients, CDSS plays a crucial role in optimizing personalized treatment plans for individual
patients, which is paramount in ophthalmology. Tailored treatment strategies can profoundly influence patient
outcomes.

a. Cataract Surgery Planning

Precise preoperative planning is essential for successful outcomes in cataract surgery, a commonly performed
procedure in ophthalmology. CDSS can assist in calculating the power of intraocular lenses [IOLs| by integrating
patient-specific details such as axial length, corneal curvature, and anterior chamber depth. These systems enhance
visual outcomes and reduce the likelihood of postoperative refractive errors by providing surgeons with optimized
IOL options [50, 51]. In addition to diagnostics, CDSS shows promise in optimizing surgical procedures. For
example, Al-based systems are increasingly employed for preoperative planning in cataract surgeries, guiding the
selection of intraocular lenses (IOL) based on patient-specific factors such as corneal curvature and axial length.
These systems enhance precision and improve postoperative outcomes [50].

b. Management of Retinal Diseases

Opting for the treatment of retinal diseases such as AMD and diabetic macular edema often involves choosing
between different anti-VEGE agents or laser therapies. Analyzing patient-specific factors, including disease
severity, previous treatment responses, and genetic markers, allows CDSS to offer guidance for these decisions.
For example, a CDSS could suggest the most appropriate anti-VEGF medication based on the patient’s genetic
predisposition to respond to a particular drug. This personalized strategy improves treatment efficacy [52].

¢. Glancoma Management

Balancing the reduction of intraocular pressure and minimizing side effects is crucial in glaucoma treatment.
CDSS can facilitate this by providing personalized treatment plans, which may involve the optimal combination
of medications or surgical interventions. Considering factors like disease progression rate, patient compliance, and
comorbidities, these systems assist clinicians in choosing the most effective treatment options [48, 53].

Improving Patient Monitoring and Follow-Up

Ophthalmology necessitates ongoing monitoring of chronic conditions to prevent disease progression and
effectively manage complications. Clinical Decision Support System can play a crucial role in patient monitoring
and follow-up, ensuring that patients receive timely care.

a. Automated Monitoring Systems

In cases such as diabetic retinopathy and glaucoma, where consistent follow-up is crucial, CDSS can be
integrated with telemedicine platforms to automate patient monitoring. For instance, home monitoring devices
can transmit data directly to a Clinical Decision Support System [CDSS]. Subsequently, the CDSS evaluates the
data and alerts healthcare providers of any signs of disease progression. This integration allows clinics to optimize
their resources, leading to enhanced patient care accessibility and decreased burden [54, 55].

b. Predictive Analytics for Disease Progression
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Predictive analytics can be used by CDSS to evaluate the probability of disease progression in individuals with
chronic eye conditions. These systems can analyze longitudinal data from EHRs to forecast which patients are
susceptible to deterioration and may require increased monitoring or timely intervention. When dealing with
glaucoma, a CDSS could scrutinize trends in intraocular pressure and visual field degradation to anticipate the
likelihood of rapid advancement. Such insights would empower clinicians to adjust treatment approaches
accordingly [56, 57].

Supporting Clinical Research and Evidence-Based Practice

Clinical Decision Support System also plays a crucial role in advancing clinical research and promoting
evidence-based practice in ophthalmology. By utilizing extensive datasets and integrating clinical guidelines, these
systems can generate innovative insights and promote the implementation of optimal approaches.

a. Data-Driven Research

By analyzing extensive clinical data, CDSS can detect patterns, relationships, and outcomes associated with
different ophthalmic treatments. This skill is advantageous in producing practical evidence that can inform clinical
practice guidelines [58, 59]. For example, by analyzing data from multiple cataract surgeries, a computerized
decision support system (CDSS) could identify the factors that affect the effectiveness of different intraocular lens
[IOL] types in specific groups of patients. This would improve surgical techniques and the overall outcomes for
patients.

b. Guideline Adberence

It is crucial to adhere to clinical guidelines to uphold high standards of care in ophthalmology. CDSS can aid
clinicians by offering immediate reminders and recommendations that are in line with the most recent guidelines.
For instance, when dealing with diabetic retinopathy, a computerized decision support system [CDSS] can remind
the healthcare provider to conduct particular tests or adhere to specific protocols, guaranteeing that the patient
receives treatment according to the most current evidence available [59].

We summarize the previous studies’ purpose and main findings considering the designing and applications of
various clinical decision-supporting systems in ophthalmology in Table 2.

Table 2. Literature review summary considering vatrious types of Al-based CDSS in ophthalmology.

(2006) [60]

screening of diabetic retinopathy.

Auth
uthors Purpose Main Findings
[year]
Kahai et al |Designing a CDSS for automatic |In terms of classifying microaneurysms, the system's sensitivity is

100% and its specificity is 67%. About 10 nanoseconds is the
computing time, which mostly depends on the detecting technique.

Chia-Ling et al.
(2008) [601]

To present the retinal image vessel
extraction and registration system,
an integrated suite of cutting-edge
digital
analysis that is available to the

tools for retinal image
community of retinal physicians,

researchers, and study directors.

Significant progress in retina-related clinical diagnosis, analysis of
longitudinal changes, research on the retinal vasculature, visualization
of the entire fundus at full resolution from multiple low-angle views,
and objective, quantitative computer-assisted scoring of clinical trial
imagery can all be made possible by this integrated Internet-based
system.

Jegelevicius et

al. (2009) [62]

A web-based application for signal
and image analysis techniques and
algorithms, as well as a database of
data,
construct a prototype of a network-
based

system.

clinical are needed to

clinical decision support

Clinical decision support may take a comprehensive approach with the
use of network-based databases and integrated analysis of the
parameters acquired by applied techniques.

Skevofilakas et
al. (2010) [63]

To create a Decision Support
System (DSS) that can predict a

The DSS is a hybrid architecture that combines an enhanced Hybrid
Wavelet Neural Network ({HWNN) with a Feedforward Neural
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Authors
[year]

Purpose

Main Findings

of
retinopathy in individuals with
Type 1 Diabetes Mellitus (TTDM).

patient's  risk developing

Network (FNN), a Classification and Regression Tree (CART), and a
Rule Induction C5.0 classifier.

The DSS has shown an excellent performance resulting in an accuracy
of 98%.

Kumar et al
(2012) [64]

To design a CDSS to predict
diabetic retinopathy from fundus

The retrieved data includes the vein diameter, main and branch vessel
thickness, and optic disc parameters. For classification, various types

images. of neural networks have been employed. The SVM classifier is
discovered to have a lower rate of false rejection and acceptance than
other classifiers. After verification, the suggested system's accuracy was
97.47%.
Fraz et al |This study presents a linear|The three publicly accessible DRIVE, STARE, and MESSIDOR
(2013) [65] discriminant analysis-based | datasets are used to assess the methodology. The technique is a good

approach for segmenting retinal
blood vessels based on pixel

classification.

tool for automated retinal image analysis since it is computationally
quick and performs similatly to other approaches that have been
published in the literature.

Prasanna et al.

(2013) [66]

To propose a low-cost and portable
smartphone-based decision
support system for initial diabetic
retinopathy ~ screening  using
sophisticated image analysis and

machine learning techniques.

The average sensitivity of the CDSS system to detect diabetic
retinopathy based on fundus images was 86%.

Bourouis et al.

(2014) [67]

To design a  mobile-based
intelligent CDSS for retinal disease

diagnosis.

This mobile diagnosis device analyzes the retinal images obtained by
the microscopic lens using an artificial neural network algorithm to
diagnose retinal disease.

According to the evaluation results, the system has an accuracy rate
>87% for detecting retinal diseases.

Romero Aroca

To develop a CDSS for diabetic

A fuzzy random forest, or collection of fuzzy decision trees, was the

et al. (2019) | retinopathy screening. foundation of the CDSS. Predicting features include current age,

[18] gender, DM duration and treatment, arterial hypertension, body mass
index, HbAlc, estimated glomerular filtration rate, and
microalbuminuria. The accuracy of the CDSS was 80.76%, sensitivity
was 80.67%, and specificity was 85.96%

Sajitha et al. | Using machine-learning models to | The Naive Bayes classifier, linear and kernel Support Vector classifiers,

(2021) [68]

diagnose glaucoma.

decision tree classifier, Adaboost, random forest, and eXtreme
Gradient Boosting (XGBoost) classifier were the seven classifiers
that were compared in the suggested system. The discrimination of eye
gaze features of glaucoma and normal is efficiently done by XGBoost
with an accuracy of 1.0.

Hwang et al.|Using the convolutional neural|The detection accuracy of the Al platform was consistently above 90%,

(2019) [069] networks to diagnose AMD based | much better (p < 0.001) than that of medical students (69.4% and
on OCT images. 68.9%) and comparable (p = 0.99) to that of retinal experts (92.73%

and 91.90%).

Emde et al.|To develop a machine learning|In upcoming clinical studies, this artificial intelligence-based analytical

(2019) [70] method to predict the mesopic and | technique—referred to as "inferred sensitivity"—may be utilized as a
dark-adapted [DA] retinal | quasi-functional surrogate endpoint to assess the distinct impacts of
sensitivity of neovascular age- | retinal structural abnormalities on cone and rod function in nAMD.
related  macular  degeneration
[nAMD] eyes.

Heo et al.|To develop a deep learning-based | In comparison to manual review by first-year residents, the prediction

(2020) [71]

CDSS for AMD diagnosis using
fundus images.

and validation findings produced using the AI AMD diagnosis model
demonstrated relevant performance and appropriateness as well as
superior diagnostic accuracy.
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Authors Purpose Main Findings
[year]
Abramov et al. | Using deep learning algorithms for | Demonstrated high diagnostic accuracy [sensitivity 87.2%, specificity
(2018) [72] DR screening,. 90.7%] comparable to ophthalmologists.
Gulshan et al. | Using CNN for DR screening. Achieved sensitivity of 97.5% and specificity of 93.4% in detecting
(2019) [73] referable diabetic retinopathy.
Burgansky- To investigate whether machine | Using eight parameters, the support vector machine produced the
Eliash et al.|learning models could improve the | greatest area under the ROC curve [AROC] for the glaucoma diagnosis
(2005) [74] performance of OCT glaucoma | (0.981).
detection.

Challenges and Future Directions

While the applications of CDSS in ophthalmology are vast and promising, some challenges need to be addressed
to maximize their potential [35].

a. Integration with Clinical Workflow

One of the major obstacles is the smooth integration of CDSS into the clinical workflow. If a system is difficult
for users to navigate or interrupts the seamless provision of patient care, it may not be adopted on a large scale,
regardless of its potential advantages. Therefore, future developments in CDSS should focus on creating intuitive
interfaces that complement, rather than complicate, clinical practice [17, 75].

b. Data Privacy and Security

The use of CDSS involves handling sensitive patient data, which raises concerns about privacy and security.
Ensuring that these systems comply with data protection regulations and are secure from cyber threats is essential
for maintaining patient trust and protecting healthcare data [76, 77].

¢. Transparency

Many advanced CDSS, particulatly those based on machine learning, operate as "black boxes," where the
decision-making process is not transparent. This lack of explainability can hinder clinician trust and acceptance of
these systems. Future research should focus on developing explainable Al models that provide insights into how
decisions are made, thereby increasing clinician confidence in CDSS recommendations [37]. While CDSS holds
substantial potential, the ‘black box’ nature of many Al models poses challenges regarding transparency and
clinician trust [75]. To address these concerns, implementing explainable Al (XAI) and ensuring that CDSS comply
with strict regulatory standards for patient data privacy is essential for their successful integration into ophthalmic
care [75].

Future research should aim to create multi-modal CDSS systems that integrate data from various diagnostic
tools like OCT, genetic tests, and patient history [73]. Additionally, it is imperative to conduct longitudinal studies
to validate the clinical utility of Al-based CDSS and ensure they are adaptable to diverse patient populations [22].

Discussion

By incorporating Clinical Decision Support Systems (CDSS) in ophthalmology, there is a profound shift
towards improving diagnostic accuracy, optimizing treatment protocols, and ultimately enhancing patient
outcomes. This narrative review has explored the multifaceted roles of CDSS, underscoring their potential benefits
and current limitations.

Using CDSS in ophthalmology has improved data management and decision-making. By using extensive clinical
data, these systems enable more precise diagnoses, offer evidence-based recommendations, and improve workflow
efficiency. CDSS can be useful in the timely detection and effective management of conditions such as AMD and
DR, which are often difficult to diagnose during their initial phases. By using advanced algorithms and machine
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learning techniques, CDSS can accurately analyze retinal images and other diagnostic data. This might help identify
abnormalities that human clinicians may miss.

Implementing CDSS in ophthalmology has shown promising results in improving the quality of care. These
systems standardize diagnostic criteria and treatment protocols, resulting in less variation in clinical practices and
ensuring more consistent patient care in various settings. Consistency is of utmost importance in ophthalmology,
as minor differences in the way diagnostic interpretations are made can have a profound impact on the success of
treatments.

Clinical Decision Support Systems improves the ability to provide personalized medical care in ophthalmology.
By incorporating patient-specific data, such as genetics, demographics, and medical history, these systems
customize treatment plans to meet the unique needs of each individual. Customized recommendations are vital for
effectively managing chronic conditions like glaucoma. This is important in ensuring proper control of intraocular
pressure and the preservation of vision. Customizing care plans using extensive data sets not only enhances patient
outcomes but also maximizes resource utilization.

Despite these advancements, there are still several obstacles that hinder the widespread adoption and
implementation of CDSS in ophthalmology. Integrating these systems into current electronic health record [EHR]
systems and clinical workflows poses a major challenge. The implementation process can be complicated by
problems with interoperability and the need for seamless data exchange. The matter of gaining trust and acceptance
from clinicians is also a concern. The success of CDSS relies heavily on users having confidence in the system’s
recommendations, which can only be achieved through ongoing validation and education.

Clinical Decision Support Systems poses additional challenges regarding ethical and legal concerns. Using
automated systems raises concerns regarding who is accountable, especially in diagnostic errors or negative results.
Clear guidelines must be established for the use of CDSS, which should clearly outline the responsibilities of both
clinicians and the systems. To address these concerns, it is important to make sure that CDSS functions
transparently and that clinicians can easily understand and interpret its recommendations.

The quality and representativeness of the data used to train CDSS in ophthalmology plays a crucial role in
determining their effectiveness. Diverse and comprehensive datasets are necessary to ensure the effective
performance of CDSS in various patient populations and clinical situations. Creating comprehensive and inclusive
datasets will play a crucial role in enhancing the precision and applicability of these systems.

Clinical Decision Support Systems in ophthalmology has a bright future ahead, especially with the progress
made in artificial intelligence (Al) and machine learning. As these technologies continue to advance, we can expect
the development of even more advanced systems that offer real-time decision support and predictive analytics.
Further research should prioritize the improvement of these technologies, tackling the previously mentioned
obstacles, and confirming the clinical significance of CDSS through extensive multicenter studies.

In summary, implementing Clinical Decision Support Systems in ophthalmology is a significant step forward,
as they offer improved diagnostic capabilities, personalized treatment options, and greater consistency in patient
care. Despite the existing challenges, including integration, acceptance, and data quality, the potential advantages
of CDSS are significant. Through addressing these challenges and pushing the boundaries of technology, CDSS
has the potential to become an essential element of modern ophthalmology, ultimately leading to enhanced patient
outcomes and more effective healthcare delivery. It is imperative to continually refine these systems to maximize
their effectiveness, as the continuous evolution and integration of CDSS will be pivotal in shaping the future of
ophthalmology.

To sum up, CDSS in ophthalmology shows potential for improving diagnostic accuracy and treatment planning,.
However, realizing their full potential depends on ongoing collaboration between Al developers and clinicians to
ensure these systems are effectively integrated into clinical workflows and provide timely, actionable insights.
Future advancements will hinge on addressing current challenges in data integration, transparency, and regulatory
approval.

List of Abbreviations: CDSS: Clinical Decision Support Systems, ML: Machine learning, AI: Artificial intelligence, DL: Deep
learning, DR: Diabetic retinopathy, AMD: Age-related macular degeneration
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