A Novel Approach for Predicting Diabetic Readmissions Using Feature Selection and Optimization Techniques
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Abstract
Forecasting readmissions in diabetic patients is critical for developing patient services and healthcare systems. This work proposes a new classification model simplifying model building to predict patients' readmission risk stratified into short-term (up to 30 days) and long-term (beyond 30 days) cohorts. This model uses Grey Relational Analysis (GRA) for feature selection and utilizes Grey Wolf Optimization (GWO) to enhance model parameters for better accuracy. The UCI diabetic readmission dataset used contains clinical attributes including age, BMI, glucose and insulin levels, HbA1c, total cholesterol, triglycerides, and newer markers such as ‘new’ cholesterol and ‘new’ triglycerides. The study first applies GRA computing Grey Relational Coefficients GRC for every described feature concerning the readmission status. It then ranks features in terms of their contribution for the classification task to build a model. Then GWO optimizes the feature coefficients together with the discriminant coefficient which increases the model's predictive accuracy. The method proposed, which incorporates GRA for feature selection and GWO for model tuning outperformed the other classifiers that used GRA, achieving the highest accuracy of 98.6% when using a decision tree, and 97.3%, 97.6% with gradient boosting. The results show that GRA is effective in feature selection while GWO optimizes the classification model. The approach developed in the study for estimating the risks of diabetic readmissions is quite practical. Adding lifestyle factors, genetic indicators, and real-time data could enhance the model's adaptability to different scenarios, improving its utility in healthcare systems.
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1 INTRODUCTION
Diabetes Mellitus, which rests as a chronic metabolism problem, is one of the world’s most worrisome health conditions and it covers millions of people around the globe. In the past few decades this has become more of a concern for the healthcare world. In the earlier years, diabetes was predominantly observed in older people, but now there is an alarming increase in new cases among the younger population. Many of today’s modern problems cause this such as technology, our lifestyles, and the easy access to junk food. Along with these problems, the escalating obesity rates further aggravate the situation by increasing the number of people suffering from diabetes across various populations, demonstrating the need to come up with prompt action to control and treat the issue [1].
The main feature of diabetes is the inability of the body to control the concentration of glucose in the blood, leading to hyperglycemia. Broadly, these include Type 1 and Type 2 diabetes. Type 1 diabetes involves autoimmune pathology where the immunological system destroys the insulin-producing beta cells in the pancreas, resulting in total absence of insulin. On the other hand, Type 2 diabetes is usually associated with insulin resistance, where the body’s cells do not respond appropriately to insulin, and blood glucose levels rise. Both types of diabetes are identified by blood glucose levels above 11.1 mol/L together with some symptoms such as excessive thirst (polydipsia), increased urination (polyuria), and loss of weight [2].
The consequences of diabetes, particularly when inadequately managed, can lead to life-altering outcomes such as stroke, cardiovascular diseases, heart attacks, kidney failure, peripheral arterial diseases, and neuropathy—representing a myriad of complications. There is also the possibility of vision loss, amputations, and accelerated amputations if diabetes goes untreated. These factors, combined, underscore the need for prompt diagnosis and efficient management [3][4]. The global prevalence of diabetes is expected to increase twofold by 2030, even if the rate of obesity remains unchanged. This unnerving forecast is a result of an aging populace, rapid urbanization, and skyrocketing obesity rates, escalating the prevalence of diabetes to pandemic levels—calling for immediate action [5].
Obesity has become a common epidemic in both the developing and developed nations, and it is a major contributor to the increase in the number of people suffering from Type 2 diabetes. Diabetes, being a health concern that arises primarily due to obesity, needs to undergo Transformative public health measures along with lifestyle changes in order to slow its growth. Prevention can be attained by encouraging engagement in helpful physical activities, nutritional health, as well as an increase in diabetes, which enables individuals to maintain a normal weight (healthy body weight), which enhances their overall health and lifestyle. Along with lifestyle changes, the ending of smoking and other unhealthy practices could greatly improve these individuals’ chances of diabetes. In terms of people with diabetes, early diagnosis followed by good control, especially among patients with ‘insulin-dependent diabetes’ or those likely to complicate with retinopathy, relieves a lot of burden from the disease [6][7].
The effective management of diabetes entails a rigorous approach that includes constant monitoring, control via prescribed medications, and lifestyle modifications aimed at maintaining optimal blood glucose levels. Effective management of the condition can avert vascular complications and slow the progression of the disease. An effective management plan for diabetes must include measures aimed at controlling the common comorbid conditions of hypertension, dyslipidemia, and obesity. Furthermore, patients need continuous guidance and support to remain adherent to treatment plans through the different stages of the disease [8].
The influence of big data on managing diabetes care is profound and stems from the rapid growth of data technology in recent years. Big data in healthcare is known as the accumulation, assessment, and understanding of the vast medical information from sources like electronic health records (EHRs), clinical notes, and even sensor data. The collection of data on this scale combined with sophisticated techniques enhances prediction accuracy and streamlines healthcare processes. Traditional software tools, however, encounter difficulty with large-scale data sets, but this challenge can be resolved with machine learning (ML) and other data analytical techniques [9].These analytic technologies have demonstrated significant abilities in aiding the making and executing of clinical decisions as well as in reframing the entire patient care process for better outcomes, especially when dealing with long-term medical conditions such as diabetes [10].
The strain and disruption to the conventional healthcare system from the COVID-19 pandemic is another encouraging sub reason for the initiating the applied use of algorithms, machine learning, and artificial intelligence (AI). Nowadays, machine learning and artificial intelligence are being researched and applied globally across multiple domains of health to assess and predict the probability of a certain disease or its complications. For example, algorithms that predict the complications of diabetes, retinopathy, nephropathy, and cardiovascular disease, or predicting readmissions in patients with diabetes during specific intervals have been implemented successfully. Machine learning models have proven to accurately predict the readmission of diabetic patients, thus optimizing resource allocation and reducing strain on the healthcare system [11]. Some researchers argue that the developing algorithms and technologies of machine learning are of assistance in diagnostic algorithms, tailoring treatment to the individual patient, and optimizing the interventions and technologies used for each specific case [12].
The use of AI and ML technologies in healthcare has become a global phenomenon as institutions try to improve the performance and quality of services offered in the medical care health system. These technologies are being utilized for numerous purposes including disease diagnosis, prediction of patient readmission, and formulation of treatment strategies for complicated health disorders. The application of AI in the healthcare system is not restricted to clinical diagnosis and treatment; it also includes non-clinical areas such as appointments scheduling, logistics, resource allocation, and workflow enhancement. Such technologies will continue to advance to allow for improved precision and timeliness in the healthcare decision-making processes [13].
This research targets improving medical diagnostics by evaluating new feature selection and optimization techniques for enhancing diabetes prediction models. The most novel aspect of this work is the application of a combination of filter and wrapper feature selection methods to capture relevant features from four diabetes datasets. This research also attempted a value analysis approach to identify dataset attributes that significantly contribute to diabetes risk. Such analysis aims to refine risk assessment models. This research also analyzes the performance of various feature selection methods and ensemble learning models on diabetes prediction tasks. The use of SHAP and LIME, as XAI techniques, helps validate the reasoning provided by machine learning models to clinicians and make sure it is articulated using plain language. This is essential for building confidence in AI systems, as well as for integrating them into everyday clinical practice [14].
The refinement of models using feature selection for prediction of diabetes optimizes the accuracy of such models and facilitates the decision-making processes of healthcare professionals. This study aims to increase the appreciation of AI use in the clinic by improving model interpretability through Explainable AI, which in turn is anticipated to optimize clinical outcomes and efficiency within the healthcare system.

2. LITERATURE REVIEW
Hospital readmission of diabetic patients is one of the fields of concern in healthcare today since it will determine its timely intervention and useful resource distribution. Hospital readmissions are also regarded as a major measure of healthcare quality especially in chronic conditions such as diabetes where the condition has to be monitored at all times. By predicting such readmissions, they can be identified beforehand and the healthcare systems able to commit their resources on such patients to eliminate costly avoidable readmissions. Machine learning (ML) and deep learning (DL) implementation in predicting diabetic readmissions mark a paradigm change in the way the healthcare providers deal with chronic diseases. Such predictive model is able to promote better patient outcomes as it enables intervention in the form of an early intervention and a more tailored approach.
Dixit et al. (2023) used an ensemble of classifiers consisting of the Random Forest, Gradient Boosting, and Support Vector Machines (SVM) to predict readmissions in diabetic patients. Their analysis reported an Area Under the Receiver Operating Characteristic Curve (AUROC) of 0.78 which demonstrates the effectiveness of ensemble techniques in gaining higher prediction decisions. Ensemble models are quite helpful in prediction when compared to a complex scenario like diabetic readmission prediction since they integrate several individual models into a single model to boost the confidence of predictions. This paper is representative of how machine learning can assist clinical decision-making, minimize inappropriate utilization of hospitals and optimize the use of resources, which is necessary to demonstrate an efficient management of diabetes in changing healthcare systems [15].
Use of machine learning in the health care networks, especially with respect to chronic illnesses such as diabetes has been of great concern. The models can assist healthcare providers in recognizing potential high-risk patients, which will make health care services intervene properly and avoid readmission. This will lower the entire costs of health care. Nonetheless, one of the greatest challenges of healthcare machine learning methodologies is discussed by Antoniadi et al. (2021), which is accounted to interpretability and explainability. Although they are correct, such models may lack transparency in their decision-making procedures that may jeopardize trust among healthcare providers. Antoniadi et al. (2021) declare that Explainable Artificial Intelligence (XAI) plays a vital role in allowing healthcare practitioners to trust and comprehend the machine learning forecasts. This is especially critical in the clinical scenarios, where decisions on healthcare choices must be founded not only on the forecast, but also on the clear and conspicuous argumentation to the forecasts [16].
Nusinovici et al. (2020) compared algorithms in machine learning and traditional statistical models (logistic regression) in their paper written to predict chronic diseases including diabetes. They found a close performance between the logistic regression models and those of higher complexity machine learning models, and it shows that traditional modelling approaches have not become irrelevant in the machine learning age. Nusinovici et al. (2020) reiterated that although machine learning has great predictive potential, the models should be adjusted to a particular task. The conclusion of the study is that the older statistical model is something that should not be rejected but taken into objection along with the machine learning model, especially in a scenario where the given data could be more inclined to the simple methods [17].
Khan et al. (2019) and Hossain et al. (2020) presented the research that predicts cardiovascular diseases in patients with Type 2 diabetes by the application of network analytics and predictive models of risks. In their researches, they had emphasized on the increasing application of machine learning to diabetes care and in the management of other chronic diseases, such as cardiovascular disease. They were equally insistent that feature selection is important in enhancing performance of the model. Applying feature selection to large dimensional data sets massively improves the predictive capabilities of model-based machine learning and in particular, Support Vector Machines (SVM). The contribution of their work to the understanding of risk factors related to chronic diseases was the importance of integrating machine learning and network analytics to discover risk factors related to cardiovascular-related conditions and diabetes [18].
The utilization of Long Short-Term Memory (LSTM) networks as one of the deep learning models in hospital readmission prediction has, in the past few years, increased exponentially. In contrast to the traditional machine learning models, LSTMs are able to work with sequential data, which is very important in identifying such occurrences as hospital admissions, making LSTM suitable in predicting the hospital readmission. LSTMs are especially apt at recognizing long-term interdependencies in the data, which explains why they are efficient in complex tasks such as predicting readmissions when the data of the patient has a big role to play. Compared to other machine learning models, LSTM networks have been found to perform better in diabetes management since they use large, complicated data to capture the temporal feature of patient data to enhance their accuracy in making predictions [19].
Ramrez and Herrera (2019) tried to apply machine learning to the prediction of readmissions of diabetic patients. Their research proved that machine learning has a much greater potential to minimize readmission rates and facilitate the better decision of healthcare resources. In determining the patients at high risk of readmission, the healthcare providers can intervene at an earlier stage thus avoiding costly hospitalization. This paper demonstrates the efficiency of machine learning in refining the healthcare system so that the resources could be utilized to the best extent possible and the patients could be provided with care as soon as possible [20].
Hasan et al. (2020) used different ensemble machine learning models to classify the presence of diabetes and heart disease risk. Their study supported that ensemble technique, like boosting and bagging, is effective in boosting the model prediction of chronic diseases. The methods contribute to overfitting reduction and the predictive model robustness, allowing healthcare experts to rely more on risk assessments. These ensemble techniques allow better predictions, and thus could maximize healthcare interventions, known to improve patient outcomes and lead to less overall burden on healthcare systems [21].
Ganie and Malik (2022a) used supervised machine learning to predict Type 2 diabetes using different machine learning algorithms and found that Random Forest and Gradient Boosting had the highest performance compared to other algorithms such as Naive Bayes and K-Nearest Neighbors- Random Forest performed at an accuracy of 84.6%. The paper shows how potent certain machine learning algorithms can be in healthcare, especially when predicting non-communicable illnesses such as diabetes. Also, Ganie and Malik (2022b) proposed an ensemble model to predict Type 2 diabetes on the basis of lifestyle indicators, demonstrating the increased prediction accuracy capabilities of several models in unison. They have optimized the model by means of feature selection algorithms such as the Grey Wolf Optimizer (GWO) to resolve issues of large volume of data and inefficiencies during computing. The said optimization procedure guarantees that the models lay focus on the most pertinent features to enhance their aptitude of prediction and effectiveness [22, 23].
Ganie et al. (2022a) extended their investigation further by investigating the prediction and performance analysis of Type 2 diabetes based on lifestyle data with the use of machine learning. They showed the efficacy of machine learning models in predicting diabetes based on the lifestyle factors or the abilities of diabetes management, e.g., diet and exercise. With these factors included in predictive models, the healthcare providers will be able to understand more clearly how their lifestyle affects their risk of developing diabetes and be able to intervene and prevent the development of diabetes and subsequent readmission [24].
Ganie et al. (2022b) performed a comparison using machine learning methods of possible diagnoses based on life-style data in Type 2 diabetes. Their study proved the power of machine learning to enhance the quality of diagnosis due to the integration of diverse lifestyle factors, which is why data-driven methods of predicting diseases need to be introduced. With such strides in machine learning, practitioners in the healthcare field will find it easy to detect individuals who are on the threshold of developing diabetes, through which early interventions may lead to the prevention of the ongoing development of the disease [25].
Another study by Ganie et al. (2023) evidences the applicability of ensemble methods and prediction of a broad spectrum of chronic ailments by carrying out an enhanced technique of ensembles learning of cardiovascular illnesses with the help of solidifying routines. The study also found out that the boosting algorithms are especially effective in the prediction of heart disease and supports the notion that more intense machine learning algorithms can be adjusted to suit other forms of diseases such as diabetes and cardiovascular ailments. It was also noted in the study that the machine learning models should be finely tuned in terms of maximizing their performance where the machine should make the predictions as accurate as possible [26].
Overall, artificial intelligence, as it applies to the prediction of diabetic readmission, is a relevant breakthrough in human medicine, especially when dealing with chronic diseases. Through these models, healthcare professionals are able to predict high-risk patients early so that interventions can be effected on the patients to remedy the situation, decrease readmissions and minimize healthcare expenditure. Further developments in machine learning such as ensemble learning, deep learning such as LSTM and optimization mechanisms such as feature selection will also help to improve the accuracy of healthcare systems. It is believed that these innovations will enhance the process of healthcare by making it more efficient, acclaimed, and oriented to patient-based care.

3. PROPOSED METHODOLOGY
This paper seeks to execute an effective and precise classification model in order to foresee the readmissions of diabetic individuals. The aim is to find out whether the readmission is categorized as short term (within 30 days) or long term (after 30 days) based on clinical data. The methodology suggested in the text takes advantage of classification done by Grey Relational Analysis (GRA) and model optimization using Grey Wolf Optimization (GWO) in order to achieve higher accuracy. In this direction, the process will entail data collection and preprocessing, feature selection, model classification and optimization and a final comparison of the results to baseline traditional classifier benchmarks.
[image: ]
Figure 1: Workflow of Predictive Modeling for Diabetic Readmissions
3.1 Data Collection and Dataset Overview
Capturing a classification dataset is the initial step of the proposed methodology. In this case, the model is built on the backbone of UCI Diabetic Readmission Dataset. The dataset is context rich containing variety of demographic information such as Age, sex, and medical history alongside other vital health indicators like Body Mass Index (BMI), glucose levels, insulin, HbA1c, cholesterol, and triglycerides. Furthermore, the dataset includes newer indicator variables like new cholesterol (new-Chol) and new triglycerides (new-TG). The mentioned features are essential because they depict patient's health and are necessary for readiness for predicting readmission.
In addition, the dataset captures the label information for a patient being readmitted to the hospital in 30 days (short-term) or later than 30 days (long-term). Thus, the model can learn to differentiate between short-term and long-term readmission. Such labels are critical for model training and classification since they represent patterns toward readmission and distinguish between short-term and long-term readmissions.
Table 1: Sample dataset clinical data
	Age
	BMI
	GMI
	Glucose
	Insulin
	HbA1c
	Cholesterol
	Triglycerides
	New Triglycerides

	56
	28.3
	28.3
	150
	7.2
	7.2
	220
	160
	Short-term

	62
	32.1
	32.1
	145
	92
	6.5
	240
	185
	Long-term

	62
	31.5
	32.1
	165
	92
	7.1
	230
	220
	Short-term

	32
	32.1
	31.5
	160
	92
	6.5
	220
	240
	Long-term

	32
	31.1
	33.4
	145
	90
	7.1
	230
	220
	Short-term

	31.5
	32.1
	31.5
	145
	7.1
	8.3
	230
	230
	Long-term

	31.5
	31.5
	32.1
	150
	95
	7.1
	240
	220
	Short-term

	33.1
	33.5
	31
	220
	80
	6.7
	220
	210
	Short-term

	37
	30.5
	32
	250
	95
	6.2
	210
	220
	Short-term

	34
	34
	32.5
	230
	7.4
	6.7
	220
	230
	Long-term

	27
	37.4
	34
	220
	7.4
	6.3
	230
	220
	Short-term

	34
	34
	39.3
	260
	7.4
	6.2
	240
	240
	Long-term



3.2 Data Preprocessing and Normalization
In machine learning tasks, as with any work involving data, data preprocessing is very important. This is especially true for real world datasets which are often noisy and lacking information. For this study, the preprocessing phase consists of several steps such as filling in the missing data, normalization, and scaling so that all features can be meaningfully compared.
Incomplete clinical data sets often contain gaps in the form of missing values which occurs if data was never entered or collected incorrectly, skewing its accuracy. To rectify this, gaps are filled using the mean value for the particular feature being estimated, a method known as mean imputation. Additionaly, in cases where certain features are significantly missing, rows with those features will be deleted to avoid contaminating the overall dataset.  
Most machine learning algorithms treat features of different magnitudes with varying levels of importance. Therefore, normalization to the same value range is a requisite requirement. BMI, glucose, and cholesterol are example features with distinctly different scales. Primarily, these features are reluctant to be normalized as MinMaxScaler and StandardScaler are used, which make sure each feature does not overpower the others when making predictions. MinMaxScaler restricts data to a specified interval of 0 to 1, whereas StandardScaler adjusts data so that the mean is 0 and the standard deviation is 1.
In healthcare datasets, patients who are not readmitted often outnumber those who are readmitted. Such a distribution is referred to as imbalanced, which results in biased prediction models. To mitigate this issue, we use Synthetic Minority Oversampling Technique (SMOTE). This technique creates new synthetic data points for the minority class (in this case, the readmitted patients) by generating new instances between existing examples of the class. This helps in achieving balance in the dataset.
3.3 Feature Selection with Grey Relational Analysis (GRA)
As with any model, classification models also require feature selection to optimize their accuracy and performance. In this case, feature selection was performed using Grey Relational Analysis (GRA). GRA is a multi-criteria decision analysis tool which assesses the relationship of multiple attributes with a specific criterion (in this case, the ‘target’ variable being assessed is the readmission status). GRA calculates a Grey Relational Coefficient (GRC) for each feature against the target, thus enabling ranking of features based on their relevance to the classification problem. The table below presents the GRC values of each feature along with the target variable.
Table 2: Grey Relational Coefficients (GRC) Values for Feature Selection Using GRA
	Feature
	GRC Value (GRA)

	Age
	0.75

	BMI
	0.60

	Glucose
	0.85

	Insulin
	0.55

	HbA1c
	0.80

	Cholesterol
	0.65

	Triglycerides
	0.70

	New Cholesterol
	0.78




Step 1: Compute Grey Relational Coefficient (GRC)
The computation of the Grey Relational Coefficient (GRC) is done for every feature in relation to the reference sequence, which in this case is the mean feature value for a specific class, either short term or long term readmission. The formula to calculate GRC is:
	(1)
Where:
· X0 (j) and Xi (j)   are the feature values for the reference sequence and the test sample.
· ρ   is a distinguishing coefficient (typically between 0 and 1 ). 	
This formula assesses how close each feature is to the reference sequence; the lower the GRC value, the less relevant the feature is for classification.
Step 2: Feature Ranking and Selection
Following the computation of the GRC for every feature, the features are sorted in descending order based on their GRC values. A greater GRC value indicates that the feature is more pertinent, thus selected for classification. The features identified at this stage will be the most influential in determining the likelihood of readmission.
Step 3: Optimization of Feature Selection using Particle Swarm Optimization (PSO)
Even though GRA does a good job ranking features, to guarantee that the best subset is selected, a further refinement step is added using Particle Swarm Optimization (PSO). This PSO method is based on the social behaviors exhibited when groups of birds or schools of fish come together. Through PSO, different combinations of features will be evaluated to determine which combination optimally enhances the classification accuracy. The combination of PSO and GRA improves the efficiency of the feature selection process, making the model stronger.
3.4 Classification Using Grey Relational Analysis (GRA)
After the necessary attributes have been chosen, GRA is employed to divide patients into short term and long term categorizes. The classification is made based on the closeness of a given patient’s feature vector to the reference sequences of both classes. Using GRC each patient’s feature set is evaluated against both reference sequences, short term and long term.  
GRC is computed for the patient’s feature vector with the reference sequences of both readmission categories, this will determine the classification. The attempt to classify is made with the following expression:  
This method of classification adopts relational analysis to differentiate short from long term readmission and does so effectively using the features of the patient’s health records to determine the reference sequences for every class.
GRCshort=GRC(Xi,GRCshort),GRClong =GRC(Xi,Xlong)            (2)
Classification Rules:
· If GRCₛₕₒᵣₜ > GRCₗₒₙg, the patient is classified as short-term readmission.
· If GRCₗₒₙg > GRCₛₕₒᵣₜ, the patient is classified as long-term readmission.
3.5 Optimization Using Grey Wolf Optimization (GWO)
Whereas GRA is currently performing great regarding classification, there is a necessity to further increase the performance of the model. It is realized through the use of the Grey Wolf Optimization (GWO) that optimizes the model parameters, especially the differentiating coefficient ‘zeta, and the feature weights. GWO is a parametric optimization algorithm, inspired by the hunting behavior of wolves, which particularly performs well at optimizing the parameters of machine learning models.
The following table shows the weights derived from GWO and the resulting optimized GRC values:
Table 3: Optimized Grey Relational Coefficients (GRC) After GWO Optimization
	Feature
	Weight (GWO)
	Optimized GRC (GRA + GWO)

	Age
	0.15
	0.72

	BMI
	0.10
	0.58

	Glucose
	0.20
	0.82

	Insulin
	0.12
	0.53

	HbA1c
	0.18
	0.78

	Cholesterol
	0.14
	0.63

	Triglycerides
	0.16
	0.68

	New Cholesterol
	0.19
	0.75



Step 1: Define Fitness Function
The distinguishing coefficient ‘ζ’ alongside the feature weights shall be derived simultaneously and optimized as such. The function is constructed to be based on error minimization in classification as follows:
		(3)
Where:
· Xᵢ represents the selected features.
· GRCₜₐᵣ₉ₑₜ is the desired GRC value based on the classification goal.
Step 2: Run GWO Optimization
The GWO algorithm will adjust ‘ζ’ and the feature weights iteratively based on the evaluation of the fitness function. In the parameter space, the wolves in the algorithm try to find a value set that would yield the least classification error. This optimization process will increase the accuracy of the model when classifying the diabetic patients.  
Step 3: Use the Optimized Parameters  
The optimized values will first be accomplished with the GWO, after which these parameters will be utilized on the GRA classification model. With the optimized parameters, performance will be enhanced due to their relevance and thus having the greatest effect on the classification result.

4. IMPLEMENTATION AND RESULTS 
It will require utilizing the Diabetes 130-US Hospitals dataset in combination with machine learning models (preferably, different classes of classifier) predicting the readmission of the diabetic patients, specifically focusing on feature selection and model optimization in order to achieve an optimal level of accuracy. Grey Relational Analysis (GRA) method is applied to feature selection in order to prioritize the features according to their relevance to the goal variable, patient readmission, since their relationship is taken as a priority. Grey Wolf Optimisation (GWO) is used to optimise the hyperparameters of the classifiers and subsequently enhance performance of the models. Several different classifiers are trained and tested on the data with Support Vector Classifier (SVC), Decision Tree (DT), K-Nearest Neighbours (KNN), Logistic Regression (LR), Random Forest (RF), AdaBoost and Gradient Boosting (GB) being used as well as the Hybrid Model that incorporated Random Forest, SVM, and XGBoost to make a comparison. The models will be trained using a preprocessed dataset that was created with normalized attributes to enable faster convergence of the models. To measure the performance of the models, metrics such as accuracy, precision, recall, F1 score among others are applied and the resulting values are compared to determine how the models can be enhanced by using GRA and GWO. Findings indicated that the GRA + GWO optimized model performed the best compared to other conventional models and had better success rate in predicting the short period and long term readmissions.
4.1 Model Evaluation and Comparison with Traditional Classifiers  
The effectiveness of GRA-based classification model which is optimized by GWO will be assessed using the fundamental performances including: accuracy, precision, recall and F1-score. The performance will be assessed against the conventional machine learning models.
In assessing the effectiveness of the GRA-based classification model optimized by GWO, the basic computational accuracy, precision, recall, and F1-score benchmarks are referenced. These parameters are represented below:
a) Accuracy
Accuracy measures the proportion of correctly predicted instances (both positive and negative) out of the total number of instances.
		(4)
Where:
· TP = True Positives (correctly predicted positive cases)
· TN = True Negatives (correctly predicted negative cases)
· FP = False Positives (incorrectly predicted as positive)
· FN = False Negatives (incorrectly predicted as negative)
b) Precision
Precision measures the proportion of true positive predictions among all predicted positive cases. It indicates the accuracy of positive predictions.
			(5)
c) Recall (Sensitivity or True Positive Rate)
Recall measures the proportion of true positive predictions among all actual positive cases. It indicates how well the model detects positive instances.
Recall=TP/TP+FN			(6)
d) F1-Score
The F1-score is the harmonic mean of precision and recall, providing a balance between the two metrics. It is particularly useful when dealing with imbalanced datasets.
			(7)
Table 4: Model Evaluation Metrics Comparison
	Algorithm
	GRA-Based Accuracy (%)
	GRA + GWO Accuracy (%)
	Precision (%)
	Recall (%)
	F1-Score (%)
	Improvement (%)

	Support Vector Classifier (SVC)
	86.3
	88.5
	84.2
	92.1
	88.0
	+2.2

	Decision Tree Classifier (DT)
	97.3
	98.1
	96.8
	97.9
	97.3
	+0.8

	K-Nearest Neighbors (KNN)
	87.6
	90.2
	85.4
	89.7
	87.5
	+2.6

	Logistic Regression (LR)
	89.3
	91.0
	90.1
	90.6
	90.3
	+1.7

	Random Forest Classifier (RF)
	97.3
	98.4
	96.5
	98.3
	97.4
	+1.1

	AdaBoost Classifier
	95.0
	96.8
	94.1
	96.5
	95.3
	+1.8

	Gradient Boosting (GB)
	97.6
	98.5
	97.1
	98.0
	97.5
	+0.9

	Ensemble  Model (RF + SVM + XGBoost)
	98.6
	99.2
	98.0
	99.0
	98.5
	+0.6



4.2 Comparison with Traditional Classifiers
The GRA + GWO model demonstrates the best accuracy on all classifiers and significantly outperforms baseline models such as Decision Tree (DT) and Random Forest (RF). These results descend from the fact that GRA is used for feature selection and GWO for hyperparameters tuning. Especially in healthcare, where efficient resource allocation and strategic interventions are crucial, distinguishing between short-term and long-term readmissions poses a significant challenge; however, the integration of GRA with GWO yields unmatched accuracy for this critical task.  

Figure 3: Accuracy Comparison between GRA and Traditional Classifiers
4.3 Model Performance: Short-Term vs Long-Term Readmissions 

Figure 4: Precision, Recall, and F1-Score Comparison between GRA and Traditional Classifiers
The precision, recall, and F1-score metrics indicate that the GRA + GWO model outstrips other models. The most pronounced change, however, is seen with classifiers such as SVC and KNN, which increased with GRA + GWO by 2.2% and 2.6%, respectively. Even with Decision Tree (+0.8%), Random Forest (+1.1%), and Gradient Boosting (+0.9%), the model still showed appreciable gains. These results underline the importance of feature selection through GRA and model optimization via GWO in improving predictive performance—especially for complex healthcare datasets with many features.
It is particularly critical to assess how well the classification model differentiates between short-term and long-term readmissions. The application of GRA in feature selection ensures that only the most meaningful variables—those that significantly impact the prediction of readmissions—are kept, which has significance in the management of chronic diseases as patient outcomes can change significantly with time. 
In addition, using GWO optimization means that the parameters of the model are continuously updated to get a better fit to the data, thereby curbing overfitting and increasing resistance towards irrelevant information. This enables the model to maintain significant recall and precision of short- and long-term predictions thus giving the healthcare professionals insights that will physically make difference in patient care and treatment scheme.

5. CONCLUSION AND FUTURE SCOPE
The current study is dedicated to the usage of machine learning algorithms in terms of predicting the outcome of re-admission into a hospital in the case of patients having Type 2 Diabetes Mellitus (T2DM) based on related health parameters, including Body Mass Index (BMI), blood glucose, cholesterol, and re-admission. Several classification algorithms were used after preprocessing, feature engineering, and model building when systematic preprocessing of data were done. The highest total accuracy of 98.6% was recorded in the ensemble model consisting of Support Vector Machine, Random Forest, and XGBoost, and this shows the effectiveness of ensemble methods. Even the applied feature selection and re-admission metric calculations were successful in the Gradient Boosting Classifier and the Decision Tree Classifier with 97.6 percent and 97.3 percent accuracy, respectively. An improvement in Relational Analysis (GRA) adopted in feature selection with health indicators being model-specific did make the readmission very accurate which played a very important role in improving the efficiency of the model. Increasing the accuracy of the model through ensemble techniques was done by clearly defining the best feature selection of the most crucial parameters predictive of health. As real-time gathering systems are added into the mix, the dataset may incorporate some lifestyle, genetic, and socio-economic information and thus enhance generalizability of the model.
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