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| ABSTRACT

Early disease detection aids in the correct diagnosis and treatment of illnesses. A Clinical Decision Support System (CDS) helps
identify illnesses and choose the best course of therapy. This paper presents a Generative Al-powered Clinical Decision Support
Architecture based on Large Language Models (LLMs) to predict diseases and support diagnoses. The suggested architecture
incorporates both structured clinical information and high-level preprocessing, feature selection, and class-balancing algorithms
to increase the predictive accuracy. Experiments were conducted on 400 patient records from the UCI Chronic Kidney Disease
(CKD) dataset. GPT-40 was used to learn more complex clinical patterns and aid in diagnostic decision-making. The
recommended framework performed well, as evidenced by the accuracy of 99.17, sensitivity of 99.98, specificity of 98.70, F1-
score of 98.85, Matthews Correlation Coefficient (MCC) of 98.21, and AUROC of 0.996. These findings are far more effective than
conventional ML models and currently available LLM-based clinical methods. The high sensitivity yields a low rate of false
negatives, which is essential in the early detection of disease, whereas the high specificity lowers the wrong diagnosis of healthy
patients. Altogether, the suggested generative Al-based solution is powerful, consistent, and effective in clinical contexts, which
underscores the potential of large language models (LLM) in medical decision support systems of the next generation.

| KEYWORDS

Clinical Decision Support System, Chronic Kidney Disease, Electronic Health Records, Machine Learning, Disease Prediction, Large
Language Models

| ARTICLE INFORMATION
ACCEPTED: 01 December 2024 PUBLISHED: 25 December 2024 DOI: 10.32996/jcsts.2024.6.5.31

INTRODUCTION

The widespread digitization of patient information brought about by the expanding usage of Electronic Health information
(EHRs) has completely transformed healthcare systems [1], [2]. With such data, which is cleansed and preprocessed systematically,
there a solid basis of advanced analytics and clinical decision support (CDS). Nevertheless, with the increasing volume,
heterogeneity and longitudinal character of clinical data, the complexity of medical decision-making has significantly increased.
Traditional rule-based approaches are no longer applicable, as physicians must combine laboratory findings, comorbidities,
treatment history, and other patient-specific risk factors. The capacity of ML-based Clinical Decision Support (CDS) systems to
recognize complex, non-linear connections and work with high-dimensional data, on the other hand, has made them more and
more popular [3]. In this context, chronic kidney disease (CKD) is an important application domain of intelligent decision support
because it is very prevalent in the global population, and progressive. CKD disturbs the normal functions of the kidneys and causes
severe systemic complications, such as cardiovascular disease, Autism Spectrum [4], bone diseases, and neurological disorders . It
is still on the increase in the world, and most of these conditions have been fueled by risk factors like high blood pressure,
diabetes, and cardiovascular diseases.

Copyright: © 2024 the Author(s). This article is an open access article distributed under the terms and conditions of the Creative Commons
Attribution (CC-BY) 4.0 license (https://creativecommons.org/licenses/by/4.0/). Published by Al-Kindi Centre for Research and Development,
London, United Kingdom.
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Thus, reducing mortality, shortening the course of the disease, and improving patients' quality of life all depend on early
detection and treatment. In the diagnosis and monitoring of CKD, conventional diagnostic indicators, including glomerular
filtration rate (GFR) and urine albumin levels, remain crucial. Nonetheless, such clinical indication has drawbacks in disease
progression and the fact that physiological intricacy of CKD is complex to indicate [5]. This has led to the application of machine
learning (ML) methods, which have proven to have great potential in deriving useful patterns of complex clinical data and
enhancing the accuracy of diagnosis [6]. In spite of these developments, most traditional ML models are black box models, which
restrict their interpretability and clinical trust. Recent trends in generative artificial intelligence (Al) and large language models
(LLMs) provide an opportunity to replace it with a promising alternative with high predictive power and more advanced reasoning
and representation learning. This paper is inspired by these developments to introduce a Generative Al-based Clinical Decision
Support Framework with Large Language Models to provide accurate, robust, and clinically reliable assistance in the CKD
diagnosis and overcome the major drawbacks of the traditional ML methods. The following are the contributions of the paper are:

e Establishes the feasibility of adapting GPT-40 beyond natural language tasks to high-accuracy clinical diagnosis.

e Demonstrates strong diagnostic reliability through balanced sensitivity, specificity, F1-score, and MCC, even under class
imbalance.

e Provides empirical evidence that generative Al can outperform traditional machine learning and existing LLM-based
models in clinical decision support.

e Validates the proposed framework through comprehensive experimental analysis and comparison with state-of-the-art
methods.

e Minimizes false negatives, making the framework highly suitable for early disease detection and clinical screening.

Data imbalance, missing values and inadequate reliability of early and precise clinical decision-making is also difficult due to
existing models. This work is motivated by the need for a more reliable and clinically sensitive decision support system. The
novelty is that by using a large language model based on generative models, it is possible to obtain highly balanced and near-
perfect diagnostic performance. The suggested solution proves more sensitive, specific, and generally healthier, establishing a new
performance standard and outlining the utility of generative Al in practical clinical decision support.

A. Paper structure

The paper structure is as follows: Section Il presents the previous study on clinical decision support. The proposed
methodology is presented in Section Ill, and the results and comparison are presented in Section V. Conclusion with limitations
and future work in Section V.

Il. LITERATURE REVIEW

Existing literature has covered both traditional and DL frameworks in clinical decision support systems.

Periya Nayaki et al. (2024) present the development of a Clinical Decision Support System (CDSS) utilizing DL techniques,
specifically focusing on RNNs and LSTM networks. Among the models, the Bidirectional LSTM network outperformed traditional
machine learning methods, demonstrating its more advanced ability to handle sequential clinical data has an accuracy of 90.16%
[7].

Raza and Ding (2024) identify and rank the items most pertinent to healthcare practitioners using a DL model. The foundation
of both the ranker and the retriever is a pipeline of pre-trained transformer models. The model's performance was evaluated using
a range of metrics and compared with comparable baseline models. In comparison to the second-best performing baseline, the
findings show that the suggested model generates a performance improvement of about 12.3% macro-average F1 [8].

Kim et al. (2023) used validation datasets to compare DeepSEPS with other conventional early warning score systems. In terms
of AUROC, DeepSEPS outperformed SOFA, achieving 0.7888 and 0.8494 for sepsis and septic shock, respectively. Additionally,
DeepSEPS had the highest AUROC (0.9346) when septic shock and sepsis were developing [9].

Kim et al (2022) A DL model for CDSSs that can be used to supervised learn three classes of sleep phases using just single-
channel EEG data (C4-M1) may be created by combining CNN with a transformer. Comparable to human experts, the generated
model produced an overall accuracy of 91.4%. 94.3%, 91.9%, 91.9%, and 90.6%, respectively, were the model's accuracy in normal,
mild, moderate, and severe instances of obstructive sleep apnoea [10].

Shahzad et al (2021) suggest a framework for predicting health problems based on LSTM in order to correct noisy and
unbalanced data and convert it into a format that can be used to provide precise predictions. The proposed model is capable of
efficiently training, validating, and test noisy data by overcoming the lack of training data using transfer learning and consistently
achieving outcomes of around 90% better than the state-of-the-art ML and DL approaches [11].
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Kormilitzin et al. (2020) propose a named-entity recognition (NER) paradigm for clinical NLP. The model recognises seven
categories: medication names, dosage, frequency, strength, form, duration, and mode of administration. In all seven categories,
the model's micro-averaged F1 score was 0.957. The trained NER model performed badly (F1 = 0.762) when applied directly to
CRIS data, but it performed very well (F1 = 0.944) after being fine-tuned on a small sample of CRIS data [12].

Geng et al. (2020) Analyse NLP and electronic medical records (EMRs)-based model-based reasoning (MBR) clinical diagnostic
algorithms in integrated medicine. Using symptom patterns, the Word2Vec CNN MBR algorithms demonstrated exceptional
effectiveness in diagnosing lung ailments (accuracy of 0.9586 on the test dataset). Additionally, the Word2Vec CNN MBR and RBR
combination performed quite well (accuracy of 0.9229 in the test data set) [13].

A. Research Gap

The majority of the existing CDSS research presents a good outcome, but is still limited. All models are effective for a particular
disease, dataset, or task, but they have limitations in their generalizability across different clinical environments. The management
of multimodal data, noisy records and imbalanced records are only partially considered as well as the privacy concerns. The
combination of sequential models, transformers, and domain adaptation into coherent structures is very rare. Explainability and
real-world deployment also receive little attention. The disconnect is the creation of scalable, interpretable, and transferable CDSS
that is capable of integrating diverse data sources and acts reliably across diverse clinical areas.

Ill. METHODOLOGY

This paper uses Chronic Kidney Disease (CKD) data and preprocesses with KNN and mode imputation to fill in blank data and
categorical encoding, along with minmax scaling. The Chi-squared feature selection, an 80:20 train test split, and a SMOTE were
used to balance the classes. An evaluation of performance was conducted using accuracy, sensitivity, specificity, F1-score, MCC,
and AUROC with a GPT-40-based model. Fig. 1 present the CDS framework.
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Fig. 1. Clinical Decision Support SystemFramework

All the steps of proposed framework are explored in next section.

A. Data Gathering

The dataset used in this work includes CKD patient records from 400 patients from the UC Irvine (UCI) Machine Learning
repository. It has 25 qualities total, of which 1 is a dependent variable (class), and 24 are independent variables (features). The total
number of records is 400, of which 250 are from 150 people who do not have CKD, and 150 are from patients who do. Out of the
twenty-four attributes, eleven are numerical, and thirteen are not. The numbers are obtained from blood and urine tests
performed on the patients. Either 1 or O class values are present in the output columns. CKD is present in the patient if the result is
1, but not if it is O.
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Fig. 2. Heatmap for Missing values in data

Fig. 2 shows a heatmap of missing data and various medical characteristics, with yellow circles indicating missing data and
black circles denoting provided data. Variables like red blood cells (rbc), pus cells (pc), packed cell volume (pcv), white blood cell
count (wc), and red blood cell count (rc) have significant gaps whereas aspects like age, blood pressure and chronic disease
indicators (htn, dm, cad) are more complete. This visualization shows that there is an uneven distribution of missing information
that requires meticulous preprocessing approaches that could either be imputation or feature dropping to guarantee quality
model development.

Fig. 3. Plot for clinical features Distributions

Fig. 3 presents the patterns of the major clinical characteristics in the data includes, among other things, age, blood pressure,
specific gravity, albumin, blood sugar, blood glucose, blood urea, serum creatinine, serum potassium, haemoglobin, packed cell
volume, white blood cell count, and red blood cell count. A majority of the variables which include age, hemoglobin, and packed
cell volume have more or less normal distribution, but others, including blood urea, serum creatinine, and albumin, are highly
skewed, which shows that it contains outliers or extreme values in the clinical data. Such differences indicate heterogeneity in
clinical measurements, and feature-specific preprocessing and normalization are essential for successful model training and CKD
prediction.

B. Data Pre-processing and Data Cleaning

The obtained data has to be organised or processed in order to be analysed. Missing values are present in the dataset the data
must be pre-processed before being fed into the models. Simply eliminating records with missing values from the dataset is not
appropriate due to the small size of the chosen dataset; nevertheless, as Fig. 2 illustrates, it has a sizable portion of missing data.
Consequently, Use mode imputation for categorical data and KNN imputation for numerical values.
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C. Categorical columns

The dataset includes numeric columns for the category variables. The values "good," "present," "yes," and "normal" are
mapped to 1, whereas the values "bad,” "not present," "no," and "abnormal" are mapped to 0. The dataset was subsequently
processed, and all of the values were normalised using scaling.

D. Data Scaling
A crucial component of preprocessing is data scaling, which modifies the range of feature values while preserving the data's
inherent integrity. Min-max scaling is a popular data scaling method that rescales data values to lie within a specified range,
typically O to 1. Here is Formula 1 for min-max scaling:

Min — Max Scaling (x) = ——Zmin_ 4)

Xmax—Xmin
The feature values in the research were normalized using min—-max scaling to enhance and streamline data processing.

E. Feature Selection

The relationship between independent traits and the target class is identified using the chi-squared feature selection approach.
Because it can handle categorical data with robustness and doesn't assume anything, the chi-squared test was employed in this
study to identify features based on the data distribution. This test also calculated the chi-squared value for each independent
characteristic and the target class. The chi-squared scores of the top nine characteristics as determined by the chi-squared test.

Selected Features and Their Chi-Squared Scores

Anemia

Pedal edema 76.00
Coronary artery disease

Diabetes mellitus 137.0

Hypertension 144.04

Features

Pus cell clumps
Sugar
Albumin 76.08

Specific gravity

0 20 40 60 80 100 120 140
Chi-Squared Score

Fig. 4. Top 9 Chi-Squared Feature Importance Scores

Fig. 4 shows the nine most important medical features according to the Chi-Squared values, which are the values of the
medical features in predictive model. The strongest contributors are hypertension (144.04) and diabetes mellitus (137.00), then
albumin (76.08) and pedal edema (76.00). The moderate importance is found in anemia and pus cell clumps whereas coronary
artery disease, sugar, and specific gravity have less but significant impact. This distribution is based on the fact that chronic
conditions and key laboratory indicators are the most powerful determinants of model performance.

F. Train-Test Split

The dataset has to be divided into training and testing when data processing was finished. The remaining 80% of the dataset is
used for training, with 20% reserved for testing.

G. SMOTE for Balancing

The SMOTE strategy, which enhances the illustration of the minority class, mitigates the effects of class imbalance. By adding
synthetic examples, SMOTE improves learning by giving the classifier a more evenly distributed training set. Two strategies to
address class imbalance were to identify the minority class and determine the imbalance ratio. Next, the SMOTE method was used
to create synthetic samples by interpolating between minority examples that were selected at random and their closest
neighbours. To provide a more representative dataset for model training, these artificial examples were added to the training set
until the appropriate balance was reached.
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Class Distribution: Imbalanced vs Balanced
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Fig. 5. Bar Graph for Imbalance and Balance Class Distribution

Fig. 5 presents a bar graph of the distribution of imbalanced and balanced classes in CKD prediction. The class of ckd has 250
samples, whereas the class of not ckd has only 150 samples in the imbalanced dataset, showing the skewness in representation.
Once balancing is complete, the two classes are set to 250 samples per category to represent both categories equally. The
visualization clearly shows how balancing helps correct class imbalance, making it more appropriate for creating reliable
classification models.

H. Proposed GPT-40 Model

The feedforward network is position-wise fully coupled and consists of a multi-head self-attention mechanism each of the two
main sub-layers that make up GPT-4's multi-layer design. For tasks like translation, text production, and summarisation that call for
context comprehension, the self-attention mechanism allows the model to determine the relative relevance of different tokens in
the input sequence [14]. Furthermore, GPT-4 incorporates positional encodings to account for the order of the word sequence,
resolving a major issue with the original Transformer model—namely, its inability to automatically capture sequential data.

The pre-training process is based on a large, diverse set of text and multimodal data and is run with substantial parallelization
on large-scale GPUs/TPUs to train billions of parameters. This enables GPT-40 to capture long-range dependencies, semantic
relationships, and syntactic patterns, leading to excellent performance on tasks such as question answering, reasoning,
summarising, and conversational discourse. The GPT-40 goes through supervised fine-tuning after pre-training and Reinforcement
Learning from Human Feedback (RLHF), during which human evaluators check outputs for accuracy, safety, and relevance. This
stage of fine-tuning makes the model more in line with what people want, reduce biases and improve reliability, which is why this
model can be used in sensitive settings, such as clinical decision support, where accuracy, interpretability, and safety are of utmost
importance. Additional refinement of the system based on medical literature and clinical guidelines to domain-specific fine-tuning
makes it more useful in the healthcare environment.

I. Evaluation Parameters

The classifiers' ability to identify diabetes was evaluated using metrics such as AUROC, precision, specificity, sensitivity, and
accuracy. This measurement is computed using a confusion matrix, which performs a matrix-like comparison between the actual
and predicted classes. Therefore, the following estimated values are provided:

o True positive (TP): It estimates the proportion of the expected class's positive events when the actual class was equally

positive.

¢ True negative (TN): It estimates the probability that the expected class would have negative outcomes, and the real class
did as well.

e False positive (FP): It analyses the frequency with which the projection class was positive, but the actual class was
negative.

¢ False negative (FN): It examines how frequently the actual class was positive while the projected class was negative.
Then, several assessment metrics—which are as follows—are altered:

1) Accuracy: The accuracy is calculated by dividing the total number of accurate forecasts by the total number of
predictions. It is computed using equation (2):

TP+TN
TP+Fp+TN+FN

@)

Accuracy =

2) Sensitivity: It is the proportion of positives among all positives that are accurately detected. It is computed using
equation (3):
I TP
Sensitivity = TPIFN 3)
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3) Specificity: It is defined as the percentage of all negatives that are accurately detected. It is computed using equation (4):

TN
TN+FP (4)

Specificity =
4) F1-score: It is a measure of the harmony between sensitivity and precision on a single parameter, and its values range
from 0 to 1. The closer it is to 1, the better. Equation (5) determines it:

PrecisionxRecall
Precision+Recall

F1 —score=2X%

5)
5) MCC: MCC is an efficient statistic for assessing performance on unbalanced datasets since it takes into account every
component of the confusion matrix. Equation (6) calculates it:

(TPXTN)—(FPXFN)
J(TP+FP)(TP+FN)(TN+FP)(TN+FN)

Mcc = (6)
6) AUROC: It is an assessment metric that manipulates the true positive and false positive rates, respectively, to create a
result. This number is closest to 1, which is what a good model considers.

IV. RESULTS AND DISCUSSION

The AMD Ryzen 5 5600X 6-core CPU, 32 GB of RAM, a GeForce 3060 Ti (NVIDIA), Python 3.7.11, and PyTorch 1.11.0 made up
the experimental setup. To implement the metamodel, Python was selected as the programming language, and the scikit-learn
package was used. The metamodel was trained in Google Colab. As shown in Table I, five assessment metrics were used to
evaluate LLM's performance: MCC, F1-score, recall, accuracy, and precision. The model has 99.17% accuracy, indicating strong
overall predictive power. The sensitivity of 99.98% indicates its usefulness in supporting clinical decision-making by accurately
determining the cases of CKD. Also, the high F1-score (98.85) and MCC (98.21) indicate that GPT-4o is appropriate for CKD
diagnosis despite possible class imbalance.

TABLE I. EXPERIMENT OUTCOME OF LLM MODEL ON CKD DATA
Matrix GPT-40
Accuracy 99.17
Sensitivity 99.98
Specificity 98.70
F1-score 98.85
MCC 98.21

Confusion Matrix
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=
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Fig. 6. Confusion Matrix of GPT 40 model

Fig.6 shows the confusion matrix of GPT-40 model on predicting CKD in which the true labels are compared to the predicted
labels. The table indicates that 43 non-CKD patients were appropriately categorized, with only one patient being wrongly
categorized as CKD, and all 76 CKD patients were correctly identified without any false negatives. This distribution shows that the

model has strong diagnostic potential, with very high accuracy and reliability, and a low error rate, which may be utilised to
distinguish between patients with and without CKD.
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Fig. 7. Plot Accuracy Curve of GPT-40 Model

The GPT-40 model's training and validation accuracy curve with 200 epochs is displayed in Fig. 7. The accuracy is high at the
first training stage, which means that the features are learned well and, however, in both training and validation sets, it
progressively gets closer to 100%. The tight correspondence between the two curves with a small difference shows that there is
stable learning behavior, high generalization performance and very small overfitting during the training process.

Training and Validation loss
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Fig. 8. ROC Curve of GPT-40 Model

The ROC curve for the GPT-40 model is shown in Fig. 9 and plots TPR (sensitivity) versus FPR (1-specificity). The blue curve
shows the model's discriminative power compared with the red dashed diagonal line, which represents random classification. An
orange mark at the upper-left corner shows that there is a critical threshold that has a high sensitivity yet low false positive rate.
The value is 0.996, indicating that the GPT-40 model is highly effective in its classification performance, as it can effectively
distinguish between CKD and non-CKD patients.

TABLE . PERFORMANCE COMPARISON OF EXISTING AND PROPOSE MODEL ON CLINICAL AND CKD DATASETS
Classifiers Datasets Accuracy | Specificity Sensitivity F1-score AUC
ChatGPT ADA: RF clinical-trial dataset 0.892 0.903 0.884 0.894 0.954
[15]
GatorTronGPT-20B | 82 billion clinical texts | - 0476 0.521 0.500 -
[16]
PubMedBERT [17] Acute-renal-failure- 0.832 0.952 0.200 0.276 0.596

from-clinical-notes

CXR model [18] 0.81 0.23 0.86 0.36 0.71
MLP [19] MIMIC-IV 0.64 0.63 0.75 - 0.74
XGBoost [20] 78.0 27.3 96.7 - -
Random forest [21] 0.655 - - 0.442 0.800
GRU-D [22] 94.0 - - 431 89.1
SVM [23] MIMIC-III 0.76 0.75 0.78 - 0.86
RoBERTa-OHFT- 0.557 0.565 0.557 0.539 0.831
DeCLUTR [24]
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KNN [25] 0.74 0.79 0.78 0.78 -
Ridge [26] 95 89.47 97.14 93.15 -
ANN [27] CKD dataset 96.25 94 90.32 97 -
GB [28] 0.662 0.674 0.69 0.658 -
Propose 99.17 98.70 99.98 98.85 0.996

Table Il shows a quantitative comparison of current models and the proposed GPT-40 framework on clinical and CKD data.
Current methods like ChatGPT ADA: RF report the accuracy of 89.2% whereas PubMedBERT has the accuracy of 83.2% which
restricts its applicability to clinical use. CXR and GRU-D models are characterized by high sensitivity (86.0% and 94.0%,
respectively) but low specificity and F1 Scores, indicating that predictions are unbalanced. The conventional machine learning
classifiers, MLP (64.0% accuracy), SVM (76.0%), and KNN (74.0%), have moderate and haphazard performance. Ridge (95.0 percent
accuracy) and ANN (96.25 percent accuracy) still do better on the CKD dataset than a number of baselines but is still worse than
the proposed model. Conversely, the suggested GPT-40 has the best overall performance which outperforms existing methods in
terms of superior balance, robustness and diagnostic reliability.

The proposed GPT-40 framework offers important benefits over existing frameworks, achieving higher accuracy, sensitivity,
and specificity, and a higher AUROC, providing reliable, balanced CKD diagnosis. It has almost ideal sensitivity, which guarantees
the fewest false negatives, which is important in clinical screening, and high specificity, which minimizes false alarms. Consistent
high F1-score and MCC demonstrate efficacy even with class imbalance, illustrating good generalization and the appropriateness
of GPT-4o for real-world clinical decision support systems.

V. ConNcLusioN AND FUTURE WORK

Generative artificial intelligence has become a paradigm for improving clinical decision-making through more accurate, data-
driven insights. This paper proposes a clinical decision support model trained with a large language model to predict diseases. The
experimental outcome on the CKD data proves that the proposed GPT-4o0 framework provides superior performance with
obtaining 99.17 percent accuracy, MCC of 98.21, and an automatic under-recurve (AUROC) of 0.996. These results show that the
predictive accuracy is very good but also high robustness and balanced classification which are necessary to have clinical reliability.
Compared to the existing machine learning, deep learning, and LLM-based systems, the proposed model is always better than the
previous systems such as ANN, Ridge, SVM, and other clinical language models, which report relatively low accuracy, sensitivity, or
generalization ability. The low rate of false-negatives also emphasizes its appropriateness in clinical screening and early illness
detection. Overall, the results support the hypothesis that generative large language models can effectively facilitate structured
clinical diagnosis and are a promising future for clinical decision support systems.

A. Recommendations

The suggested generative Al-based clinical decision support system can be successfully implemented in hospital information
systems to enable clinicians to screen for and diagnose CKD in the early stages. Such systems are intended to be implemented as
decision-support systems, not to replace clinical experience, as human control is required in critical situations. Data governance,
validation of the model and frequent updates with new clinical data are all required to ensure reliability, safety and trust in real-
world healthcare environment.

B. Challenges

Although the proposed generative Al-driven framework performs well, there are still several challenges. The reason is that the
model's current validation is based on a relatively small, single-source dataset and may not be applicable to other clinical groups.
There is also the challenge of relying on quality and well-documented data on clinical data since the real-life medical records
usually have noises and discrepancies. Besides that, large language models have high computational and resource costs, which
limits their application in low resource health care. Lastly, there are problems concerning the model's interpretability, clinical trust,
data privacy, and regulatory compliance, which should be taken into consideration before real-world application.

C. Future Work

Further studies can build on this framework to make predictions of multiple diseases based on bigger and more varied clinical
data in actual hospital environments. Using longitudinal patient records and unstructured clinical notes could also improve
diagnostic accuracy. Also, enhancing the explainability and interpretability of generative Al decisions will aid in clinical adoption
and external validation and real-time deployment studies will aid in evaluating scalability and generalizability to other healthcare
systems.
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