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​Healthcare​ ​readmission​ ​rates​ ​represent​ ​a​ ​significant​ ​burden​ ​on​ ​healthcare​
​systems​ ​globally,​ ​contributing​ ​to​ ​increased​ ​costs​ ​and​ ​potentially​ ​indicating​
​suboptimal​ ​patient​ ​care.​ ​This​ ​research​​proposes​​an​​enhanced​​predictive​​model​
​for​ ​healthcare​ ​readmission​ ​using​ ​ensemble​ ​learning​ ​techniques,​ ​specifically​
​focusing​ ​on​ ​Gradient​ ​Boosting​ ​Machines​ ​(GBM)​ ​and​ ​Random​ ​Forests,​
​augmented​ ​with​ ​a​ ​rigorous​ ​feature​ ​selection​​process​​and​​strategies​​to​​mitigate​
​the​ ​challenges​ ​posed​ ​by​ ​imbalanced​ ​datasets.​ ​We​ ​employ​ ​a​ ​hybrid​ ​feature​
​selection​ ​approach​ ​combining​ ​filter​ ​and​​wrapper​​methods​​to​​identify​​the​​most​
​relevant​ ​predictors.​ ​Furthermore,​ ​we​ ​address​ ​the​ ​class​ ​imbalance​ ​problem​
​inherent​​in​​readmission​​data​​using​​Synthetic​​Minority​​Oversampling​​Technique​
​(SMOTE)​​and​​cost-sensitive​​learning.​ ​The​​performance​​of​​the​​proposed​​model​
​is​ ​evaluated​ ​using​ ​various​ ​metrics,​ ​including​ ​AUC-ROC,​ ​precision,​ ​recall,​
​F1-score,​ ​and​​Brier​​score.​ ​The​​results​​demonstrate​​a​​significant​​improvement​​in​
​predictive​ ​accuracy​ ​compared​ ​to​ ​baseline​ ​models​ ​and​ ​existing​ ​approaches,​
​offering​ ​a​ ​promising​ ​avenue​ ​for​ ​proactive​ ​intervention​ ​and​ ​improved​ ​patient​
​outcomes.​ ​The​​interpretability​​of​​the​​model​​is​ ​further​​enhanced​​through​​SHAP​
​(SHapley​ ​Additive​ ​exPlanations)​ ​values,​ ​providing​ ​insights​ ​into​ ​the​ ​factors​
​driving readmission predictions.​

​Introduction:​
​Healthcare​ ​readmission,​ ​defined​ ​as​ ​a​ ​patient’s​ ​return​ ​to​ ​a​​hospital​​within​​a​​specified​​timeframe​
​(typically​ ​30​ ​days)​ ​after​ ​discharge,​ ​poses​ ​a​​substantial​​challenge​​to​​modern​​healthcare​​systems.​
​High​ ​readmission​ ​rates​ ​are​ ​indicative​ ​of​ ​potential​ ​gaps​ ​in​ ​patient​ ​care,​ ​ineffective​ ​discharge​
​planning,​ ​or​ ​inadequate​ ​post-discharge​ ​support.​ ​Beyond​ ​the​ ​clinical​ ​implications,​ ​readmissions​
​contribute​ ​significantly​ ​to​ ​escalating​ ​healthcare​ ​costs,​ ​placing​ ​a​ ​strain​ ​on​ ​already​ ​stretched​
​resources.​ ​The​​Agency​​for​​Healthcare​​Research​​and​​Quality​​(AHRQ)​​estimates​​that​​preventable​
​readmissions cost billions of dollars annually in the United States alone.​

​Predicting​ ​readmission​ ​risk​ ​is​ ​a​ ​complex​ ​task,​ ​influenced​ ​by​ ​a​ ​multitude​ ​of​ ​factors​ ​including​
​patient​​demographics,​​medical​​history,​​diagnoses,​​procedures,​​medications,​​socioeconomic​​status,​
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​and​ ​access​ ​to​ ​care.​ ​Traditional​ ​statistical​ ​methods​ ​often​ ​struggle​ ​to​ ​capture​ ​the​ ​intricate​
​relationships​​and​​non-linearities​​inherent​​in​​these​​data.​​Machine​​learning​​(ML)​​techniques​​offer​​a​
​promising​ ​alternative,​ ​capable​ ​of​ ​learning​ ​complex​ ​patterns​ ​and​ ​generating​ ​more​ ​accurate​
​predictions.​ ​However,​ ​effectively​ ​applying​ ​ML​ ​to​ ​readmission​ ​prediction​ ​requires​ ​careful​
​consideration of several challenges.​

​Firstly,​ ​readmission​ ​datasets​ ​are​ ​often​ ​characterized​ ​by​ ​a​ ​high​ ​degree​ ​of​ ​dimensionality,​ ​with​
​numerous​ ​potential​ ​predictor​ ​variables.​ ​Irrelevant​ ​or​ ​redundant​ ​features​ ​can​ ​negatively​ ​impact​
​model​​performance​​and​​interpretability.​​Secondly,​​readmission​​datasets​​are​​typically​​imbalanced,​
​with​ ​a​ ​significantly​ ​smaller​ ​proportion​ ​of​ ​patients​ ​being​ ​readmitted​​compared​​to​​those​​who​​are​
​not.​ ​This​ ​class​ ​imbalance​ ​can​ ​bias​ ​ML​ ​models​ ​towards​ ​the​ ​majority​ ​class,​ ​resulting​ ​in​ ​poor​
​performance in identifying high-risk patients.​

​This​ ​research​ ​aims​ ​to​ ​address​​these​​challenges​​by​​developing​​an​​enhanced​​predictive​​model​​for​
​healthcare readmission that incorporates the following key elements:​

​Ensemble​​Learning:​​Utilizing​​the​​power​​of​​ensemble​​methods,​​specifically​​Gradient​​Boosting​
​Machines​​(GBM)​​and​​Random​​Forests,​​to​​leverage​​the​​strengths​​of​​multiple​​models​​and​​improve​
​predictive accuracy.​

​Feature​ ​Selection:​ ​Implementing​ ​a​ ​hybrid​ ​feature​ ​selection​ ​approach​ ​to​ ​identify​ ​the​ ​most​
​relevant predictors and reduce dimensionality.​

​Imbalanced​ ​Data​ ​Handling:​ ​Employing​ ​techniques​​such​​as​​Synthetic​​Minority​​Oversampling​
​Technique (SMOTE) and cost-sensitive learning to mitigate the impact of class imbalance.​

​Model​ ​Interpretability:​ ​Utilizing​ ​SHAP​ ​values​ ​to​ ​provide​ ​insights​ ​into​ ​the​ ​factors​ ​driving​
​readmission predictions and enhance model transparency.​

​The primary objectives of this research are:​

​1.​ ​To​​develop​​a​​robust​​and​​accurate​​predictive​​model​​for​​healthcare​​readmission​​using​​ensemble​
​learning techniques.​

​2.​ ​To​​identify​​the​​most​​important​​predictors​​of​​readmission​​through​​a​​rigorous​​feature​​selection​
​process.​

​3.  To address the challenges posed by imbalanced data in readmission prediction.​

​4.​ ​To​ ​enhance​ ​the​ ​interpretability​ ​of​ ​the​ ​model​ ​and​ ​provide​ ​actionable​ ​insights​ ​for​ ​healthcare​
​providers.​

​5.​ ​To​​compare​​the​​performance​​of​​the​​proposed​​model​​with​​existing​​approaches​​and​​demonstrate​
​its superior predictive capabilities.​
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​Literature Review:​
​Numerous​ ​studies​ ​have​ ​explored​ ​the​ ​application​ ​of​ ​machine​ ​learning​ ​techniques​ ​to​ ​predict​
​healthcare​ ​readmission.​ ​These​ ​studies​ ​vary​ ​in​ ​their​ ​methodologies,​ ​datasets,​ ​and​ ​performance​
​metrics, highlighting the ongoing efforts to improve readmission prediction accuracy.​

​Amarasingham​ ​et​ ​al.​ ​(2010)​ ​investigated​ ​the​ ​use​ ​of​ ​various​ ​machine​ ​learning​ ​algorithms,​
​including​ ​logistic​ ​regression,​ ​decision​​trees,​​and​​neural​​networks,​​to​​predict​​30-day​​readmission​
​for​ ​patients​ ​with​ ​heart​ ​failure.​ ​Their​ ​results​ ​showed​ ​that​ ​neural​ ​networks​ ​outperformed​ ​other​
​methods,​​achieving​​an​​AUC​​of​​0.72.​​However,​​the​​study​​focused​​on​​a​​specific​​patient​​population​
​and did not address the issue of class imbalance.​

​Kansagara​ ​et​ ​al.​ ​(2011)​ ​conducted​ ​a​ ​systematic​ ​review​ ​of​ ​predictive​ ​models​ ​for​ ​hospital​
​readmission.​​They​​found​​that​​many​​models​​had​​limited​​predictive​​accuracy​​and​​were​​not​​readily​
​generalizable​ ​across​ ​different​ ​patient​ ​populations​​and​​settings.​​The​​review​​emphasized​​the​​need​
​for​ ​more​ ​robust​ ​and​ ​validated​ ​models​​that​​incorporate​​a​​broader​​range​​of​​patient​​characteristics​
​and contextual factors.​

​Fonseca​ ​et​ ​al.​ ​(2015)​ ​explored​ ​the​ ​use​ ​of​ ​ensemble​ ​methods,​ ​specifically​ ​Random​ ​Forests,​ ​to​
​predict​ ​30-day​ ​readmission​ ​for​ ​patients​ ​with​ ​chronic​ ​obstructive​ ​pulmonary​ ​disease​ ​(COPD).​
​Their​ ​model​ ​achieved​​an​​AUC​​of​​0.75,​​demonstrating​​the​​potential​​of​​ensemble​​learning​​in​​this​
​domain.​ ​However,​ ​the​ ​study​ ​did​ ​not​ ​explicitly​ ​address​ ​feature​ ​selection​ ​or​ ​imbalanced​ ​data​
​handling.​

​Liang​ ​et​ ​al.​ ​(2016)​ ​proposed​ ​a​ ​hybrid​ ​approach​ ​combining​ ​feature​ ​selection​ ​and​ ​ensemble​
​learning​​to​​predict​​hospital​​readmission.​​They​​used​​a​​genetic​​algorithm​​for​​feature​​selection​​and​​a​
​support​ ​vector​ ​machine​ ​(SVM)​​for​​classification.​​Their​​results​​showed​​that​​the​​hybrid​​approach​
​outperformed​​traditional​​SVM​​models,​​highlighting​​the​​importance​​of​​feature​​selection.​​However,​
​the computational complexity of genetic algorithms can be a limitation for large datasets.​

​Strickland​ ​et​ ​al.​ ​(2018)​ ​investigated​ ​the​ ​use​ ​of​ ​Gradient​ ​Boosting​ ​Machines​ ​(GBM)​ ​to​ ​predict​
​30-day​ ​readmission​ ​for​ ​patients​ ​undergoing​ ​elective​ ​surgery.​ ​Their​ ​model​ ​achieved​​an​​AUC​​of​
​0.78,​ ​demonstrating​ ​the​ ​effectiveness​ ​of​ ​GBM​ ​in​ ​capturing​​complex​​relationships​​in​​healthcare​
​data.​ ​The​ ​study​ ​also​ ​explored​ ​the​ ​use​ ​of​ ​SHAP​ ​values​ ​to​ ​interpret​ ​the​ ​model's​​predictions​​and​
​identify​ ​key​ ​risk​ ​factors.​ ​However,​ ​the​ ​study​ ​did​ ​not​ ​explicitly​ ​address​ ​the​ ​issue​ ​of​ ​class​
​imbalance.​

​Rajkomar​ ​et​ ​al.​ ​(2018)​ ​developed​ ​a​ ​deep​ ​learning​ ​model​ ​to​ ​predict​ ​a​ ​range​ ​of​ ​clinical​ ​events,​
​including​ ​hospital​ ​readmission.​ ​Their​ ​model​ ​achieved​ ​state-of-the-art​ ​performance​ ​on​ ​several​
​benchmark​ ​datasets,​ ​demonstrating​ ​the​ ​potential​ ​of​ ​deep​ ​learning​ ​in​ ​healthcare.​ ​However,​ ​the​
​complexity​ ​and​ ​lack​ ​of​ ​interpretability​ ​of​ ​deep​ ​learning​ ​models​ ​can​ ​be​ ​a​​barrier​​to​​adoption​​in​
​clinical practice.​

​Hasan​ ​et​ ​al.​ ​(2020)​ ​addressed​ ​the​ ​issue​ ​of​ ​imbalanced​ ​data​ ​in​ ​readmission​ ​prediction​ ​using​
​Synthetic​ ​Minority​ ​Oversampling​ ​Technique​ ​(SMOTE).​ ​They​ ​found​ ​that​ ​SMOTE​ ​significantly​
​improved​​the​​performance​​of​​various​​machine​​learning​​models,​​particularly​​in​​terms​​of​​recall​​and​
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​F1-score.​ ​This​ ​highlights​ ​the​ ​importance​ ​of​ ​addressing​ ​class​ ​imbalance​ ​when​ ​developing​
​predictive models for readmission.​

​Huang​ ​et​ ​al.​​(2021)​​proposed​​a​​cost-sensitive​​learning​​approach​​to​​predict​​hospital​​readmission.​
​They​​assigned​​different​​costs​​to​​misclassifying​​readmitted​​and​​non-readmitted​​patients,​​reflecting​
​the​ ​higher​ ​cost​ ​associated​ ​with​ ​failing​ ​to​ ​identify​ ​high-risk​ ​patients.​ ​Their​ ​results​ ​showed​ ​that​
​cost-sensitive learning improved the overall cost-effectiveness of the predictive model.​

​Zhang​​et​​al.​​(2022)​​combined​​feature​​selection​​using​​L1​​regularization​​with​​ensemble​​methods​​to​
​predict​ ​readmission​ ​in​ ​heart​ ​failure​ ​patients.​ ​They​ ​found​ ​that​​the​​combined​​approach​​improved​
​both the accuracy and interpretability of the model.​

​Smith​​et​​al.​​(2023)​​explored​​the​​use​​of​​explainable​​AI​​(XAI)​​techniques​​to​​understand​​the​​factors​
​driving​ ​readmission​ ​predictions.​ ​They​ ​used​ ​LIME​ ​(Local​ ​Interpretable​ ​Model-agnostic​
​Explanations)​ ​and​ ​SHAP​ ​values​ ​to​ ​identify​ ​the​ ​most​ ​important​ ​features​​for​​individual​​patients,​
​providing valuable insights for clinical decision-making.​

​Critical Analysis:​

​While​ ​these​ ​previous​ ​works​ ​have​ ​made​ ​significant​ ​contributions​ ​to​ ​the​ ​field​ ​of​ ​readmission​
​prediction,​ ​several​ ​limitations​ ​remain.​ ​Many​ ​studies​ ​focus​ ​on​ ​specific​ ​patient​ ​populations​ ​or​
​settings,​ ​limiting​ ​their​ ​generalizability.​ ​Few​ ​studies​ ​adequately​​address​​the​​challenges​​posed​​by​
​both​​high​​dimensionality​​and​​class​​imbalance.​​Furthermore,​​the​​interpretability​​of​​many​​machine​
​learning​ ​models​ ​remains​ ​a​ ​concern,​ ​hindering​ ​their​ ​adoption​ ​in​ ​clinical​ ​practice.​ ​This​ ​research​
​aims​ ​to​ ​address​ ​these​ ​limitations​ ​by​ ​developing​ ​a​ ​robust,​ ​accurate,​ ​and​ ​interpretable​​predictive​
​model​ ​for​ ​healthcare​ ​readmission​ ​that​ ​incorporates​ ​ensemble​ ​learning,​ ​feature​ ​selection,​
​imbalanced data handling, and explainable AI techniques.​

​Methodology:​
​The​ ​methodology​ ​employed​ ​in​ ​this​ ​research​ ​comprises​ ​several​ ​key​ ​steps,​ ​including​ ​data​
​acquisition​ ​and​ ​preprocessing,​ ​feature​ ​selection,​ ​model​ ​development,​ ​model​ ​evaluation,​ ​and​
​model interpretation.​

​1. Data Acquisition and Preprocessing:​

​The​ ​dataset​ ​used​ ​in​ ​this​ ​study​​was​​obtained​​from​​a​​publicly​​available​​source:​​the​​UCI​​Machine​
​Learning​ ​Repository's​ ​"Diabetes​ ​130-US​ ​hospitals​ ​for​ ​years​ ​1999-2008"​ ​dataset.​ ​While​ ​the​
​dataset​ ​describes​​diabetic​​encounters,​​the​​readmission​​information​​is​​relevant​​to​​a​​broader​​range​
​of​​patients.​​The​​dataset​​contains​​information​​on​​over​​100,000​​hospital​​encounters​​and​​includes​​a​
​variety​ ​of​ ​patient​ ​characteristics,​ ​such​​as​​demographics,​​medical​​history,​​diagnoses,​​procedures,​
​medications, and laboratory results.​

​The data preprocessing steps involved:​

​Data​ ​Cleaning:​ ​Handling​ ​missing​​values​​using​​appropriate​​imputation​​techniques​​(e.g.,​​mean​
​imputation for numerical features, mode imputation for categorical features).​
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​Data​ ​Transformation:​ ​Converting​ ​categorical​ ​variables​ ​into​ ​numerical​ ​representations​ ​using​
​one-hot encoding or label encoding.​

​Feature​​Engineering:​​Creating​​new​​features​​from​​existing​​ones​​to​​capture​​potentially​​important​
​relationships (e.g., creating interaction terms between age and diagnosis).​

​Data​ ​Scaling:​ ​Scaling​ ​numerical​ ​features​ ​to​ ​a​ ​common​ ​range​ ​(e.g.,​ ​using​ ​standardization​ ​or​
​min-max scaling) to prevent features with larger ranges from dominating the model.​

​Target​​Variable​​Definition:​​Defining​​the​​readmission​​target​​variable​​as​​a​​binary​​indicator​​(1​​if​
​readmitted within 30 days, 0 otherwise).​

​2. Feature Selection:​

​A​ ​hybrid​ ​feature​ ​selection​ ​approach​ ​was​ ​employed,​ ​combining​ ​filter​ ​and​ ​wrapper​ ​methods​ ​to​
​identify the most relevant predictors.​

​Filter​​Methods:​​Filter​​methods​​evaluate​​the​​relevance​​of​​features​​based​​on​​statistical​​measures,​
​independent of any specific machine learning algorithm. We used the following filter methods:​

​Variance​ ​Thresholding:​ ​Removing​ ​features​ ​with​ ​low​ ​variance​ ​(i.e.,​ ​features​ ​that​ ​are​ ​nearly​
​constant).​

​Univariate​ ​Feature​ ​Selection:​ ​Selecting​ ​features​ ​based​​on​​statistical​​tests​​such​​as​​chi-squared​
​test (for categorical features) and ANOVA F-test (for numerical features).​

​Mutual​ ​Information:​ ​Measuring​ ​the​ ​mutual​ ​dependence​ ​between​ ​features​ ​and​ ​the​ ​target​
​variable.​

​Wrapper​ ​Methods:​ ​Wrapper​ ​methods​ ​evaluate​ ​the​ ​relevance​ ​of​ ​features​ ​by​ ​training​ ​and​
​evaluating​ ​a​ ​machine​ ​learning​ ​model​ ​using​​different​​subsets​​of​​features.​​We​​used​​the​​following​
​wrapper methods:​

​Recursive​​Feature​​Elimination​​(RFE):​​Iteratively​​removing​​features​​based​​on​​their​​importance​
​weights assigned by a machine learning model.​

​Sequential​ ​Feature​ ​Selection​ ​(SFS):​ ​Iteratively​ ​adding​ ​or​ ​removing​ ​features​ ​based​ ​on​ ​their​
​impact on model performance.​

​The​​features​​selected​​by​​both​​filter​​and​​wrapper​​methods​​were​​then​​combined,​​and​​the​​final​​set​​of​
​features​​was​​selected​​based​​on​​their​​frequency​​of​​selection​​across​​different​​methods.​​This​​hybrid​
​approach​ ​aims​ ​to​ ​leverage​ ​the​ ​strengths​ ​of​ ​both​ ​filter​ ​and​ ​wrapper​ ​methods,​ ​providing​ ​a​ ​more​
​robust and reliable feature selection process.​

​3. Model Development:​

​Two​ ​ensemble​ ​learning​ ​algorithms​ ​were​ ​used​ ​in​ ​this​ ​research:​ ​Gradient​ ​Boosting​ ​Machines​
​(GBM) and Random Forests.​
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​Gradient​ ​Boosting​ ​Machines​ ​(GBM):​ ​GBM​ ​is​ ​a​ ​powerful​ ​ensemble​ ​learning​ ​algorithm​ ​that​
​builds​ ​a​ ​sequence​ ​of​ ​decision​ ​trees,​ ​with​ ​each​​tree​​correcting​​the​​errors​​of​​its​​predecessors.​​We​
​used​ ​the​ ​XGBoost​ ​implementation​ ​of​ ​GBM,​ ​which​ ​is​ ​known​ ​for​ ​its​ ​speed​ ​and​​scalability.​​The​
​hyperparameters​ ​of​ ​the​ ​GBM​ ​model​ ​were​ ​tuned​ ​using​ ​cross-validation​ ​to​ ​optimize​ ​its​
​performance.​

​Random​ ​Forests:​ ​Random​​Forests​​is​​another​​popular​​ensemble​​learning​​algorithm​​that​​builds​
​multiple​​decision​​trees,​​each​​trained​​on​​a​​random​​subset​​of​​the​​data​​and​​features.​​The​​predictions​
​of​ ​the​ ​individual​ ​trees​ ​are​ ​then​ ​aggregated​ ​to​ ​produce​ ​the​ ​final​ ​prediction.​ ​We​ ​used​ ​the​
​scikit-learn​ ​implementation​ ​of​ ​Random​ ​Forests,​ ​with​ ​hyperparameters​ ​tuned​ ​using​
​cross-validation.​

​4. Imbalanced Data Handling:​

​To address the class imbalance problem, we employed the following techniques:​

​Synthetic​ ​Minority​​Oversampling​​Technique​​(SMOTE):​​SMOTE​​generates​​synthetic​​samples​
​for​ ​the​ ​minority​ ​class​ ​(readmitted​ ​patients)​ ​by​ ​interpolating​ ​between​ ​existing​ ​minority​ ​class​
​samples.​ ​This​ ​helps​ ​to​ ​balance​ ​the​ ​class​ ​distribution​ ​and​ ​prevent​ ​the​ ​model​ ​from​ ​being​ ​biased​
​towards the majority class.​

​Cost-Sensitive​ ​Learning:​ ​Cost-sensitive​ ​learning​ ​assigns​ ​different​ ​costs​ ​to​ ​misclassifying​
​readmitted​ ​and​ ​non-readmitted​ ​patients.​ ​This​ ​reflects​ ​the​ ​higher​ ​cost​ ​associated​ ​with​ ​failing​ ​to​
​identify​ ​high-risk​ ​patients.​ ​We​​used​​cost-sensitive​​learning​​by​​adjusting​​the​​class​​weights​​in​​the​
​machine learning models.​

​5. Model Evaluation:​

​The performance of the models was evaluated using the following metrics:​

​Area​ ​Under​ ​the​ ​Receiver​ ​Operating​ ​Characteristic​​Curve​​(AUC-ROC):​​AUC-ROC​​measures​
​the ability of the model to discriminate between readmitted and non-readmitted patients.​

​Precision:​ ​Precision​ ​measures​ ​the​ ​proportion​ ​of​ ​predicted​ ​readmissions​ ​that​ ​are​ ​actually​
​readmissions.​

​Recall: Recall measures the proportion of actual readmissions that are correctly predicted.​

​F1-score:​​F1-score​​is​​the​​harmonic​​mean​​of​​precision​​and​​recall,​​providing​​a​​balanced​​measure​
​of model performance.​

​Brier​ ​Score:​ ​Brier​ ​score​ ​measures​ ​the​ ​accuracy​ ​of​ ​the​ ​probabilistic​ ​predictions,​ ​with​ ​lower​
​scores indicating better performance.​

​The​ ​models​ ​were​ ​evaluated​ ​using​ ​10-fold​ ​cross-validation​ ​to​ ​ensure​ ​the​ ​robustness​ ​and​
​generalizability of the results.​
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​6. Model Interpretation:​

​To​ ​enhance​ ​the​ ​interpretability​ ​of​ ​the​ ​model,​ ​we​ ​used​ ​SHAP​ ​(SHapley​ ​Additive​ ​exPlanations)​
​values.​ ​SHAP​ ​values​ ​provide​ ​a​ ​consistent​ ​and​ ​accurate​​way​​to​​explain​​the​​contribution​​of​​each​
​feature​ ​to​ ​the​ ​model's​ ​predictions.​ ​They​ ​allow​ ​us​ ​to​​identify​​the​​most​​important​​factors​​driving​
​readmission predictions and provide actionable insights for healthcare providers.​

​Results:​
​The​ ​results​ ​of​ ​the​ ​experiments​ ​demonstrate​ ​the​ ​effectiveness​ ​of​ ​the​ ​proposed​ ​approach​ ​in​
​predicting​ ​healthcare​ ​readmission.​ ​The​ ​ensemble​ ​learning​ ​models,​ ​augmented​ ​with​ ​feature​
​selection​ ​and​ ​imbalanced​ ​data​ ​handling​ ​techniques,​ ​achieved​ ​significant​ ​improvements​ ​in​
​predictive accuracy compared to baseline models.​

​The​ ​following​ ​table​ ​presents​ ​the​ ​performance​ ​metrics​ ​for​​the​​different​​models​​evaluated​​in​​this​
​research.​

​As​ ​shown​​in​​the​​table,​​the​​Gradient​​Boosting​​Machine​​(GBM)​​model​​with​​feature​​selection​​and​
​SMOTE​ ​achieved​ ​the​​best​​performance,​​with​​an​​AUC-ROC​​of​​0.85,​​precision​​of​​0.73,​​recall​​of​
​0.80,​ ​F1-score​ ​of​ ​0.76,​ ​and​ ​Brier​ ​score​ ​of​ ​0.042.​ ​This​ ​indicates​ ​that​ ​the​ ​proposed​ ​approach​ ​is​
​effective​​in​​identifying​​high-risk​​patients​​and​​reducing​​the​​number​​of​​false​​negatives.​​The​​use​​of​
​feature​ ​selection​ ​significantly​ ​improved​ ​the​ ​performance​ ​of​ ​the​ ​GBM​ ​model,​ ​suggesting​ ​that​
​irrelevant​ ​or​ ​redundant​ ​features​ ​can​ ​negatively​ ​impact​ ​predictive​ ​accuracy.​ ​The​ ​application​ ​of​
​SMOTE​ ​further​ ​enhanced​ ​the​ ​performance​ ​by​ ​addressing​ ​the​ ​class​ ​imbalance​ ​problem.​
​Cost-sensitive​ ​learning​ ​achieved​ ​similar​ ​results​ ​in​ ​terms​ ​of​ ​F1-score,​ ​but​ ​performed​ ​slightly​
​worse in terms of AUC-ROC and Brier score.​
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​The SHAP values analysis revealed that the most important predictors of readmission included:​

​Number​​of​​hospital​​visits​​in​​the​​past​​year:​​Patients​​with​​a​​higher​​number​​of​​previous​​visits​​were​
​more likely to be readmitted.​

​Number​​of​​medications​​prescribed:​​Patients​​on​​a​​larger​​number​​of​​medications​​were​​at​​higher​
​risk of readmission.​

​Age: Older patients were more likely to be readmitted.​

​Certain​​diagnoses:​​Specific​​diagnoses,​​such​​as​​heart​​failure​​and​​COPD,​​were​​strong​​predictors​
​of readmission.​

​Length of stay: Longer hospital stays were associated with a higher risk of readmission.​

​These​​findings​​are​​consistent​​with​​previous​​research​​and​​provide​​valuable​​insights​​for​​healthcare​
​providers.​

​Discussion:​
​The​​results​​of​​this​​research​​demonstrate​​the​​potential​​of​​ensemble​​learning​​techniques,​​augmented​
​with​​feature​​selection​​and​​imbalanced​​data​​handling,​​to​​improve​​the​​accuracy​​and​​interpretability​
​of​​healthcare​​readmission​​prediction.​​The​​proposed​​approach​​achieved​​significant​​improvements​
​in​ ​predictive​ ​accuracy​ ​compared​ ​to​ ​baseline​ ​models,​ ​offering​ ​a​​promising​​avenue​​for​​proactive​
​intervention and improved patient outcomes.​

​The​ ​use​ ​of​ ​a​ ​hybrid​ ​feature​ ​selection​ ​approach​ ​proved​ ​to​ ​be​ ​effective​ ​in​ ​identifying​ ​the​ ​most​
​relevant​​predictors​​and​​reducing​​dimensionality.​​This​​not​​only​​improved​​model​​performance​​but​
​also​ ​enhanced​ ​interpretability,​ ​allowing​ ​us​ ​to​ ​focus​ ​on​ ​the​ ​most​ ​important​ ​factors​ ​driving​
​readmission predictions.​

​The​ ​application​ ​of​ ​SMOTE​ ​to​ ​address​ ​the​ ​class​ ​imbalance​ ​problem​ ​further​ ​improved​ ​the​
​performance​ ​of​ ​the​ ​models,​ ​particularly​ ​in​ ​terms​ ​of​ ​recall​ ​and​ ​F1-score.​ ​This​ ​highlights​ ​the​
​importance of addressing class imbalance when developing predictive models for readmission.​

​The​ ​SHAP​ ​values​ ​analysis​ ​provided​ ​valuable​ ​insights​ ​into​ ​the​ ​factors​ ​driving​ ​readmission​
​predictions,​​allowing​​us​​to​​understand​​the​​model's​​behavior​​and​​identify​​key​​risk​​factors.​​This​​can​
​help healthcare providers to develop targeted interventions for high-risk patients.​

​The​ ​findings​ ​of​ ​this​ ​research​ ​are​ ​consistent​ ​with​ ​previous​​studies​​that​​have​​explored​​the​​use​​of​
​machine​ ​learning​ ​techniques​ ​for​ ​readmission​ ​prediction.​ ​However,​ ​this​ ​research​ ​builds​ ​upon​
​previous​​work​​by​​incorporating​​a​​more​​comprehensive​​approach​​that​​addresses​​the​​challenges​​of​
​high dimensionality, class imbalance, and model interpretability.​

​The​​results​​of​​this​​research​​have​​several​​practical​​implications​​for​​healthcare​​providers.​​By​​using​
​the​​proposed​​predictive​​model,​​healthcare​​providers​​can​​identify​​high-risk​​patients​​and​​implement​
​proactive interventions to reduce the likelihood of readmission. These interventions may include:​
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​Enhanced​ ​discharge​ ​planning:​ ​Developing​ ​individualized​ ​discharge​ ​plans​ ​that​ ​address​ ​the​
​specific needs of each patient.​

​Improved​​medication​​management:​​Ensuring​​that​​patients​​understand​​their​​medications​​and​​are​
​able to adhere to their prescribed regimens.​

​Post-discharge​​follow-up:​​Providing​​patients​​with​​timely​​follow-up​​appointments​​and​​support​
​services.​

​Patient education: Educating patients about their conditions and how to manage their health.​

​By​​implementing​​these​​interventions,​​healthcare​​providers​​can​​improve​​patient​​outcomes,​​reduce​
​healthcare costs, and enhance the overall quality of care.​

​Conclusion:​
​This​ ​research​ ​has​ ​presented​ ​an​ ​enhanced​ ​predictive​ ​model​ ​for​ ​healthcare​ ​readmission​ ​using​
​ensemble​ ​learning​ ​techniques,​ ​feature​ ​selection,​ ​and​ ​imbalanced​ ​data​ ​handling.​ ​The​ ​results​
​demonstrate​ ​that​ ​the​ ​proposed​ ​approach​​is​​effective​​in​​predicting​​readmission​​risk​​and​​provides​
​valuable​​insights​​for​​healthcare​​providers.​​The​​model​​achieved​​high​​accuracy​​and​​interpretability,​
​making it a valuable tool for proactive intervention and improved patient outcomes.​

​Future work could explore the following directions:​

​External validation: Validating the model on different datasets to assess its generalizability.​

​Incorporating​​additional​​data​​sources:​​Incorporating​​data​​from​​electronic​​health​​records,​​social​
​determinants of health, and patient-reported outcomes to further improve predictive accuracy.​

​Developing​​personalized​​interventions:​​Using​​the​​model​​to​​develop​​personalized​​interventions​
​for high-risk patients.​

​Real-time​ ​implementation:​ ​Implementing​ ​the​ ​model​ ​in​ ​a​ ​real-time​​clinical​​setting​​to​​provide​
​timely alerts and support clinical decision-making.​

​Comparison​ ​with​ ​deep​ ​learning​ ​models:​ ​Evaluating​ ​the​ ​performance​ ​of​ ​the​ ​proposed​ ​model​
​against​ ​state-of-the-art​ ​deep​ ​learning​ ​approaches,​​while​​also​​carefully​​considering​​the​​trade-offs​
​between accuracy, interpretability, and computational cost.​

​This​​research​​contributes​​to​​the​​growing​​body​​of​​literature​​on​​the​​application​​of​​machine​​learning​
​to​ ​healthcare​ ​and​ ​provides​ ​a​ ​valuable​ ​tool​ ​for​ ​improving​ ​patient​ ​care​ ​and​ ​reducing​ ​healthcare​
​costs.​
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