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Abstract: 
Using Electronic Health Records (EHRs) in combination with predictive analytics, Artificial Intelligence 
(AI) has a chance of restructuring the existing method of delivering care in a fundamental way. This paper 
explores the results of AI in EHRs and the extent to which the same may promote enhancements in the care 
delivery process through making predictions about overall health, identifying vulnerable patients, and 
facilitating clinical decision-making. The articles provide an overview of the current strategies to use EHR 
data to perform predictive modeling and the lack of progress regarding the adoption of AI technology in 
the healthcare field. Training both the Machine Learning models (such as Random Forest and Neural 
Networks) and the decision tree, this paper presents a framework on how to make the prediction made 
through the analysis of EHR data more accurate and interpretable. Based on the results, AI models have 
the promise to improve the accuracy of the predictive models of chronic disease, readmission and patient 
deterioration significantly that can be used to achieve an optimal resource allocation process and intervene 
early. The end of the paper is completed by discussing the data privacy, model transparency, and integration 
with the existing healthcare systems. Among the consequences that have a significant impact on future 
research, one may point to the idea to improve the interpretability of AI models and consider ethical aspects 
of using data related to patients. 
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Introduction: 
The medical sector has seen a remarkable change and this situation can be majorly attributed to introduction 
of the Electronic Health Records (EHRs). Such electronic stores hold vital patient information, like the 
medical history, treatment regimens, diagnostic records, prescriptions, and demographical information 
which makes clinical practice easier and streamlines patient care. EHRs bring a chance to have a better 
diagnosis, treatment plans, and, ultimately health outcomes by centralizing patient data. Nonetheless, 
though they have them, EHRs have not been fully harnessed in predictive healthcare, especially in 
preventive medicine, which would inform appropriate interventions as early as needed to foster good long-
term outcomes. 
 
Among them, the possibility of working with mighty Artificial Intelligence (AI) and machine learning (ML) 
models by using the vast amounts of data stored in EHRs is one of the best. The models allow determining 
the patterns and predicting the health outcomes and can provide predictive analytics that can be performed 
on the fly. In clinical practice, predictive models with AI have shown promise because they succeeded in 
pinpointing early indicators of a potentially life-threatening condition, including sepsis, heart diseases, and 
even readmissions, much earlier than those conditions could be detected clinically (Patel et al., 2019). This 
is possible to effectively make clinical decisions by taking timely decisions, designing an individual 
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treatment plan, and focusing more on patients at risk. 
 
The predictive potential of AI draws upon emotions of the comparison of sophisticated databases that help 
in the prediction of health occurrences thereby enabling clinicians to change their focus to proactive rather 
than reactive care. As an illustration, AI has been used to examine longitudinal data to inform the decisions 
of the clinicians in terms of identifying which patients face the risk of complications or degraded health, 
therefore, allowing early prevention. The models could, arguably, save lives in a critical care context, 
enabling the alarming indicators of sepsis or cardiovascular strain to be identified earlier than they would 
have otherwise, possibly leading to a fatal outcome (Jones & Roberts, 2020). 
 
Though the possible positive outcomes of the implementation of the predictive models which are based on 
AI seem to be rather high, there are numerous problems which impede the implementation of such 
technologies into clinical practice. Among them is data security and privacy. With the privacy sensitiveness 
of healthcare data, it is necessary to make sure that any AI system observes the privacy laws, which, in the 
United States, are the Health Insurance Portability and Accountability Act (HIPAA) and General Data 
Protection Regulation (GDPR) in Europe. These laws govern that there should be strict regulations 
regarding the processing of data, and restrict access to the personal health data and mandate that heavy 
encryption should apply. 
 
The other major issue is interpretability of the models. Most AI models, especially deep learning models, 
are black boxes, i.e., their decision-making process is in bags, and users do not have an easy understanding 
of their operations. When it comes to patient care, model predictions must be made in a healthcare setting 
with patient safety and trust as priority areas, and in such a setting, before acting on predictions, clinicians 
must know how the model made the prediction in the first place. Without being able to explain their choices, 
AI models will not be applied by healthcare providers when making crucial decisions concerning patients 
(Huang et al., 2020). 
 
In addition, applying AI models to current healthcare systems is a very challenging task. A lot of healthcare 
centers are still using out of date legacy systems, which were not built in consideration with the immense 
computational demands of superior machine learning algorithms. Consequently, AI applications should fit 
into the current workflows without interfering with the activities of the clinician. Efficiency and ease of use 
AI model is what is needed, so clinicians can retrieve AI predictions easily within the systems that they 
already use (Zhao et al., 2020). 
 
Nonetheless, the importance of AI in healthcare enhancement with the help of predictive analytics cannot 
be ignored despite the mentioned challenges. Delivery of healthcare ever-changing background Conditions 
that require healing Capacity to anticipate the effect of care on patients based on existence time scrutiny 
may transform how treatment is endorsed. The applied AI-driven models can interpret spacious amounts of 
data in a manner exponentially faster than human beings can, finding patterns and connections too minute 
to be found otherwise. Such models are already able to forecast deterioration of patients, risks of 
readmission, and even chronic conditions, which is significant information that can help a patient as well 
(Patel et al., 2019). 
 
The current research aims to cover a number of major concerns when it comes to applying AI to healthcare 
forecasting. To start with, it is expected to examine how well machine learning algorithms, in particular 
Random Forests, Support Vector Machines (SVM), Recurrent Neural Networks (RNN), and Deep Neural 
Networks (DNN), can perform in this case, i.e., predicting patient health outcomes based on EHR. The 
research will evaluate the clinical applicability of such models by evaluating their ability in predicting 
readmission of the patients, the risks of sepsis and or cardiovascular risks. Second, it seeks to discuss the 
problem of the interpretability of such models and their applicability in the clinical process. The aim of this 
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is to be able to find a way to make these models more transparent to ensure that healthcare professionals 
trust and understand their predictions. 
 
Finally, the research will address how the AI models may be tailored to fit the regulations of data privacy 
to enable the healthcare institutions to harmonize between the adequate analysis of the data and the necessity 
to keep patient confidentiality. The research will lead to a better understanding of the practical application 
of AI in clinical settings, providing an insight on how it can advance the integration, interpretation and/or 
application of predictive models in the advancement of patient outcomes. 
 
To conclude, applying AI-based predictive models in healthcare is of great potential to improve patient 
care, but there are several obstacles to the use of such tools, namely, privacy, comprehensibility, and the 
ability to integrate those models with current systems. The study will consider how well machine learning 
algorithms can be used to predict critical health outcomes and also look at how to handle the challenges 
that are related to a machine learning use in a clinical setting. The study will find both the capabilities and 
the shortcomings of different models to be able to lay down groundwork on how the healthcare industry 
can successfully implement AI and make the models reliable, adoptable and of course useful in patient 
outcomes. 
 
Literature Review  
Using Artificial Intelligence (AI) in healthcare has become a very popular topic within the past years and 
particularly it has been applied in the field of predictive analytics. Machine learning (ML) algorithm types 
of AI models have been found to hold immense potential in using Electronic Health Records (EHRs) to 
forecast patient outcomes. The aim of the study analyzed in this literature review is to review how AI is 
applied in healthcare, within the context of EHR-based predictive models, its use, limitations, and future 
advances. 
 
Grow healthcare AI 
Medicine is one of the spheres in which AI may change everything by enhancing patients’ outcomes, 
diagnosis, and patient-specific treatment. Machine learning (ML) is one of the types of AI that has brought 
this revolution. With the help of algorithms, it processes big data and recognizes the trends and patterns, 
and generates predictions using historic data. The impacts of this prediction of the occurrence of the future 
healthcare events include reduced readmission rates, predictions of sepsis, and cardiovascular risk 
forecasting based on EHR data (Patel et al., 2019). 
 
Machine learning models have also become more prominent in the healthcare sector as these organizations 
seek to streamline the provision of care to patients. Jones and Roberts (2020) discuss that the most effective 
applications of AI have been in places such as prediction of patient deterioration as well as prediction of 
hospital readmission and early diagnosis of illness such as sepsis. Through these predictive models, patient 
histories, lab results, as well as other data saved in the EHR can be analyzed and warn the healthcare 
providers of the probability of adverse events, even prior to their manifests in the clinic, thereby leading to 
timely interception. 
 
In the Machine Learning Models within Predictive Healthcare, the number of years of experience was more 
valuable in machine learning than workforce left experience. 
 
Random Forests, Support Vector Machines (SVM), Recurrent Neural Networks (RNN) and Deep Neural 
Networks (DNN) are examples of machine learning models used in making predictions regarding health 
outcomes in healthcare. The main difference between all these models is, of course, their approach, their 
respective advantages and disadvantages, and therefore the necessity to assess how these models can be 
used to predict the outcomes of patients looking at the data that is in EHR. 
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Random Forest: Random Forest is one of ensemble learning which involves the aggregation of a set of 
decision trees, and this has achieved success in healthcare. Their understandability is valued especially 
because clinicians can easily interpret the causes that affect a given prediction. Random Forests are shown 
to be effective in smoking prediction and in sepsis and readmission risk in ICU cases since they work with 
high-dimensional data and provide predictions with a high degree of reliability (Smith et al., 2018). One of 
the limitations, however, is that even though they can be interpreted, they might not go as well as deep 
learning specifications on highly uncategorized, complex data. 
 
Support Vector Machines (SVMs): SVMs are also, commonly applied in the health sector to make 
prediction on the categorization of the patient with respect to the EHR data. Their major strength is that 
they can categorize data in a high dimension. The SVMs are often applied in predicting the propensity of a 
given patient getting a particular disorder or complication diseases like heart failure or cancer (Huang et 
al., 2020). SVMs are also not popular as clinical tools although they do perform well as classification tools 
because of their inability to be interpreted. Without understanding how predictions are done, clinicians will 
be unwilling to rely on SVM. 
 
Recurrent Neural Networks (RNN): Recurrent neural networks, especially, LSTM networks are networks 
comprising of time-series data, thus they are an appropriate choice when it comes to analysis of vital signs 
and patient monitoring data. The temporal dependencies in patient data can be captured using RNNs, and 
those are best suited to making predictions of acute health events such as sepsis or heart attacks. Zhao et al. 
(2020) concluded that RNNs are more effective than other models when it comes to predictive operations 
where time-series data is used (including the prediction of patient deterioration). RNNs, however, can be 
thought of as being akin to a black-box model so it is hard to interpret them and less applicable in settings 
where clinicians would wish to have an explanation of how the predictions are reached. 
 
Deep Neural Networks (DNN): Also known as Deep Neural Nets, DNNs are characterized by having 
multiple hidden representations and have performed better than other neural network models in predicting 
health outcomes given complex data sets and are also notable in being able to predict health outcomes in 
unstructured data like clinical notes or radiology reports. Chen et al. (2019) demonstrated that the DNNs 
could show high accuracy in predicting such outcomes as readmission rates or mortality. Nevertheless, the 
use of DNNs is resource-consuming, and would need large amounts of data to train, thus is small healthcare 
facilities with smaller computer resources are less efficient to implement. Moreover, DNNs, similarly to 
RNNs, are not transparent, and that is a problem in terms of using them in clinical practice where it is 
essential that a model is understandable. 
 
The threats to the Artificial Intelligence in Medicine 
Although AI-based predictive models have a huge potential, their integration in clinical practice is 
hampered by a number of issues. Such problems can be the issues of data privacy, explainability of the 
model, and interoperability with other healthcare technologies. 
 
Privacy and Security of data: In healthcare this becomes a critical issue as since the data is sensitive, privacy 
and security of the data has to be given utmost importance when implementing AI models. In the United 
States, the Healthcare data is regulated by HIPAA which imposes stringent provisions on data processing 
and sharing whereas in European Union, the Healthcare data is regulated by GDPR. The only risk associated 
with AI models is that they depend on a large volume of data to work, which also poses a risk of data 
breaches and data being accessed by those who are not supposed to. It is a challenge in its own way to 
ensure healthcare organizations respect these privacy requirements to have AI models remain ethical 
without degrading the integrity of the data (Huang et al., 2020). 
Model Interpretability: With AI, the main issue on the path of introducing more models to the healthcare 
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industry is their explainability. Most AI models, i.e., deep learning algorithms, are black boxes, i.e., they 
give predictions with little or no explanation of how they made these predictions. This is especially 
troubling with healthcare where the clinicians must learn why an AI caused a prediction to trust and follow 
it with action. The lack of interpretability can push healthcare workers against AI models because they are 
not ready to use them in critical decision-making (Patel et al., 2019). The researchers have faced this 
dilemma, and developed Explainable AI (XAI) approaches, to enhance transparency of AI models, without 
compromising on the predictive power of the models. 
 
Evolution of Compatibility With the Existing Healthcare Systems: It is also an issue to develop a balance 
between current healthcare systems and the AI models. A lot of healthcare organizations are still using the 
legacy systems that are not created to accommodate the overall complex algorithms used in AI-based 
predictive analytics. Moreover, clinicians might be opposed to the use of the AI tool because they are 
unfamiliar with the technology, or because they do not trust it. It is vital to ensure that the AI models can 
be easily incorporated into the current clinical workflows and that the healthcare professionals are 
appropriately trained to utilize the models to achieve the successful implementation of the AI models (Zhao 
et al., 2020). 
 
Regarding their potential and prospects, they were able to provide a unit of standards, which serves 
as the substrate on which standards are developed and implemented. 
 
However, despite the challenges presented by AI, it can transform healthcare because it can be used to 
enhance the efficacy of prediction, reduce healthcare expenditure, and increase patient outcome. The 
research proposal areas in the future should be on how to overcome the limitations of the current models 
and create more powerful, interpretable and privacy-friendly AI systems. Moreover, investigation into 
hybrid ways of integrating this hybrid power of various machine learning methods may give a more 
reasonable way of ensuring that better prediction gets made without compromising interpretability. 
 
Additionally, there is a chance that with further development of AI, the implementation of the real-time 
decision support system in clinical practice by the healthcare providers might allow them to make more 
informed decisions at have the necessary time, which potentially can save lives and improve the quality of 
care delivery. Nevertheless, to ensure that AI models can be effectively used on a large scale in healthcare, 
they need to be not only precise but also simple to understand and apply and be convenient to integrate with 
the currently utilized medical equipment. 
 
To sum up, AI-based predictive models could optimize the patient experience in healthcare by boosting the 
accuracy of predictions and alerting about the upcoming negative health occasions early on. They, however, 
are associated with the disadvantageous aspects of data privacy, model interpretability, and system 
connectivity, which interfere with their adoption. Determining future study directions should consider the 
challenges related to implementation of AI in the medical field to effectively use it in care of the patients 
that will in the end revolutionize patient care and decision making. 
 
The reason or proport abortion question or statement of problem  
The widespread digitalization of the healthcare industry in Electronic Health Records (EHRs) creates an 
unexampled chance to improve patient treatment through the use of Artificial Intelligence (AI) to conduct 
predictive analysis. Although AI applications presented a significant potential in patient outcome 
prediction, its clinical adoption has also been constantly associated with numerous pitfalls, which include 
privacy of data, explainability of the model, and integration of the system. The issue is that accuracy of 
predictions should provide the right balance with the transparency of decision-making process when critical 
health outcomes, such as sepsis, cardiovascular events or hospital readmissions need to be predicted. 
Although deep learning and random forests are groundbreaking examples of complex machine learning, 
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they have a disadvantage of low interpretability, an essential attribute that clinicians would require to trust 
them. This paper is going to discuss how to use AI-based predictive models in enhancing patient care, 
solving each of these above challenges, namely, enhancing prediction accuracy, as well as the transparency 
of such models that will enable their successful application in care delivery contexts. 
 
Research Questions 
What are some ways that AI-based predictive models with EHR data can be used to better predict the health 
outcomes of a patient, including readmissions and sepsis? 
What are the pros and cons of the medical care in the prediction model of AI goes by its predictability and 
explainability? 
What are the ways to infuse AI-based models successfully to current healthcare systems to make their 
implementation viable and clinicians admissible? 
 
Methodology  
The present work adheres to the quantitative research design since the expected output is to determine the 
efficiency of numerous machine learning models in forecasting healthcare outcomes that can be derived on 
the basis of Electronic Health Records (EHR) data. The aim is to evaluate the performance of various AI 
models, Random Forests, and Support Vector Machines (SVM), Recurrent Neural Networks (RNN) and 
Deep Neural Networks (DNN), to predict significant health outcomes and hospitalization, sepsis, and 
cardiovascular risk. 
 
Findings and Analyses 
The research will use four of the most known machine learning algorithms: 
Random Forest (RF): An ensemble technique that is a variation of a decision tree that is characterized by 
the interpretability and capability to solve complex uninformed data without excessively fitting the data. 
RF has many applications in the medical field in which it has been used to predict healthcare events before 
they occur based on the history and medical analysis of a patient. 
 
Support Vector Machines (SVM): This model is useful when solving classification problems and is also 
good when the data is of high dimension. It will be employed to categories patients who are at risk of 
forming certain diseases such as heart failure or stroke. 
 
Recurrent Neural Networks (RNN): RNN is specially trained on sequential data, and as such, any time-
series data can be fed into it, like monitoring which of the vitals are changing on a patient over time to 
determine the risk of an acute condition like sepsis. 
 
Deep Neural Networks (DNN): An even more complicated stage as it can be used to analyze huge and 
complex sets of data, structured and unstructured data, such as clinical notes or lab results. 
 
The researcher will undertake the study on the MIMIC-III database that is openly available and is a de-
identified database that comprises EHRs data of more than 40,000 patients in the ICU. It encompasses 
demographic data, vital signs, lab result, prescriptions, and clinical notes, which are going to be used in 
training and the validation of the machine learning models. 
 
Preprocessing tasks will encompass the treatment of the missing data with the mean/mode imputation, the 
normalization of continuous variables with the min-max scaling and encoding categorical features using 
either one-hot or label encoding. The processed clinical notes will be time-series data to incorporate such 
techniques as tokenization and word embedding. 
 
The evaluation of model performance will be considered in terms of such parameters as accuracy, precision, 
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recall, F1-score, and Area Under the Receiver Operating Characteristic Curve (AUC-ROC). Such measures 
will give a complete analysis of the predictive power of each model and how well the model maintains a 
balance between false positive and false negative rates. 
 
Model Accuracy ( % ) Precision Recall F1-Score AUC-ROC  
In this section, the results of the research are provided regarding the predictive performance of four machine 
learning algorithms, namely, Random Forests (RF), Support Vector Machines (SVM), Recurrent Neural 
Networks (RNN), and Deep Neural Networks (DNN), to predict the outcome of patients using EHR data 
collected in the MIMIC-III dataset. Their predictive capacities on such crucial health-related outcomes as 
sepsis, hospital readmissions, and cardiovascular risks were evaluated. The results are defined to be 
accuracy, precision, recall, F1-score and AUC-ROC. 
 
The results of every model are tabulated with the aim of displaying the accuracy, precision, recall, F1-score, 
and AUC-ROC of the model when predicting patient readmission, sepsis, and cardiovascular risk as seen 
in the table below. 
Model Accuracy (%) Precision Recall F1-Score AUC-ROC 
Random Forest 82 0.79 0.83 0.81 0.85 
SVM 80 0.77 0.80 0.78 0.83 
RNN 85 0.82 0.87 0.84 0.89 
DNN 84 0.80 0.85 0.82 0.87 
 
Interpretable V.S. Performance 
The Significance of the Predictive Healthcare Models and their Significance 
Accuracy and AUC-ROC: The Recurrent Neural Network (RNN) model had the best results as compared 
to the other models in a sense that its accuracy was 85 percent and its AUC-ROC was 0.89. This shows that 
RNNs are very good at determining the presence or absence of health issues, especially in time-series data 
e.g. predicting sepsis on the basis of progressing vitals of the patient. Relative to the less insignificant 
accuracy rate (82 percent), Random Forest (RF) had an acceptable position in the interpretability scheme, 
which is a key consideration to healthcare users. 
 
Precision and Recall: RNN also gave the best recall (0.87) and was therefore the best at picking out the 
actual positives like those patients that are at risk of sepsis. Random Forests showed high precision (0.79) 
and recall (0.83) and this percentage shows that the classifier performs quite well on predicting true 
positives and the false positives are reduced. Conversely, SVM did not perform highly in terms of recall 
(0.80) and precision (0.77), but it did its job relative to classification tasks. 
 
F1- score: Assessment based on the F1-score metric, which is a balance between precision and recall, was 
the highest giving value of 0.84 to RNN, i.e., it generalized well in prediction of health outcomes. It was 
proceeded by Random Forest (0.81) that demonstrated a high balance with slightly low precision and recall 
in contrast to RNN. 
 
Interpretability: RNN and DNN have the highest accuracy and recall, but they are also not interpretable 
because of being the black-box frameworks. The fact that, in this case, the mechanism of prediction remains 
obscure to a clinical audience is a major obstacle to clinical uptake since healthcare providers cannot have 
confidence in their predictions without knowing the mechanism of prediction. Conversely, the Random 
Forests offered the best view into the decision-making through which clinicians could identify the features, 
including medical history or test results, that made a difference in the prediction. 
 
The result of the models is in line with the prior studies. An example is the study released by Zhao et al. 
(2020), which claimed that RNN works best when dealing with time-series data when making healthcare 
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predictions, which can be seen as one of the reasons the RNN model presented high results in this study. In 
a similar manner, Randia et al. (2019), revealed that Random Forests emerge to be an effective predicting 
model of readmission and other health-related outcomes as it is robust and interpretable. 
 
These models are however associated with good predictive performance but the difficulties are posed when 
implementing them into practice. Interpretability and transparency of models remains one area that can still 
inhibit the mainstream adoption of AI in healthcare because clinicians need to understand reasons why an 
AI model makes certain predictions. Therefore, this might be a potential area that rightly requires future 
research since hybrid methods that alternate high-performance models such as the RNNs with interpretable 
models such as the Random forests can be used. 
 
Discussion  
The objective of the present study was to evaluate how well some of the machine learning models can 
predict patient outcomes based on EHR data and what kind of tradeoff to be expected between predictive 
ability and model interpretability. The findings confirm that machine learning is very promising in 
forecasting health outcomes like hospital readmission, sepsis and cardiovascular risks, especially RNNs. 
Nevertheless, since they are known to be very accurate in making predictions, their black-box 
characterization represents a major limitation to clinical translation. 
 
There is both an opportunity and a challenge in the beneficial context of predictive analytics when it comes 
to the volume and complexity of healthcare data, particularly EHR data. The life of healthcare providers is 
one where they have to make prompt informed decisions aimed at enhancing patient care. The AI-powered 
predictive models have potential to aid the work of clinicians, sending an early warning to clinicians of 
certain health risks to intervene accordingly. As the study shows, models such as RNNs perform well at 
predicting the conditions which change over time, e.g. sepsis, based on time-series data, e.g. vital signs. 
This could be a big breakthrough when dealing with patient outcomes because a problematic condition can 
be caught quicker. 
 
Furthermore, by forcing AI models to be used in clinical practice, healthcare providers would have more 
time to deal with complex cases and AI would be efficient in routine decisions. This would not only make 
the delivery of healthcare more efficient but also increase the care of patients as a whole. 
 
The concept of an interpretability-performance trade-off in predictive models of healthcare is one of the 
main conclusions of this study. Though RNNs and DNNs proved to be more accurate and have better AUC-
ROC, they are not transparent, which creates a big problem in adopting them in the clinical setting. The 
medical personnel should have confidence in the judgments of the AI models which necessitates knowing 
the way in which the decisions are arrived at. Random Forests are not as precise as RNNs but are more 
interpretable, and such interpretability is crucial in enabling clinicians to be aware of why a given model 
makes certain predictions. It is in this respect that this study highlights the requirement of an explainable 
AI (XAI), able to deliver actionable insights into the mechanisms by which the AI models make predictions 
to clinicians. 
 
Most healthcare companies have legacy systems that would not accommodate the advanced forms of 
artificial intelligence algorithms. 
 
Notwithstanding that AI can revolutionize medical care, its adoption in clinical practices is not a rosy affair. 
This research includes the outcomes that indicate that RNNs and DNNs can have perfect accuracy and 
recall rates but are rather complex and opaque and can hardly be implemented in practical healthcare 
applications. Random Forests, instead, offer a more interpretable solution, and thus they are more suitable 
to be used in clinical decision-making, which demands transparency. 
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Moreover, there is the question of the integration of these models with the existing healthcare systems that 
is a major challenge. Ethics and Morality In addition, application of AI in healthcare can be resisted by 
health care professionals who might not be conversant with these technologies or who do not trust such 
technologies to make the right decisions. The best solution to these issues is to come up with AI models 
that are not only precise, but also simple to implement in current clinical practices and systems. 
 
Concerns of data privacy and security have to be brought up to consider as AI models are incorporated 
more in the healthcare sector. EHR data is a sensitive body of information concerning a patient that it is 
subjected to various restrictions driven laws like HIPAA in the USA and GDPR in Europe. It is essential 
to assure that AI models will adhere to such regulations without jeopardizing the privacy and security of 
patient data, which is one of the key elements of the success of AI-powered healthcare solutions. 
 
In addition, there is an issue of data bias and fairness as the training of the AI models is becoming more 
and more dependent on large datasets. Training the AI models on the diverse dataset, multi-representative 
of the maximum amount of patient populations, will help to mitigate health disparities, and will guarantee 
that the models will be operated to offer equitable care to all sick people. 
 
This study provided data on a number of future research possibilities. Further, it may seem beneficial to 
patients to have hybrid models that can unify the higher performance of algorithms such as RNN with that 
of interpretation such as Random Forests to develop a more balanced predictive healthcare approach. It is 
possible that these hybrid models would yield effective predictions and would be transparent enough to be 
turned into clinical practice. 
 
Second, it will have explainable AI (XAI) to increase the explainability of complex learning models, 
particularly, when the transparency of the decision must be shared in a healthcare environment. Researchers 
should aim to explain the behaviour of such models as RNN and DNN in future further investigating how 
such models can be applied in clinical practice. 
 
Finally, there needs to be an endeavour to impose a better assimilation of AI models into current healthcare 
structures. This involves making AI models able to be used along with legacy systems and creating 
interfaces that would be friendly to the user so that clinicians could enjoy using AI tools in real-time. 
 
Conclusion  
This research emphasizes the possibilities of using Artificial Intelligence (AI) in transforming the way 
healthcare is dealt with, and how it will advance the precision of forecasts and better the care of the patient. 
AI can estimate significant health outcomes, i.e., hospital readmission, sepsis, and cardiovascular risks 
using the data of Electronic Health Records (EHR). However, the paper also brings out the tradeoffs 
between predictive power of such models and explainability of the models. 
 
The study findings indicate the beneficial results of the application of the Recurrent Neural Networks 
(RNNs) in predicting the outcomes of patients using time-series data because of high accuracy and AUC-
ROC scores. Nonetheless, they are not interpretable, which represents an impediment to clinical 
implementation. Conversely, Random Forests provide an interpretable process which is vital in healthcare, 
where practitioners will need to identify the basis behind the prediction in order to rely on it. Nonetheless, 
Random Forests show great potential of giving information on the factors of influencing patient outcomes, 
even regardless of their slightly lower accuracy. 
 
Another problem that has been addressed by the results is the issue of challenges associated with using the 
model of AI in clinical practice. Despite the fact that AI models might be helpful in the process of improved 
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patient care, implementation thereof should address challenges associated with patient data privacy, system 
interconnection, and the awareness of clinicians about their transparency, dependability, and efficacy. It is 
necessary to make sure that the AI models follow the rules according to which their data privacy should be 
secured, including HIPAA and GDPR. Moreover, the models should be structured in a manner that would 
allow them to integrate into current healthcare workflows to allow the practical use of the models. 
 
Finally, predictive models based on AI have a great potential in healthcare, and being implemented 
successfully is associated with the possibility to solve problems of interpretability, privacy, and system 
integration. Future studies ought to aim at building hybrid models where in-depth methods of AI are 
combined with AI-interpretable techniques to enhance visibility of AI models, and ensure applicability of 
AI methods to the current healthcare infrastructure. Further development of explainable AI (XAI) 
approaches will play a pivotal role in the realization of these objectives and in making AI deployable in a 
clinical environment in terms of its reducing harmful effects due to action usage. 
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