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1. Introduction to Clinical Decision Support Systems

Healthcare providers have to make many decisions as they work through the diagnostic and
treatment processes. The Clinical Decision Support Systems are designed to facilitate these
decision-making processes by providing computer-based advice to health providers. The
importance of having a computer system to help in decision-making, especially in critical care,
is well accepted today. The need to have an effective and efficient CDSS integrated into the
day-to-day operations and clinical practice has also been emphasized. The key role of CDSS
is to facilitate treatment planning by automating clinical knowledge in such a way that it
supports integrated care. Such diagnostic systems have the potential to significantly improve

patient outcomes by providing accurate and reliable results to the users.

Having CDSS in the healthcare domain allows clinicians to be advised through different
perspectives that may have been overlooked due to their busy schedules. The significance of
CDSS, especially in diagnosing medical conditions, is increasing rapidly with the increase in
the digitization of the complete healthcare system. A significant growth has been observed in
the data that is to be processed, which is increasing the reliance on artificial intelligence
solutions for better image and non-image diagnostics. While designing such systemes, it is also
important to take into account the characteristics that would make such systems successful
and acceptable to the users and healthcare practitioners. Considerable research has been

carried out to design CDSS, but there needs to be continual research to improve upon them.

1.1. Definition and Importance
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1.1.1. CDSS Defined. A Clinical Decision Support System (CDSS) is a concept rooted in the
premise that clinical expertise can be synthesized, codified, and transferred into a computer-
based information system to improve healthcare delivery. An intrinsic part of healthcare,
clinical decisions are the very crux of healthcare services. As such, an increasingly manifest
concern is how healthcare providers can, in their decision-making process, develop
confidence in the information they use, know that a set of diagnostic tests is valid, recognize
the way that a patient’s data fits a particular prototypical profile of a disorder, and hence, be
assured that the clinical decision is correct in each case. This is not always a simple task,
particularly in the face of widely variable rates of disease and conditions, as well as the
sometimes meaningfully non-repudiable quality of laboratory assessments or even patient-

reported outcomes.

1.1.2. How CDSS Can Aid in Clinical Decision-Making Processes. CDSS can be potent tools,
integrating patient data, internally led hard-won lessons, and best practices that are often
found within evidence-based guidelines. Due to the purview of CDSS, the utilities of such
systems are multifaceted, extending to the improvement of diagnosis and treatment of
diseases earlier in the development course. These capabilities are practically useful in areas
such as telemedicine or telehealth, homeostasis, and vital sign regulation systems, as well as
long-term care facilities. CDSS real-time assistance is particularly useful in decision-making,
where the need for rapid, sound clinical choices can largely increase patient safety and health
outcomes. In an era of increasing healthcare demands, pervasive clinician shortages, and
health systems overburdened by providing timely care, CDSS work to abate circumstances
that contribute to poor quality of care, bringing forth added value for clinicians by improving
decision-making, thereby decreasing error and misdiagnosis, as well as discussions among
clinic staff. Improved diagnostic accuracy, as well as early, evidence-driven treatment, can
result in a longer-term reduction in healthcare over-expenditure, particularly when
considering data-driven early intervention utility in disease. The time of medical transactions
and ease of use have both been shown to lead toward the adoption and successful use of
CDSS. This raises the question of translation regarding which technologies and human factors
are important to move from proof of concept to clinically valid forms of the proposed tool.
Continued research in this field is needed, including directions into health psychology and
technology and how these mixed areas can manifest toward a proof of utility for clinicians

and patients, as well as issues related to computer science, such as data federation and
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diagnosis harmonization across multiple clinics and EMR platforms. CDSS adoption and

efficacy can, in turn, lead to better and more efficient healthcare systems writ large.
1.2. Evolution and Current Landscape

In 1954, the first clinical decision support system (CDSS) was introduced, shortlisting possible
diagnoses after analyzing the post-infection symptoms of a hospital in San Francisco. The
development of the HELP system in 1968 first introduced advanced clinical decision support
rules grouping, which segmentally analyzed the patient’s clinical information and could alert
the clinician of high-risk medication based on the patient’s renal function. The MYCIN system,
developed in 1976, was the first to include failure modeling of complex systems for the
treatment of infectious diseases. MYCIN aimed to mimic the human reasoning behind

differential diagnosis and antimicrobial drug selection.

Since 2000, major standards and infrastructures emerged to better consolidate the interactions
of CDSS over interoperable electronic health records, providing ways to inter-combine such
systems and make preferable decision trees. As a result, around 300 CDSSs were identified in
a report, and studies counted at least 350 other works worldwide. In the last decade, different
successful paradigms have demonstrated better performance for CDSS, especially those based
on artificial intelligence and advanced machine learning known as deep learning, motivating
major industry advances in modern healthcare systems. Consequently, the current CDSS
landscape has seen a move from older expert systems and rules-based methods to integrate
into advanced analytics and algorithms that manage large-scale and distributed data.
Moreover, one of the main and newest major ends advocated for modern CDSS technologies

is their strong support for EMR/EHR integrations and modern cloud support.

Newer Al-driven “intelligent” CDSSs have already been deployed in the industry and are
characterized as having more than one latest algorithm being employed; processing over
unstructured clinical EMR; predictive classification algorithms; big data in high-throughput
computational distribution systems; and an emphasis on outcome support and
interoperability with existing EMR/EHR. The predictive assistance is usually refined by
reviewing past clinical practice and represents “intelligent” CDSS in clinical practice. Newer
Al-assisted systems can create predictive models that handle unstructured clinical data and
large datasets distributed in healthcare systems—something rule-based CDSSs of the past

could never achieve. Moreover, newer CDSSs become a separate tool, meaning they are
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operational and not just research-oriented and can also be integrated into an EMR for
interoperable use. The newer systems perform with higher predictive precision on external
validation cohort datasets, thereby externally and not only internally validating the predictive

models and algorithms.
2. Role of AI in Healthcare

Healthcare has emerged as one of the blossoming industries in terms of personalized and
intelligent services that are at the forefront of developing and integrating modern
technologies. The technologies and innovations in healthcare are responsible for saving lives
and improving the quality of life worldwide. The demand for digital transformation in
healthcare is surging to deliver digital experiences, enable connected health, and foster
innovation. The healthcare IT landscape has seen dynamic transformations over the last
decade, with integrated data-driven technologies leading the innovation curve in different
domains. Big data, artificial intelligence, machine learning, natural language processing,
cognitive computing, blockchain, and other innovations are increasingly being used to
advance healthcare. Additionally, computational medicine is facilitating and accelerating new

therapy discoveries. Al-based health applications have the potential for huge economic value.

The adoption of Al in healthcare is rapidly accelerating and transforming services ranging
from administrative support, logistics, and decision-making to complex treatment.
Enterprises are adopting machine learning and artificial intelligence to improve patient
experience, enhance patient outcomes, and reduce the cost of healthcare delivery. By using
artificial intelligence, providers can offer a more personalized treatment approach, predict
disease and negative health outcomes, prescribe treatment options, and develop rapid
diagnostic tools. Some of the potential Al applications that are already under development in
the healthcare industry include virtual intervention for mental health, customer-based
telemedicine, Al-based management solutions, algorithm-based diagnostics, radiology,
innovation toolkits for drug R&D, and cognitive computing for healthcare, among others. Al
in the healthcare context has great potential and carries great responsibility. Integrating and
applying Al solutions for automating clinical decision support systems can harness expert
decisions through segmentation, parsing text into meaningful terms, normalizing terms, and
increasing the resolution of decision parts by improving the performance of decision support

systems. Frequently, big data solutions and clinical support assist in identifying new clinical
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questions and refining the solvable responses. With the added feature in the decision support

systems phase, it enhances clinical workflow and patient satisfaction.
2.1. Advantages of Al in Clinical Decision Support Systems

Al has advanced rapidly in the past few years, and its application in healthcare is becoming
possible. Traditionally, clinical decision-making has been foundational in the medical
sciences. Although certain elements of medical procedures have been based on algorithmic
predictions, with the advent of computing, medical science is gradually being overtaken by
quantitative predictions. This evolution is becoming disruptive. Algorithms based on machine
learning, particularly deep learning, are being used increasingly on complex medical issues
such as diagnostic and treatment algorithms, population health risk management, reducing
physician burden, and enabling personalized medicine. This will improve patient care for
those with pending health issues, meaning accurate diagnosis and specific treatments tailored

for each individual patient.

Al can automate the time-consuming processes of data extraction from medical records,
generate algorithms that can be used to predict which patients are at risk for a given health
issue, cluster healthcare service providers into risk classes, create disease treatment
algorithms, and design patient engagement applications. It offers scalable, cost-effective
technology for clinical decision support programs that are often based on clinical protocols.
Al incorporates all the changeable data points and extends beyond predictive analytics with
dynamic, real-time learning abilities. Al can effectively serve as a force multiplier for a wide
range of clinical decision support management. The purposes of many Al-based clinical
support applications are evolving. Al can take on cognitive tasks traditionally performed by
physicians and is increasingly capable of replacing specific tasks traditionally performed by

physicians, such as diagnosing cancer more accurately than humans.
2.2. Challenges and Limitations

Limited scaling and applicability of expert rules knowledge: Rules-based systems are built
based on the explicit knowledge provided by human experts. If an expert does not have strong
prior knowledge in the specific domain, it becomes challenging for developers to capture,
transfer, and represent the domain knowledge in the form of rules. Besides, extensive

computational requirements and developers' limited cognitive perception in capturing expert
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rules also lower the scale and utility of traditional reasoning engine-based systems. We often
end up selecting a set of clinical conditions to implement when developing rules-based
models. As a result, the model sometimes fails to be transferred and scaled for other novel
conditions, and the generality of the model dramatically degrades. The effort to cover every
possible test case, including various exception scenarios, is significantly high, and expert rules

could never replace the extensive knowledge stored in a human brain.

Interpretability /explainability of the decision: Model interpretability and explainability are
critical to promote trust, detect bias, and improve the model's transparency. Although
transparency is crucial in systems designed for medical decision-making —explaining why a
model generated a prediction aids in the understanding of model outputs and ultimately
helps build confidence with the user —non-tree-based machine learning models are known
for their high level of complexity, making them difficult to interpret in state-of-the-art decision
support systems. The reason is that models like random forests, gradient boosting machines,
and deep neural networks are black boxes and do not provide explicit justification for their
decisions. As a result, for computer doctors and other clinical applications, the non-
interpretable models cannot be directly applied. Furthermore, in the medical field, especially
in decision-making support systems, high transparency and interpretability are encouraged —
not only by doctors, especially if the system is augmented by advanced or opaque algorithmic
techniques —but also by users and local and external regulators, making transparency an

important feature of any clinical system.
3. Machine Learning in Healthcare

The application of machine learning (ML) in medicine has the potential to bring about far-
reaching transformation. In healthcare, ML is employed mainly under three strategies:
supervised learning, unsupervised learning, and reinforcement learning. Each of these three
strategies has its unique benefits. Supervised learning can be used in clinical systems for the
analysis of huge datasets, such as X-rays or scans for the purpose of grouping, identifying
similarities, or pointing out the presence of any singularity. Supervised ML can also be
employed to prioritize clinical visits effectively. Unsupervised learning can be utilized as a
feasibility tool to create new pharmacological and non-pharmacological treatment techniques
so that new patients experiencing a rare condition can be supported. Reinforcement ML

models, on the other hand, aim to maximize clinical outcomes and thus can be supportive in
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identifying interventions effective in prolonging patient survival or cutting down system

costs.

In a clinical setup, ML algorithms of various kinds, especially neural networks, have yielded
validated solutions where machines can learn by the observation of examples or the use of big
data. Supervised ML algorithms, when trained sufficiently, have led to enhancement in
diagnostic accuracy. From the perspective of clinical decision support systems (CDSS),
supervised ML is extremely relevant in that the techniques can learn from and thus transform
the common treatment strategies in the process of identifying rare and exceptional patterns.
Similarly, unsupervised ML models show potential when employed in concert with pattern-
matching scenarios with similar cohorts, and they help classify the event types applying
methods of clustering and centroids. Another area in which ML models have shown a
measure of utility is their ability to improve clinical pathways, thereby enhancing the clinical
workflow system. Reinforcement ML models also have the capability of maximizing clinical
outcomes. Indeed, they can minimize unnecessary intervention, optimize the strategy for
utilization of resources with minimal expenditure, and improve the quality of life of the
patient by minimizing unwanted exposure to medical procedures. Reinforcement ML models
are a powerful tool to change clinical practice or strategy. Such models can also help in
prioritizing the footfall in clinical practices and thereby optimally distribute the patient to
resource utilization. However, various challenges exist when the subject of ML patterns for
deployment in a clinical practice is addressed. Data quality in an unstructured manner or from
each clinical practice must be secured. The clinical validation of the patterns reproduced has
to be scrutinized closely, considering the impact on the patient’s well-being. In healthcare, the
technology must be genuinely neutral or beneficial to patient well-being and should not cause

any harm.
3.1. Types of Machine Learning Algorithms

Can a synergy between Al and clinical practice improve patient care? This text focuses on
automated clinical decision support systems (CDSS) as a potential application of machine
learning in health care. In this context, we categorize and provide an in-depth comparison of

different machine learning methods.

Types of Machine Learning Algorithms In rapidly evolving algorithmic systems, three main

types of machine learning exist: supervised, semi-supervised, and unsupervised learning. In
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supervised learning, items are trained with desired input-output pairs, using feedback from
the system to guide learning. This category is applicable in the case of complete training sets;
however, this situation is not always feasible within clinical scenarios. Although some
limitations of supervised approaches can be mitigated through semi-supervised learning —
where the two objectives are to generalize and to regularize — such applications are still under
development. Unsupervised learning, where all examples are unlabelled, has shown promise
for distributing patient profiles. Classification and clustering are two major approaches to
machine learning that can be applied to automated CDSS. Understanding this taxonomy is
essential to properly select a suitable machine learning technique, which will be discussed in

these sections.

Various machine learning methods are available to develop a clinical decision support system.
A Bayesian belief network can aid in predicting outcomes in cystic fibrosis. A neural network
may help predict Clostridium difficile infection, and a support vector machine can enhance
the accuracy of colonoscopy diagnostics. Each machine learning algorithm is associated with
certain advantages and disadvantages. Artificial neural networks are robust in coping with
non-linearity, but selecting a different number of hidden layers within the network may
impact their performance. Logistic regression is easier to interpret and has reduced
requirements in terms of hand-engineered feature identification. The decision tree is a widely
used method for classification but can be sensitive to small input perturbations. Random
forests use the benefits of decision trees while also addressing this disadvantage. In contrast,
support vector machines possess the robustness to ignore noise within the input dataset.
Hence, it is of particular importance to understand the characteristics of the data to choose the
correct machine learning tool. Finally, ensemble methods are becoming an appealing option
within research on clinical decision support systems. These comprise a large set of machine
learning algorithms that work together to produce a function that has intentions superior to

each underlying component algorithm in the ensemble.
3.2. Applications in Clinical Decision Support

Machine learning (ML) is increasingly employed in clinical decision support systems and is
bundled as an application in electronic health records. These applications pool electronic data
to inform care recommendations, such as diagnosis and treatment options for individual

patients based on their personal and clinical characteristics. This personalization can be
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achieved in several ways, such as the use of predictive and prescriptive analytics. In many
healthcare systems, predictive models are either in use or being developed for the following
areas: identification of high-risk patients based on symptoms for further testing, stratification
of patients based on clinical and personal characteristics to improve care, and identifying

those that may require additional monitoring prior to, during, and after a hospital admission.

It is commonly observed in most clinical cases that research has produced many diagnostic
decision trees to enable medicine to progress and can market it in real-life patient care settings.
A computer-based decision support system or just anterior segment photography was used
to decide if a patient developed cataracts or diabetic retinopathy. Computer-based decision
support systems, using clinical data, reduced the number of ophthalmic clinics by about 50%
for asymptomatic people and 65% for those with symptoms. Furthermore, a new method for
monitoring and clinical decision-making was developed and validated. By using all the
clinical context of the app, patients in groups 2 and 3 were diagnosed and referred correctly,
showing the most severe levels of distress. On the other hand, healthcare system decision-
makers could potentially choose to use it as a triage or healthcare system application rather

than a clinical application.
4. Enhancing Diagnostic Accuracy with Al

A major application of Al in healthcare is to improve diagnostic accuracy. Al systems can
process myriad forms of clinical and administrative data—from structured data such as test
results and conditions to unstructured data such as MRI images and free text in health records.
Al models are able to reinforce the complexity that characterizes the processing and analysis
of a large number of medical data, and therefore, they significantly enhance the precision of
diagnostic activity. In radiology, Al systems are particularly beneficial in the diagnosis of
diseases such as lung cancer, bone fractures, and vertebral compressions; they do so either by
detecting abnormalities in their earliest stages, even before their clinical appearance, in
conjunction with very high efficiencies, or by predicting from imaging biomarkers a patient’s

risk of developing a certain disease.

An increasing number of Al algorithms that process medical reports by means of NLP,
stemming from both structured and unstructured data, to perform accurate patient
assessments has also been proposed. Al solutions leverage the best in class in advanced

machine learning methods and employ identification algorithms between structured and
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textual information, thus integrating both to detect the interdependencies or any
contradictions in structured, free text, and standards used. Consequently, a new functionality
and predictive value coming from a human-based integrated analysis can be extracted. A
patient report that is “poorly completed” or in contradiction could facilitate the identification
of acute pathology for faster intervention. Additionally, NLP can be used to identify certain
patterns or establish certain phenotypes directly from radiographic images or from images
extracted from electronic health records, thereby supporting diagnosis at a more rational level.
It is the learning that occurs during interactions that allows the machine to learn from
examples and experience. It is, therefore, of utmost importance that these models gather
feedback from care providers in order to make them the best in their classification and
prediction abilities. Al systems need to continuously learn to recognize new patterns or to
detect knowledge gaps that might have been overlooked during their initial training, and at
the same time, they must be constantly updated with new information. All these algorithms
need to be developed on the basis of sufficient and accurate information to properly assess
the patient’s real needs and to use resources more efficiently. An Al-based diagnostic platform
allows the clinician to take a moratorium from routine practice, giving them the precious gift
of more time to interact with patients, offering them everything that can make preoperative
care more comfortable and their waiting shorter. Due to this involvement, companies are
increasingly required to prove that the diagnostic testing phase is characterized by greater
patient satisfaction. Al platforms can provide an opportunity to support clinicians in making
optimal diagnostic and therapeutic decisions. By guaranteeing high diagnostic precision, the
clinician realizes an in-depth assessment of patients or healthy individuals in a shorter
amount of time, thus increasing productivity and reducing management costs. The ultimate
result is reduced waiting lists and, when it comes to disease risk, faster access to treatment.
Also, the cost of targeted therapies can be a way for a fair use of resources: thanks to highly
accurate diagnoses, we are able to direct the patient towards the most appropriate treatments,
being able to devote the most innovative therapies to patients with particularly complex
diseases and risk histories. Digital and Al-based diagnostic improvements are becoming very
important also in the context of reducing costs linked to cases of wrong diagnosis, with

possible legal actions on the rise, and in the precision medicine framework.

4.1. Image Recognition and Interpretation
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Image recognition and interpretation is an area where Al has begun to contribute a great deal.
In particular, Al has advanced the ability to analyze images generated by available medical
imaging modalities. The most successful computer vision technology is based on deep
learning architectures, particularly the convolutional neural network, which was originally
designed for image recognition and classification. This technology has been adapted for
interpretative applications such as identifying objects and abnormalities in images, which is
required in medical applications to differentiate different parts of an image. As a result of
numerous iterations of image training on large data sets of images with associated labels, the
algorithm learns associations and develops its own assumptions on what pattern of
representation makes an object normal or abnormal, which can inform a diagnostic or
treatment recommendation. The performance of Al for image interpretation has achieved
levels of sensitivity and specificity that are similar to or surpass the standard of care for a

number of radiological diagnostic tools.

A primary way that Al is used in medical imaging is to assist in the process of diagnosis.
Images are created and interpreted by human experts, and the addition of Al into medical
imaging is one strategy to improve detection of abnormalities and facilitate interpretation.
Integrating Al at the time of image interpretation may shorten the length of time needed to
detect a pathology and improve patient outcomes, which is a benefit that is particularly sought
after in acute care settings. Many investigative Al imaging hardware and software companies
are exploring this potential in studies that evaluate and validate the safety of Al tools across
clinical specialties of interest in medicine. The limited studies available demonstrate the
potential to use Al prototypes to detect common pathologies, including thoracic diseases,
cardiac and vascular diseases, gastrointestinal diseases, musculoskeletal injuries, and brain
diseases. Although promising, the clinical applicability and long-term performance of these
Al tools require more rigorous advanced randomized controlled trials. Some radiologists
believe Al-augmented diagnostics to be restrictive or potentially replace the work that they
do. The Al scientific community is adapting the technology to understand the interpretation
or characterization of pathology more specifically and develop more explainable Al systems
that can provide more assurance to the interpretative process and, for example, make very
specific treatment recommendations. Al may evolve over time to be informationally richer for

pathologists and can provide even higher rates of accuracy and interpretive capabilities.

4.2. Natural Language Processing in Health Records
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An enormous amount of health records is generated daily in the form of free-text reports such
as clinical notes from healthcare providers and medical examinations, imaging, and pathology
results. Unlocking this hidden treasure trove of rich, meaningful, and relatively unexplored
clinical information is critical for clinical decision-making. NLP is heralded as the
breakthrough in the quest to find artificial intelligence to match and surpass a doctor’s
diagnostic accuracy. By leveraging ML models to extract pertinent, comprehensive signals
from this massive and frequently noisy data source, a more accurate understanding of a
patient’s history and progression can be deduced, which can enrich decision-making at
multiple points in any given patient’s care pathway. NLP also has the power to collate
information from a variety of patient data sources, allowing the treating clinician to synthesize
their view of that patient more quickly and cohesively. To automate documentation in any
technological system, structured data, often in the form of free text, is input. One of the
stepping stones within CDSS development is to reduce the burden of human data entry and
verification in creating electronic health record notes. In certain instances, NLP systems are
powerful in their ability to identify trends and abnormalities in unstructured data before
human counterparts become aware. Combining structured and unstructured data and
analysis can provide a more complete picture of an individual within an electronic health
record. Several challenges need to be considered when working with NLP. Patients and
healthcare professionals can use ambiguous language, which requires careful data handling.
It is also important to maintain patient data security and privacy, adhere to regulations,
confidentiality, respect, and trust. Advances in NLP applied to clinical documents have
shown that they can imitate CDSS. Techniques in unsupervised learning have revealed that
naturally learned representations from unstructured data have the potential to predict in-
hospital mortality in addition to proving it within a combination of retrospective electronic
health records with a feature-engineering strategy to predict patient deterioration. Research
is scarce on merging the two techniques and demonstrating their application in a clinical
setting. Few studies have demonstrated using CDSS to predict the progression of various
diseases, and most research has attempted to predict patients with heart conditions, chronic

kidney disease, the development of sepsis, or those that are at high risk of deteriorating.
5. Improving Treatment Recommendations

Al for Improving Treatment Recommendations
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Artificial intelligence (Al) has the capability to transform the recommendation of treatments
for individual patients. One potential approach is based on machine learning (ML) using
current best clinical practice and rich historical patient populations to recommend a plan,
including what treatment to offer and the optimum combination of drugs. This builds on the
concept of personalized medicine, where treatment has been tailored using genome, lifestyle,
and other individual patient data. ML for probability of response to treatment is effectively a
form of 'treatment rule' that compares a subject's current characteristics with a database of
similar or historical cases and reports both the treatment chosen and the resulting treatment
effectiveness. This results in a higher probability of an individual benefiting from this
treatment than from a standard treatment plan. Decisions derived from treatment rules have
been shown to both increase the effectiveness of clinical care and to increase adherence to
recommended guideline-based practice. The use of ML has the powerful potential to
continually refine and update the treatment recommendations as they learn from new case

outcomes.

Once the optimum combination of drugs is determined, it can be integrated into the treatment
pathways and can be used to identify which patients are eligible for treatments, dependent
on a combination of factors, and addresses the complexity of an approach that uses clinical
recommendations for specific treatment plans together with those recommendations that
result in cost-effective options. This approach also requires substantial amounts of historical
patient record data, which could be obtained from clinics or electronic patient records. It is
notable from other areas of technology-facilitated transformation that this also requires a level
of standardization in the clinical pathways to allow the implementation of improved
treatment recommendations. This is an area for further clinical and informatics research,

including clinical validation for these approaches.
5.1. Personalized Medicine Approaches

Personalized medicine refers to the incorporation of individual patient characteristics to
generate and implement suitable treatment interventions. The integration of the patient’s
personal characteristics and clinical history into the decision-making process increases the
probability of successful outcomes. Personalization of medicine can leverage a computer-
based approach for the selection and scoring of potential treatment alternatives for individual

patients. Clinicians can consider the top-scoring treatment option as decided by the algorithm,
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together with the reasons for the decision, before making the ultimate strategic decision.
Personalized medicine can utilize multiple modalities with genetic and transcriptomic data
up front, where machine learning algorithms are used to identify meaningful features or the
development of cellular signatures that match historical patient responses. This may be done
in two ways. One, a direct approach where the patient’s transcriptomic or genome expression
pattern itself is used to generate their treatment scores using a machine learning support
vector machine model. Alternatively, an indirect method in which the patient’s treatment
scores are generated from the cellular signature or other attributes related to historical patient
response, and are used to evaluate which drug is identified for the prediction of response that
most closely matches the patient’s attribute phenotype. A personalized medicine approach is
designed to minimize initial trial and error on non-responders, which occurs with one-size-
fits-all and step-up therapy approaches. The need to personalize medicine is underscored by
modest average treatment response when the population is not enriched for responders.
While personalizing medicine is more complex than establishing a traditional or step-up
algorithm or care path, expanding patient engagement, referral networks, and incorporating
appropriate support technologies could address some of the challenges associated with
individual patient decision-making. Key to the successful adoption of personalized medicine
is commencing discussions with potential barriers, documented with the patient’s informed
consent. These discussions often include how the patient’s data is shared and used,
documenting clinical evidence, as well as considerations of data and data access, costs, social
values, and ethics. Indeed, strategic decision-making meetings on personalized medicine
indicate the abundance of issues, for instance, trust, communication, regulation, financing,
and privacy, to be addressed before personalized medicine can be applied to routine
healthcare. Various case studies are indicative of personalized medicine being utilized in
clinical settings. A comprehensive summary of clinical case studies using all prospective
and/or non-prospective/retrospective methods to develop or evaluate personalized medical

strategies is further detailed.
5.2. Clinical Pathway Optimization

Clinical pathways are a multidisciplinary structured plan of care based on well-documented
practice parameters, detailing essential steps in patient care. Initially, a description of patient
care resulting from a standard synthesis of input data was intended to minimize practice

variation. In an era of evidence-based medicine, that description is now being replaced by
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knowledge-driven pathways. Successful clinical pathways not only limit costs by reducing
unnecessary therapy but should also improve care by standardizing and demonstrating
adherence to best practices. They should be updated regularly, using artificial intelligence to
integrate outcomes data that show precise areas for continuous improvement. AI models can
predict patient flow with remarkable accuracy, thought to be especially useful in modeling
department responses to flow-attenuating changes, such as management changes or
procedure deferral. As such, increasingly, more work is being carried out at the intersection
of optimization and modeling, and indeed Al is being successfully applied for operating room
scheduling efficiency, given that improved operating room utilization is directly linked to cost

savings.

One of the most important applications of Al is using it to optimize clinical pathways. A
clinical pathway is a multidisciplinary plan of care and typically documents essential patient
matters from preadmission diagnosis to discharge management. It specifies actions to be
taken to facilitate timely and effective patient care and is expected to minimize practice
variation and resultant costs. The process-oriented aspect of healthcare is principally
concerned with improving work efficiency, increasing process speed, better resource
utilization, and better quality of care and patient satisfaction. Automating operational
healthcare is indeed at the heart of enhancing patient and clinical outcomes. Beyond the
important implications for healthcare resource allocation, clinical planning, and economic
sustainability discussed above, another significant contribution that Al can make is on the
development and delivery side of healthcare. Healthcare delivery models have evolved, and
modern healthcare delivery models should focus on sickness prevention, early detection, cost-
effective treatments, empowerment of self-directed healthcare, personalized medicine, and
continuity of care. It has been proposed that innovative care pathways, in line with evidence-
based medicine and based on solid collaboration between society and government, are

necessary to standardize how care is delivered in order to secure quality care.
6. Future Conclusion

In the future, Al-based systems are likely to further improve the accuracy and interpretability
of clinical decision-making, supporting treatment choices as well as diagnosis, and potentially
minimizing side effects and improving the cost-effectiveness of interventions in ways that will

permit objective demonstration to regulators and payers. They may also, in large-scale
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deployment, substantially reduce the amount of time healthcare professionals spend
considering data and alternative courses of action. The evidence reviewed suggests that it is
important now to build opportunities for engagement between Al specialists, healthcare
professionals, regulatory and governance experts, and potential patients into the
implementation practices for current and planned Al projects in healthcare so as to maximize

the benefits Al can bring.

There remain a number of real concerns, however, about how best to use Al in CDSS that must
be addressed and that in themselves should encourage healthcare professionals to retain and,
indeed, intensify a critical stance. First, while there has recently been a major increase in the
deployment of commercial Al applications in healthcare, and more vigorous research in the
field, few clinical Al systems appear to have yet been tested on a scale that would be large
enough to identify whether they significantly improve patient outcomes in practice. Fewer
still have been tested at the level required to allow prospective development of ethical,
regulatory, methodological, and policy frameworks around them. Second, the areas of
greatest potential impact for Al in healthcare appear to bring with them a number of as yet
unsolved problems of a kind that are likely to get far worse once Al at scale is deployed. In
particular, problems in data quality and data interoperability are particularly pressing in the
deployment of Al in CDSS. The sophistication of clinical algorithms has now reached the point
where it risks outstripping the sophistication of the database queries passed to it, and practical

options for addressing this are not clear.
7. Conclusion

The integration of Al-based solutions in clinical decision support systems (CDSS) has
enormous potential for improving diagnostic accuracy and recommendations for the
treatment and support as well as general healthcare management, particularly in rural and
underrepresented areas. The initial search revealed a number of academic and professional
perspectives on Al, but only a few studies included African resources. Several AI ML
techniques for health risk assessment, diagnostic support, and survival prediction appear to
be readily available and beneficial for immediate implementation. A handful of the research,
however, suggested that caution should be exercised in AI ML development and use, as well
as the data privacy and financial impact of implementation for clinical and health

administration stakeholders. Additionally, collaboration between interdisciplinary,
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professional teams is critical in merging Al and health innovation. In summary, partnerships
between scientists and healthcare stakeholders are essential for optimal AI ML advancement
and use. In healthcare, demand for Al assistance to reduce health expenses, enhance
productivity, and improve care is mounting. Evidence indicates a host of uses and users in co-
designed AI solutions, as well as the need for purposeful Al-oriented research funding.
Collaborations can aid in the development of responsible AI ML assessments recommend
selection criteria for the right population for CDSS integration. Governance solutions can also
help define clinician acceptance and digital platform utility. International studies on Al in
healthcare generally focus on contributions more than humanitarian assistance. Given the
global trend of US Al techniques, it may be appropriate at this time to explore international
Al research not only in medical informatics but also from Al and engineering perspectives.
Even though social experiments can help refine our communal digital searches requesting Al
research. Al-based solutions are revolutionizing CDSS to improve diagnostic accuracy and
treatment recommendations. AI ML appears to present obstacles to CDSS implementation,
such as data security and reliability. Moreover, clinician and patient and family acceptance of
AI ML CDSS is regarded as necessary for successful integration of Al ML CDSS into health
care systems. Presently, deteriorating health conditions based on flexible public health
restrictions suggest the time is favorable for additional research with potential of rapid
translation into improved treatment and healthcare of medical care in conjunction with other
resources in Machine learning. Poverty and social status disparities bear upon health
development and outcomes. The new study assists clinicians, healthcare administrators, and
hospital ministers to identify potential directions in which a partnership in Al-compatible
solutions across a variety of technical, clinical, and non-clinical academics can produce
significant benefits for broad publics in terms of community. Clinicians and researchers have
been using Al solutions in communities and other locations to improve digital availability and

accessibility of care.
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