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| ABSTRACT 

Readmission is one of the greatest measures of healthcare quality and cost-effectiveness in the United States of America. 

Diabetes mellitus as a chronic disease has its own peculiarities: it is the disease whose treatment implies long-term prognosis 

that might be complicated by a range of issues; therefore, it leads to high risks of readmission. Determining what is associated 

with such readmissions is essential in how patient care is improved and how healthcare spending can be reduced. The present 

paper involves the analysis of the Diabetes 130-US Hospitals for Years 1999-2008 dataset on the basis of an extensive 

investigation of the visual data analysis and descriptive statistics. The coding is done to determine the important demographic, 

clinical and treatment-related factors as related to 30-day readmission in patients with diabetes. This study method uses data 

visualization techniques, which are a frequency distribution, a correlation heat map, and a comparison chart that demonstrate 

critical trends and patterns in the dataset. Among the most important results of the research, there are the findings showing the 

consistency of associations of readmission risks and such factors as the age of a patient, the time spent in a hospital, the way 

how a patient was admitted and whether a patient had a previous experience of being in hospital. The use of medication, 

especially when it comes to the subject of insulin and oral hypoglycemic drugs, also shows significant associations with the rates 

of readmission. These visual results assist a participant to comprehend the factors that can make the situation riskier, thus 

forming the basis of using evidence-based therapy in practice. This study highlights the range that visual analytics has in 

healthcare research in the sense that it defines meaningful relationships between data that can facilitate the decision making 

process in the medical field and policy making. A thorough understanding of these visual patterns can lead medical professionals 

in formulating specific interventions to ensure that the number of unnecessary readmissions among diabetics is reduced. This 

research provides a comprehensive examination of the dataset in visualization and description terms that will ultimately support 

the general mission of improving quality of care and solutions to more cost-effective healthcare management in the context of 

the U.S. hospital system. 
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1. Introduction 

1.1 Background  

Hospital readmission, especially readmission within 30 days after discharge, has become a topical issue in 

contemporary healthcare delivery systems. These readmissions are usually considered as suggestive of ineffective care quality, 

which might be caused by deficiencies in the management of patients like failure in discharge planning, lack of patient 

education, poor co-ordination of post-discharge services or failure to address the medical condition of the patient before 

discharge. In addition to clinical implications, hospital readmissions have severe financial costs on healthcare systems leading to 

high operation costs, consumption of resources and a strain on the staff. To the patient and his or her family, readmission may 

be disheartening, ruin the routine schedule, and the number of readmissions may cause loss of trust in health service delivery 

professionals. The totality of these issues explains why strategies that can reduce avoidable readmission are important to be 

developed [1]. The media and government, health care administrators and policymakers have ramped up their diagnostic 

attention to halt, prevent the occurrence of unnecessary readmissions with the realization that such an action may increase the 

quality of care, and efficiency. With the healthcare system in the United States constantly being scrutinized on both performance 

spending, the unnecessary readmission is not only a priority of patient care; it is a factor of healthcare reform within the system. 

The measures which are advocated to address this problem include the incorporation of technology, care coordination patterns, 

patient education programs and evidence-based discharge planning. The readmission rates however are dependent on a 

complex picture that requires full characterization and focused atmospheres of care [2]. Therefore, it is important to view a 

problem of hospital readmission as a complex, multifaceted healthcare issue, which will allow creating better patient outcomes 

and financial survivability of healthcare systems. 

1.2 Diabetes Mellitus and its Effect on Healthcare  

Diabetes mellitus is a non-contagious progressive and steadfast metabolic condition; it is also described as a disease 

that is caused by a deficient production of insulin, or failure in utilizing insulin in the body, regardless of its continuing elevation 

of the blood sugar. Being a life-long diagnosis, diabetes necessitates excessive clinical attention, constant surveillance, and major 

alterations in the lifestyle of a patient to avoid the occurrence of both the acute and long-term complications [3]. 

Notwithstanding the efforts made in the field of treatment and management procedures, diabetes is one of the causes leading 

to hospitalization around the world. Cardiovascular diseases, renal impairments, neuropathies, infections, and wound-healing 

disorders pose a specific threat to patients with diabetes because they can result in the frequent treatment in hospitals. 

Characteristic features of diabetes-related complications as a cycle frequently lead to the recurrent nature of the encounter 

resulting in high exposure to the healthcare resource leading to the note of the burden brought by the chronic nature of the 

disease in healthcare expenditure morbidity of patients [4]. Diabetes management goes beyond glycemic control as it entails a 

very wide range of medical, social and behavioral risks, and patient compliance to treatment plans is both essential and a 

problem. To the healthcare systems, diabetes is both a clinical management issue and a strategic priority in allocation of 

resources improving quality. Together with the growing rates of diabetes, it’s devastating overall effects on patients and the 

overall performance of the healthcare system, the need arises to direct the research towards its healthcare patterns, specifically 

in the case of hospital readmission. Such emphasis becomes fundamental towards the development of effective care models, 

improvement of hospital readmission, and improvement of the whole-life experience of a diabetic patient. 

1.3 Importance of Research on Readmission among patients with Diabetes  

Identification of the contributors to hospital readmissions of patients with diabetes is of fundamental importance to 

clinical practice and health policy. The progressive and multifactorial nature of diabetes inclines diabetic people to being at the 

risk of the development of complications that can trigger the necessity to visit the hospitals on a regular basis. By examining the 

root causes behind these readmissions, care providers stand a chance of coming up with specific interventions aimed at 

countering the risk, improving patient outcomes, and fostering a more prudent use of the resources [5]. Determination of 

particular clinical, demographic, and treatment-related issues referring to readmission defines the application of evidence-based 

strategies of healthcare, such as individual discharge planning, well-organized patient training, and active after-discharge 

observation. Such a strategy not only helps with immediate clinical needs, but also creates the continuum of care that has the 

potential to decrease the incidents of preventable readmission. The insights gained through the observation of the readmission 

patterns can be used in the policies set by an institution, thus, becoming a part of the improved models of healthcare delivery 

that focus on prevention, patient participation, and interdisciplinary cooperation. On the systemic level, the minimization of 

readmission of diabetic patients in hospitals fits into a greater healthcare agenda to increase quality and constrain spending, 

especially relevant in regard to the issues of value-based care model and performance-based reimbursements [6]. The 

importance of this study is therefore twofold; it would improve the actual care given to diabetes patients and it will also help to 

bring up the process of evolution of healthcare systems aiming at higher efficiency and effectiveness. This study of readmission 

in the population with diabetes provides the way to the achievement of more sustainable healthcare delivery, the improved 

experience of patients, and clinical outcomes. 
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1.4 Quality Metric in the U.S. Healthcare System Readmission  

Within such a scope, there is the United States healthcare system in which the rates of 30-day hospital readmission 

have now become a critical measurement of quality and excellence in care delivery by the given healthcare establishments [7]. 

Being an important component of performance indicated by policy makers and regulators, the readmission rate is an indicator 

not just of the quality of clinical care, but a reflection of coordination, patient management and transition care overall. Financial 

implications of readmission rates are also emphasized by programs like the Hospital Readmissions Reduction Program (HRRP) 

which is run by Centers for Medicare & Medicaid Services (CMS) and levels penalties against hospitals that have excessive 

readmission rates [8]. These penalties carry serious implications on revenue of the hospitals and have precipitated a national 

focus on efforts aimed at reducing readmissions. Among other things, reporting of readmission data publicly affects the 

reputation of hospitals, patient decisions and competitiveness of the market. The special focus on the readmission as the 

measure of quality in healthcare facilities has resulted in the emergence of the multidisciplinary strategies of enhancing care 

transitions, optimizing discharge planning, and reinforcing follow-up care policies. These attempts notwithstanding, readmission 

management is a highly complicated issue as it is based on the interrelation of medical, social, and behavior aspects that 

determine the results of patients once they are discharged. Both the identification of readmission as both quality indicator and 

financial risk illustrates the importance of multi-faceted strategies to be implemented, which consider care of patients in a 

wholesome manner. Readmission management forms part of program compliance high-value, patient-centered care delivery in 

a more outcome-centered healthcare marketplace, for both hospitals and healthcare systems. 

1.5 Data Analysis Role in Healthcare Decision-Making  

With data analysis incorporated into healthcare decision-making, informing clinicians, administrators, and policymakers 

about patient populations in order to more effectively deliver care has already been transformed. As the accessibility of clinical 

data in mass quantities becomes more prevalent, healthcare organizations will be able to use data-based insights to find 

patterns, anticipate results and introduce interventions based on these insights that are granular and effective [9]. Visual data 

analysis, specifically, is transformative in the information democratization process; it converts the hard-to-read, deep, 

multidimensional information into easy-to-interpret visual representations. Using charts, graphs, heat maps, and dashboards, 

stakeholders can easily obtain patterns and relationships, which in other cases would still be hidden in raw data. When it comes 

to hospital readmissions, visual analytics may help show important links among patient factors, clinical factors, and readmission 

risk, notification of which allows healthcare teams to respond in a timely manner [10]. This type of analysis contributes to 

evidence-based decision making, as it enables a healthcare provider to prioritize interventions in high-risk patients, improve care 

pathways, and follow the effectiveness of introduced strategies. The use of visual data analysis leads to improved communication 

within multidisciplinary teams and a wider understanding of the issues and improvement of patient care. With the further 

development of value-based care models in healthcare systems, the visually presented and interpretable analysis of data is 

becoming more significant to the efficiency and quality improvement of operations [11]. This paper focuses on providing a 

practical example of a visual analytics tool in the scope of strategic analysis by examining what drives the readmission of diabetic 

patients and demonstrates how visual analytics can create a connection between clinical complexity and some practical 

knowledge, and consequently lead to improved patient care and health system performance. 

1.6 Research Problem  

Hospital readmission rates among diabetic patients have been consistently elevated, even with the improvements in 

diabetic care management, leading to incurring more healthcare costs and patient outcomes loss. The general trend of 

achievement of reduced readmission has been approached in a traditional manner whereby general interventions are covered 

without necessarily understanding specific factors that contribute to repeated admissions among diabetics [12]. Lack of 

customized, evidence-based approaches undermines the capacity of care providers to enforce adequate care procedures that 

support exceptional risks currently encountered in diabetic patients. Consequently, it is vitally necessary to perform an analysis of 

a large scale of patient data with the view of visualizing the identification of patterns, trends, and the most important 

determinants of 30-day readmission among diabetic patients. This study will fill this space due to the use of visual analytics in 

the informed healthcare interventions. 

1.7 Research Objectives  

This study will evaluate patient data visually in a bid to determine a significant factor that may contribute to 30 day readmission 

in diabetic patients.  

● To review demographic causes of readmission of diabetic patients. To examine clinical factors that affect the risk of 

readmission.  

● To examine the patterns of medication use, related to readmission.  

● To use visual analytics to learn the non-obvious information patterns.  
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● In order to offer evidence-based input on how to decrease the number of readmissions among diabetics.  

● To make recommendations that can be applied by healthcare providers and policymakers. 

1.8 Research Questions  

This study aims at solving essential questions concerning the reasons, trends, and treatment of diabetic patient’s readmission in 

the first 30 days.  

1. Which demographic factors do closest align with 30-day readmission of diabetic patients?  

2. What role does the clinical and treatment variables play in the process of readmission? 

3. How can visual analysis of data tell us about avoiding readmissions of diabetic patients? 

 

2. Literature Review  

2.1 Overview of Diabetes Mellitus  

Diabetes mellitus is identified as a worldwide health issue that is manifesting as a state of prolonged high blood sugar 

levels caused by faults in the secretion of insulin, the action of insulin or a combination of both. It is a complex ailment which is 

connected with different metabolism disorders, among which there are carbohydrate, fat, and protein metabolism [13]. Type 2 

diabetes and Type 1 are the two main forms of diabetes and their pathophysiology vary with each other, although they have 

similar complications, which occur on various systems of the body. Diabetes type 1 is caused by an autoimmune attack on the ?-

cells in the pancreas rendering them to be completely devoid of insulin, and diabetes type 2 is usually caused by insulin 

resistance together with a subsequent reduced production of insulin. With time, inadequate glycemic control leads to serious 

consequences like cardiovascular diseases, renal failure, neuropathy, retinopathy and infections [14]. Such complications greatly 

impair the quality of life and increase the threat of hospitalization. Treatment of diabetes is a multidisciplinary procedure that 

should comprise medication compliance, lifestyle adjustments, nutrition restriction, routine testing, and treatment care. 

Notwithstanding treatment modalities, maintenance of glycemic control is still an area of concern in most patients. The 

socioeconomic factors, access to healthcare facilities, patient education, and behavioral factors all cause the burden of the 

disease since they determine the outcome of management. As the number of people with diabetes is growing across countries, 

the healthcare systems are under more and more pressure to treat the condition and its complications in an effective way. 

Hospital tanks connected with acute or chronic complications of diabetes imply the necessity of long-term monitoring of the 

disease and vast plans of care [15]. The multifaceted character of diabetes and its wide influence on the healthcare systems 

contribute to its importance as an area of clinical research and especially as it concerns patient outcomes and the use of 

healthcare resources. 

2.2 Readmission in hospitals and the economic consequences  

Readmission in hospitals can be called an extremely-regarded challenge in the healthcare system as it has a direct 

impact on clinical performance, financial spending, and achievement indicators of specific hospitals [16]. Readmissions are 

usually identified as an indication of incomplete patient care, including early release, unwarranted discharge planning, weak 

post-discharge treatment and failure of patients to adhere to treatment guidelines. Not only do these events harm the state of 

the patient but also costs the healthcare provider and the payer significantly. The readmission costs more to the care with the 

extra treatment, pursuing the resources, and additional administration cost, burdening the healthcare budgets that are not vast. 

Unplanned readmission interrupts the workflow of the hospital concerning the bed capacity, staff workload, and the overall 

efficiency of the service. In the setting of the value-based care, it is the readmission rates that are being held progressively 

accountable by healthcare providers, and the penalties and reimbursements are directly linked to these rates. Its economic 

consequences reach beyond institutional limits affecting governmental funds intended to support the health of the population 

insurance systems [17]. The goal of minimizing hospital readmission has now become an urgent aim not only to reduce the 

expenses but also to contribute to the quality of care and customer satisfaction. The efforts to account for this problem are 

devoted to better quality of transitional care, patient education, and medication compliance, and data-driven tools on risk 

prediction and risk management. Technology integration and patient full monitoring systems are the key features of these 

strategies [18]. To come up with an effective interventional strategy, it is important to understand the multifactorial causes of 

readmission in the hospitals. Examining the trend of readmission, especially in high-risk populations like diabetic patients is 

important in terms of developing a sustainable healthcare model and ensuring that the available resources have been utilized in 

a holistic manner. 

2.3 Healthcare Predictive modelling and Visual Analysis  

The technologies of predictive modeling and visual analysis of data have become disruptive to the sphere of health care 

by allowing the sector to become reasonably proactive in its approach to resource and patient management [19]. Predictive 

modeling is based on past and present data to predict possible future results and enable healthcare professionals to determine 

patients who are at risk of particular events, e.g., readmission. Such models search demographic factors, clinical variables, 
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treatment and comorbidity records to provide estimated risk levels and advise clinical practice. Predictive modeling can be 

complemented by visual data analysis because it allows displaying data insights in a form that is easily understandable by 

various healthcare stakeholders. Complicated data results are translated into useful insights through visual representations, and 

the use of the visual elements, including charts, graphs, dashboards, and heat yeast. Such a two-pronged effort facilitates 

evidence-based decision-making that enables clinicians and administrators to devise specific strategies to prevent bad 

outcomes. Visual analysis conducted in hospital environments could help measure readmission trends, risk groups of patients, 

and test the efficiency of a care transition program. It also facilitates sharing of insight between multidisciplinary teams to enable 

collaborative care planning [20]. The ability to combine predictive analytics with visual interpretation benefits the potential of 

timely and informed interventions, which in turn leads to patient outcomes and efficiency of operations. When applied to the 

problem of readmission in diabetic patients, the use of such tools will allow a systematic approach to a large amount of 

individual data about a patient, the identification of correlations with risks of readmission and the establishment of interventions 

based on the findings [21]. This is a departure from reactive to an active approach to managing healthcare provision, which 

focuses on prevention and constant improvement to care delivery to patients. 

2.4 Risk Factors of Readmission of Diabetic Patient  

The readmission of diabetic patients is a combination of complicated scenarios of clinical, demographical, and 

behavioral factors [22]. This risk factor involves an extensive variety of variables with each being distinct as they help in 

determining the possibility of being admitted back to the hospital within a few moments after being released. Some of the 

clinical factors pertain to poor glycemic control, the presence of comorbidities including cardiovascular disease, kidney 

dysfunction, infections, diabetic complications such as neuropathy, and retinopathy. The intensity of the first hospitalization, the 

extent of stay the quality of inpatient care also has a significant role to note. The demographic factors like age, race, gender, 

socioeconomic status and the access to healthcare services further soften risks associated with readmissions. Such behavioral 

factors like medication adherence, lifestyle choices and involvement of the patient in his or her self-care are crucial issues that 

have influence on the outcome before discharge. Internal factors such as the effectiveness of the planning of the patients 

discharge, coordination of follow up, the availability of outpatient support, and communication among the care providers create 

impact on the continuity of care and readmission rate [23]. The readmission due to transitional care gaps, which leads to 

avoidable readmissions, occurs when a patient is not provided with enough post-discharge assistance. A detailed set of 

discharge planning and individual care plans have been spotted as the major interventions in checking these risks. By using 

visual analysis of patient data, one should be able to draw attention to the correlation between these risk factors and the trend 

of readmission, which should be valuable information to healthcare providers. By learning which factors are involved in the more 

complex issues of diabetic patient readmission, it is possible to design specific interventions to solve it to mitigate it to enhance 

the overall continuity of care and overall health and healthcare systems. 

2.5 Transitional care and Clinical Management of Diabetic Patients  

Clinical management and transitional care have been main areas that reduce hospital readmissions of diabetic patients. 

To develop good glycemic control, control of other conditions, and prevention of complications, clinical management aims at 

implementing treatment plans to achieve these goals [24]. This involves a team of endocrinologists, primary care providers, 

nurses, dietitians and patient educators. Comprehensive care also includes adherence to the regimens of medications, 

monitoring of glucose levels and individual dietary and exercising suggestions. It is also crucial to manage the acute 

complications and with a predisposition of the risk factors that could cause an instance of hospitalization [25]. The indispensable 

transition between hospitalization and ambulatory follow-up is occurring at the time of transition to transition care. The 

principles of good transitional care comprise discharge planning, clear communication of care plans to the patients, and prompt 

follow-up visit. The education of patients about disease management/medication compliance/monitoring the symptoms and 

providing them information will help patients have the power to control their condition after the discharge of the hospital. The 

activities related to coordinated care, including home health visits to care recipients, telemedicine consultation, and community 

health programs, provide additional assistance at the transition phase. In order to manage discharge successfully it is essential to 

address barriers to care, which may include cost and availability of transport, healthcare accessibility. The risk of readmission as a 

result of avoidable circumstances can be drastically minimized by implementing models of structured transitional care, which 

would establish alignment of patient treatment with the supportive care [25]. Transitional care outcomes evaluation using visual 

data can assist in improving care processes based on service gaps noted. Integrating proper clinical management in combination 

with effective transitional care practice is paramount in improvement of patient outcomes minimizing reoccurrence of 

hospitalization cases among diabetic patients. 

2.6 Significance of the visual exploration of data in clinical research.  

Visual data exploration is an influential practice in clinical research work, allowing a researcher and other related people 

in health research to grasp the complicated datasets in an intuitive manner. In contrast to traditional statistical approaches where 
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the results can be received in unrecognizable numerical forms, visual exploration converts the data into a graphical display that 

shows patterns and trends relationships on the spot [26]. This method makes large datasets more interpretable allowing 

researchers to establish correlations, outliers, and anomalies that might not otherwise be noticeable with normal analysis. 

Visualizations provide a multidimensional approach in clinical research, where data commonly range a very wide number of 

variables along the lines of patient demographics, clinical indicators, treatment policies, and outcomes [26]. Visualizations in this 

form include bar charts, histograms, scatter plots, heatmaps, or dashboards. Exploration of visual data helps to diagnose the 

possibility of hypotheses, to conduct exploratory data analysis, and to communicate discoveries to the audience that can consist 

of clinicians, policymakers, and patients. It also supports an interactive interaction with the data and therefore a user can drill 

down to a specific variable or a subgroup of patients. Diabetic patient readmission study requires visual data exploration to 

reveal the hidden pattern of the data based on demographic factors, clinical parameters, and nursing interventions of patient 

care that have been shown to be related to the risk of readmission of patients with diabetes. Using visual analytics, the 

researchers will become better able to inform the data-driven decision-making processes and formulate targeted interventions, 

increasing the quality of clinical research, in general [27]. The approach is useful in the move to move beyond descriptive analysis 

to properly actionable insight, and thus visual exploration of data may be vital in the evolution of healthcare research and 

practice. 

2.7 Identified gaps in the existent research and the necessity of visual analysis  

Even though the topic of hospital readmissions and the management of chronic diseases have been studied a great 

deal, there are still significant gaps in knowledge regarding diabetic patient remittance, including the use of visual data analysis. 

Previous studies have concentrated on predictions and statistics modeling, and neglected visual data exploration or in-depth 

graphical analysis practical lessons that can be learned in this way [28]. The available tools and methodologies to use to make 

intuitive analysis of the patient data and reveal actionable patterns regarding circumstances that entail readmission outcomes 

are still to be found enabling efficient outcomes of healthcare providers to diabetes related sensitive populations. This 

supervision restricts the generalization of research results on the actual clinical practice. Also, translating advanced data-driven 

knowledge into viable healthcare delivery processes has not been easy, in many cases, because of the disconnect between data 

scientists and healthcare practitioners [29]. Data visualization overcomes these issues because it provides a more natural way of 

visualizing and conveying data-knowledge and context. It is evident that methods of research that house visual exploration and 

clinical experience equally would be successful in building an intersection between data science and patient care. Visual analysis 

helps the healthcare team draw conclusions and introduce well-coordinated interventions by presenting correlations, trends, and 

deviations in a convenient manner and enabling people to make informed decisions. Filling these voids can result in greater risk 

stratifications, patient outcomes, and better systems of healthcare delivery. Examining an analysis of visual data pertaining to a 

group of diabetic patient’s readmission is thus a potentially beneficial approach to both the pedagogical research field and the 

clinical practice. 

2.8 Empirical Study 

In an empirical study, Real-Time Forecasting of Hemodynamic Instability in Critically Ill Patients Using Artificial 

Intelligence (Michael R. Pinsky, Artur Dubrawski and Gilles Clermont 2022), the authors investigate the application of AI-based 

clinical decision support (CDS) systems to predict the onset of cardiorespiratory decompensating among ICU patients. Driven by 

the high-density waveform data recorded by bedside monitors together with Electronic Health Record (EHR) information, the 

study managed to create machine learning models that can predict the onset of physiological instability early on. The work 

indicates the possibility of AI in predicting dangerously affecting conditions before the need to appear with overt symptoms, 

providing preemptive efforts and minimizing morbidity and mortality [1]. The authors highlight the importance of multi-source 

data integration, real time analytic, and implementation that is compatible with workflow to make it useful at a clinical level. The 

study gives empirical basis of application of predictive modeling in the acute care and is of specific particularity to the 

monitoring of diabetic patients where timely detection of an imminent readmission or deterioration of a given patient is 

imperative. The methodological design of my research is backed by the findings of this study because it serves as the validation 

of the contribution of intelligent systems in establishing risky profiles of patients and enhancing proactive healthcare provision. 

In the article titled Bringing Machine Learning Systems into Clinical Practice: A Design Science Approach to Explainable 

Machine Learning-Based Clinical Decision Support Systems by Luisa Pumplun, Felix Peters, Joshua F. Gawlitza and Peter Buxmann 

(2022), the authors discuss the issues related to adoption of machine learning-based clinical decision support systems (CDSSs) 

because they are opaque, thus raising skepticism among physicians. The authors follow the design science methodology in 

creating a user-based framework of explainable AI (XAI) in healthcare settings. Their combination of evidence contained in XAI 

literature and the input of physicians via surveys and usability evaluations enables them to suggest the five essential rules of 

building the ML-based CDSS that is easy to explain. The prototype of lung nodule classification has been tested with 45 

radiologists, and they noticed considerable increase of explain ability and decreased cognitive load when using the system. This 

paper has excellent empirical evidence on the implantation of XAI in clinical systems by prioritizing user trust and interpretability 
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[2]. Its results are very applicable to this study, in that it shows the role of explainable machine learning in enhancing clinician 

interaction and decision-making, which is crucial towards the sound implementation of ML in diabetic patient readmission 

prediction models. 

The article under consideration is called Explainable Artificial Intelligence (XAI) in Healthcare Interpretable Models in 

Clinical Decision Support by Nitin Rane, Saurabh Choudhary, and Jayesh Rane (2023) published by the University of Mumbai, 

which is devoted to the essentiality of transparency and interpretability of AI solutions in a clinical environment. This study 

underlines the high relevance of XAI to establish clinician trust and assist in the unhindered incorporation of AI into diagnostics 

and treatment practices. Examining several medical fields, the study proves how domain-specific models of XAI assist 

practitioners to comprehend the rationale of AI-recommended advice. As an example, XAI in the field of radiology and 

pathology explains the operation of models that use images to make decisions and enhance the reliability of diagnosis [3]. 

Doctrines AI in cardiology and oncology in cardiology and oncology, interpretable models are useful in risk estimation and 

therapeutic input definition because they give a feasible understanding of how AI reasons. The authors highlight the role of 

customized interpretability tools that could enable health care practitioners to better coordinate AI assistance with clinical 

opinions. It is close to my research and is likely to be a strong addition because it points out the importance of model explain 

ability in the implementation of machine learning models to predict readmission of diabetic patients not only as accurate, but 

understandable and actionable by clinicians. 

Paneez Khoury, Renganathan Srinivasan, Sujani Kakumanu, Sebastian Ochoa, Anjeni Keswani, Rachel Sparks, and 

Nicholas L. Rider (2022) offer a general framework of integrating artificial intelligence (AI) and machine learning (ML) into the 

real-life practice (in this case allergy and immunology) in the article A Framework of Augmented Intelligence in Allergy and 

Immunology Practice and Research- A Work Group Report of the AAAAI Health Informatics, Technology, and Education The 

report describes the growing presence of AI in diagnostics, planning of treatments, and interpretation of data in electronic health 

records and immunologic data. The publication highlights that the input of clinicians in the design, validation and application of 

AI instruments is important to make the systems reliable and clinically relevant. It also indicates such key problems as the ethics 

of government, fairness and AI training in future doctors [4]. Although dedicated to allergy and immunology, the principles of 

the presented framework can be applied to other disease categories, such as diabetes, where ML-based prediction systems can 

also be used to improve the process of avoiding readmissions. The study regards the necessity of domain expertise and 

interpretability in predictive modeling, which is coincident with the interests of the research of diabetic patient readmission 

prediction with machine learning. 

The article Implementing a Prediabetes Clinical Decision Support System in a Large Primary Care System: Design, 

Methods, and Pre-Implementation Results by Jay Desai, Daniel Saman, JoAnn M. Sperl-Hillen, Rebekah Pratt, Steven P. Dehmer, 

and other authors (2022), provides insufficient but important empirical evidence on the administration of clinical decision 

support (CDS) systems to facilitate the diagnosis and treatment of prediabetes. The cluster-randomized trial was conducted in 34 

Midwestern primary care clinics to determine the effect of the implementation of the Pre-D CDS tool that presented clinicians 

with patient-specific recommendations addressing six modifiable cardiovascular (CV) risk factors. It applied the Consolidated 

Framework of Implementation Research (CFIR) to implementation strategies meta-analysis and assessed real-time study data 

through interviewing the providers and administering surveys electronic health records [5]. With trial end results still to be 

announced, early pre-implementation results showed the practicability and clinical applicability of incorporation of AI tools in the 

standard practice. The study is quite relevant to my research, since it confirms the interest of implementing predictive tools and 

CDS applications in the primary care context to prevent the risks of diabetes through early intervention to avoid readmissions 

and secondary complications of the condition. 

 

 

 

 

 

 

3. Dataset 
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3.1 Screenshot of Dataset 

 

(Source Link: https://www.kaggle.com/datasets/saurabhtayal/diabetic-patients-readmission-prediction?select=diabetic_data.csv) 

3.2 Dataset Overview  

This study employs a detailed healthcare dataset, namely, the so-called Diabetes 130-US Hospitals for Years 19992008 

Data Set, which is provided by the UCI Machine Learning Repository [65]. The measurement includes more than 100 000 hospital 

admissions of the patients with diabetes, which are gathered in 130 hospitals in the US within a decade. It proves to be a strong 

source of knowledge to comprehend a wide range of contributors of 30-day readmission rates of diabetic patients. The dataset 

includes several thousands of patient admissions; each of them is a single record and will have a maximum of 50 features 

demographic information, clinical, and administrative data. The most important ones will be age group, gender, race, primary 

and secondary diagnosis, number of medications, number of lab procedures, number of inpatient visits, time in hospital, form of 

discharge and source of admission. The data set also finds out whether the patient is readmitted, readmitted after 30 days or not 

readmitted at all thus can be used in predictive modeling and healthcare trend analysis. The confidentiality of patient data is 

achieved; all records are de-identified, so that no personally identifiable information (PII) is found. Sensitive data like names of 

patients, addresses of patients and precise dates have been eliminated or generalized. This is to put the data in line with ethical 

medical research and HIPAA issues. The dataset allows finding an impressive variety of patients that cover different age ranges 

and race to reveal a lot about the differences and patterns of diabetes treatment [30]. Also, disciplines concerning the 

medication types that are prescribed and altered during hospitalization are of great value in unveiling clinical pathways that can 

be prone to readmission. The dataset allows to conduct the most robust statistical analysis, leverage machine learning 

algorithms and data visualization methods due to its high sample size and the variety of characteristics. It is open-access and 

highly detailed, and therefore any scholar or healthcare researcher who works on diabetes management, hospital quality 

measures, and other aspects of healthcare resource efficiency often quotes it. The given set of data is the foundation of the 

analytical base of the study and makes it possible to explore the major factors fostering short-term readmissions of diabetic 

patients in detail. 

4. Methodology  

This study employs a quantitative data based research approach to establish the factors that affect the occurrence of 30 

days readmission of diabetic patients. It uses the Diabetes 130-US Hospitals with a wide set of what we might call demographic, 

clinical, and procedural variables that is available on the UCI Machine Learning Repository [30]. This methodology comprises 

data preprocessing, selection of variables and explorative data analysis with the aid of tools like Python, Excel, and Tableau. 

Several machine learning models were created and their visualization was used to determine readmission patterns and 

predictors. Such a systematic method allows maintaining the integrity, relevance, and creation of acting information that will 

result in better patient outcomes and healthcare strategies. 

4.1 Research Design  

In this study, the adopted research design is quantitative and data-driven exploratory design to determine the 

important variables affecting readmission of diabetic patients within 30 days. A combination of descriptive statistics, correlation, 

and predictive modeling are incorporated into the approach in order to evaluate and predict the tendencies of readmission. This 

https://www.kaggle.com/datasets/saurabhtayal/diabetic-patients-readmission-prediction?select=diabetic_data.csv
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study is a retrospective one by using secondary rather than real-time data. By considering the numerical data, this study utilizes 

the systematic analytical approaches to detect the patterns, trends, and correlations between patient characteristics and the rates 

of readmission. It is not only aimed at knowing how different variables relate to each other but also to establish a framework that 

enables one to predict through machine learning procedures [31]. The design can be applied especially in healthcare-based 

research where sets of data are extensive to be able to identify indicators of risks. Descriptive analysis includes the overviews of 

the data characteristics, correlation analysis finds the correlation between variables, and predictive modeling supports the 

decision-making process. The study forecasts the likelihood of early readmissions using logistic regression, decision trees and 

random forests. The data-centric format enables testing the hypothesis without the involvement of a researcher in the results of 

patient treatment [32]. The design also enables scalable, replicable knowledge that is essential in the formulation of early action 

policies in hospitals. This design will give actionable intelligence that will help reduce diabetic readmissions and improve patient 

outcome by focusing on the methodology by using cost-effective and scalable solutions as it centers on patterns and outcomes 

of the data that will help conduct the methodology. 

4.2 Data Source  

The main data source of this study can be recognized as the Diabetes 130-US Hospitals for Years 199912008 Data Set 

published publicly on the UCI Machine Learning Repository site. This is an extensive database with more than 100,000 patient 

records that are collected in various 130 multistep hospitals in the United States. It is broad in scope in its medical and 

demographic data on which it touches on in diabetic care and outcomes. Among the main variables to be used, the following 

ones can be mentioned: the age of the patients, their gender, race, codes used to define a diagnosis (ICD-9), the length of 

hospital stay, the discharge disposition, the number of lab procedures performed, the medicines prescribed, the type of 

admission, and a yes/no answer whether the patient was readmitted within 30 days. In particular, the value of the dataset is 

determined by its time dimension since it covers almost 10 years, the period representing inpatient encounters in which diabetes 

mellitus was the diagnosis [33]. Anonymization of data is ensured, and the ethical analysis is possible without compromising the 

privacy of the patient. The strength and strength of the variables allow conducting a powerful test of possible predictors of 

readmission. Grouping by different subgroups of people like age or type of treatment can also be done, therefore, increasing the 

analytical depth. The fact that the dataset covers actual hospital activity gives care pathways, medication patterns, and 

administrative processes realistic reflection, which makes it a suitable candidate to perform retrospective analysis. It is publicly 

available, and it is thoroughly covered and is, therefore, a perfect option in the academic research centered on enhancing 

healthcare quality, and more specifically diabetic care. 

4.3 Data Preprocessing  

Preprocessing of data is an important procedure to make the data easier to work with, clean, consistent and usable in 

meaningful analysis and predictive modeling. In this study, the preprocessing is performed with the help of Python libraries and 

on the initial stage of data preparation in Microsoft Excel. The first was a missing value treatment: all fields with a higher missing-

data percentage (more than 30%) were to be dropped to maintain the integrity of data, and the remaining missing values 

imputed using either the mean or mode, according to the type of the variable. One-hot encoding was applied to categorical 

variables including the race, gender, admission type, discharge disposition, and rot with corresponding numerical values that 

could be used to fit algorithms. Contamination of data through inconsistent labels and entry of erroneous data was also rectified 

and doubled entries deleted to eliminate distortion of data. The normalized variables such as the number of procedures, 

medications and days in hospital are continuous numerical variables where the input range was standardized by Min-Max scaling 

to prevent bias in training the model [34]. The features that add noise (like patient identifiers or redundant fields) were omitted 

as unnecessary ones. The target variable was readmission within 30 days that got special attention with the guarantee of its 

binary classification (“Yes” or “No”). To prepare data to be used in modeling the data was subsequently divided into training and 

testing sets. The preprocessing was done structurally and allowed efficient and accurate analysis and development of the model. 

4.4 Variable Selection  

Domain relevance and statistical correlation with the readmission target variable were used in guiding variable selection 

in the study. It was aimed at determining the characteristics that have a great impact in determining the readmission probability 

of a diabetic patient within 30 days. The key variables will be the age, race, number of medications, number of inpatient visits, 

and the number of lab procedures, length of hospital stay and the diagnosis codes (primary and secondary). The selection of 

these variables was based on their clinical importance in the treatment of diabetes, and the manner through which they may 

determine patient outcomes [35]. The age categories may be at a higher risk of comorbidity, and the number of medications 

may show the complexity of handling the disease. Correlation analysis based on Pearson and Spearman methodology was used 

to establish the association between independent variables and readmission. Strongly multicollinear variables were identified 

and dealt with accordingly in order to prevent the distortion of the model. The number of readmission and non-readmission was 

also visualized by using an Exploratory Data Analysis (EDA). The last group of predictors offered a proportional image of the 
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demographics, clinical, and treatment-related features. The relevance of the variables was supported by the feature importance 

scores obtained in the first modeling runs. The variable selection procedure made sure that the features yielding the greatest 

impact were considered in the predictive modeling. 

4.5 Tools and Software  

An interesting set of tools was used to assist various stages of the research, including data cleaning, advanced 

modeling, and visualization. The main tool used in the preprocessing of data and building models was Python. Data 

manipulation and cleaning were performed in libraries like Pandas and NumPy, whereas exploratory data visualization was done 

using Seaborn and Matplotlib. The Scikit-learn, as a tool, was used to apply the logistic regression, a decision tree, and a random 

forest classifier to develop a model. Initial inspection, manual data cleaning, was performed in Excel, which was beneficial when 

dealing with missing values, and quick summaries. Tableau was implemented in the creation of interactive and high-quality 

visualizations that contributed to the presentation of main findings in the form of figures and charts. The tableau also revealed 

the trends and patterns that were not quite obvious in the raw data tables. It was possible to perform a multi-dimensional 

analysis with the unique properties of the Python programming environment combined with the high-performance visual 

interface provided by Tableau. As a coding environment, Jupyter Notebook was used, as it allowed easy documentation and 

reproducibility. A combination of these tools contributed to a logical pipeline, first ingesting the content, then processing it into 

the insights, and methodologically it was systematic and transparent  [36]. Accessibility, reproducibility, and adaptability of the 

study to a study or an institutional use on healthcare analytics in future are also ensured by employing open-source and 

industry-standard tools. 

4.6 Model Evaluation and Exploratory Data Analysis (EDA)  

This study focused on visual-based exploration of data analysis (EDA) and model assessment in an attempt to have a 

complete picture of variables that affect 30-day readmission in diabetic patients. The visualizations played an important role in 

revealing the distribution of variables, patterns, and outliers on the main indicators. Computer tools like Tableau, the Seaborn 

and the Matplotlib libraries were used to plot interactive and statics charts (bar plots, heatmaps, scatter plots and boxplots). 

These figures gave an overview of how different factors that include the number of the inpatient visits, medication, time within 

the hospital, and discharge disposition tie into readmission level. The bar chart displayed the strength of the correlation between 

the numerical characteristics with the distinct bias in the relation between the length of stay at an establishment and the chances 

of readmission. Boxplots revealed differences in distributions of medications and lab procedures used within the readmitted and 

non-readmitted groups, on which certain behavioral clusters could be discovered. Bar charts illustrate the categorical 

comparison based on race, age group and type of admission which aids in identification of imbalances and biases that can have 

an impact on the outcome [37]. Tableau dashboards assisted in a dynamic manner to filter and analyze patterns using several 

variables at the same time. The validation of the models was based on visual comparisons of pattern of forecasts particularly on 

the confusion matrix heatmaps and classification trend graphs to estimate the success of models in taking important 

observations. Such a visual-first strategy facilitated convenient reading and provided the results with opportunities to be 

understood by both technical and non-technical parties. At each stage, the research incorporated EDA, thereby making the 

modeling process aware, clear data trend-based. Such a visualization-based planning process proved to be essential to 

directions important to be given to healthcare interventions in the area of interest. 

4.7 Limitations  

Despite being an informative research, this study has limitations. It is a retrospective data set, and the information 

might not represent recent clinical procedures, or patient behavior. Missing variables are some of the most important 

determinants of readmission, including socioeconomic conditions, lifestyles, medication compliance, and follow-ups, which may 

be critical to readmission [38]. The study is limited to U.S. hospitals, and the results are likely to be generalized to other 

healthcare systems. Even though the missing values and the categorical variables were taken care of in the preprocessing step, 

the model might still be influenced by biases and data loss due to how the methodology is inherent in the preprocessing. Patient 

trajectories cannot be interpreted comprehensively because of the lack of physician notes or outpatient data. Further, the data is 

not dynamic unlike in real time analysis [39]. These shortcomings indicate that further research with a variety of more recent and 

wider covering data sets will be needed to increase the accuracy of predictions and their applicability. 

 

 

5. Results  

The significant results of the Diabetes 130-US Hospitals dataset analysis are provided in this section. Based on the data 

preprocessing and data visualization, performed in Python and Tableau, specific trends connected with readmission rates in 30 
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days on the example of diabetic patients were discovered. Exploratory Data Analysis (EDA) indicated that the variables of a 

number of medications, inpatient visits, time in hospital, and the likelihood of readmission were strongly correlated. Graphical 

representation in the form of bar charts, heatmaps, and box plots gave an idea about the distribution and interdependent 

variables. These insights hold the key to informed high-risk factors, and they help underpin the evidence-based high-risk 

approaches to minimize hospital readmission. 

5.1 Readmission Rate Stratified by Age Group Analysis  

 

 

 

 

Figure 1: This image demonstrates the numbers of readmission based on age groups  

The bar chart in Figure 1 gives a breakdown of the number of readmissions on diabetic patients in various age groups. 

In the analysis, there is a prominent tendency to see patients in the age groups of [60 70), [70 80), and [80 90) with the greatest 

chances of readmission 30 days after discharge. This tendency indicates that older adults, particularly, those ages above 60, are 

more exposed to recurrent hospitalizations because of such factors as disease progression, the use of many comorbidities, a low 

physiological reserve, and possible self-care challenges after discharge. These age groups are usually more challenged to 

manage a complex medication regimen, follow post-hospital care plan, access continuous outpatient support, which as all these 

factors can lead to the risk of readmission. Conversely, lower age groups, as [010), [1020), and [2030), have significantly fewer 

instances of readmission, which may denote that patients are subjected to clinical burden to a lesser extent and experience 

better recovery rates. This difference between readmission rates between different age groups further explains the significance 

of age-sensitive discharge planning and post-discharge management. With appropriately adjusted care models that consider the 

potential threats relevant to geriatric patients, the medical system may achieve better outcomes and smaller burdens of 

preventable readmissions. The visual representation in Figure 1 does not only contribute to better understanding of this trend, 

but also promotes the application of predictive analytics software because the focus on age as one of the most influential 

variables can be built on it  [40]. These intervention tools have the potentiality of instigating early initiatives and facilitating 

clinical decision-making among healthcare professionals, which helps improve the quality of care and reduce unnecessary 

hospitalization in the elderly population of diabetics. 
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5.2 Time in Hospital according to Number of Diagnoses  

 

Figure 2: This image depicts an average number of stay in hospital according to the number of diagnoses.  

Figure 2 represents one of the line charts that presents the correlation between the numbers of diagnoses made on 

diabetic patients with the average number of days they remain in hospital. The results of the analysis show that there is one 

observable trend, which is upwards, i.e. the higher is the rate of documented diagnoses, and the higher is the daily average 

hospitalization rate. This correlation is especially salient of 2-8 diagnoses where every extra diagnosis seems to lead to an 

increment in the length of hospital stay. A maximum has been reached in the average length of stay in the example of 6 to 7 

diagnoses and after that the data point saturates, which implies that after a point, additional diagnosis will no longer have a 

significant effect on the length of stay. This trend informs about the fact of multimorbidity as the aspect, which makes the 

management of a patient complicated and extends the recovery process. Patients who have multiple comorbidities tend to need 

a wider scope of clinical services, to be checked closer, and to undergo more intensive interventions of a therapeutic nature, 

which, naturally, extends their institutional stay. This is a crucial insight as far as the decision-support is concerned. It also focuses 

on the relevance of incorporating the number of diagnoses into clinical risk assessment instruments, more particularly those 

instruments utilized in hospital working systems. With predictive dashboards based on Electronic Health Record (EHR) data, it is 

possible to set the system to intercept patients who have high diagnosis numbers when coming in, so that the healthcare teams 

know in advance that the patients will have prolonged stays, and can change the treatment plans, discharge planning, and 

resource allocation. The given visual analysis will highlight the importance of a more informed and data-driven strategy when it 

comes to management of inpatient care and help elucidate how operational efficiency in clinical settings may be enhanced by 

means of significantly diagnosis-sensitive interventions. 

5.3 Count of Medication and Readmission Rates Analysis  

 

 

Figure 3: This image represents drug tallies in various readmission groups on hospitalized patients  
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Figure 4.3 presents a box plot which investigates relationships between the number of medications received by 

hospitalized diabetic patients and the chance of being readmitted. The chart divides up patients into three categories including 

patients not readmitted (“NO”), readmission within 30 days of admission (“<30”), and readmission after 30 days (“>30”). The x-

axis will demonstrate the categories each based on the time of readmission whereas the y-axis will merely represent a count of 

the total amount of medication being used upon being admitted into hospital. Analyzing the plot, one could observe a 

distinguishable tendency in relation to the median number of medications of readmitted patients during the first 30 days after 

the discharge, which is a bit larger than that of the other two groups. The increased interquartile range in the <30 category will 

imply that there is greater diversification in the number of medications, which were prescribed to these patients. This dispersion 

can include variability in the response of the patient to the treatment, daily medication intake to address the comorbidities, or 

change of care. A rather large number of outliers in each category, particularly in highly-drugged ones, attracts one to the issue 

of complex pharmacologic treatment of patients. This may reflect the condition of polypharmacy, which has been reported to 

lead to higher utilization of hospitals, owing to its tendency to promote adverse drug events, poor medication adherence, and 

high chances of drug interactions. This graphical representation supports the issue of medication count monitoring as a variable 

of central interest in terms of hospital readmission research. Such information can be used by predictive healthcare systems to 

indicate the existence of high-risk patients in order to enable clinicians to improve their treatment strategies and mitigate 

unnecessary readmissions [41]. The implementation of medication-related data into decision support and visual dash boarding 

activities can make an impressive contribution to safer and more individualized and predictive care of patients within the clinical 

routine. 

5.4 Readmission Status average count of medication analysis  

 

Figure 4: This image illustrates the mean medicines prescriptions in various categories of readmission patients in 

hospitals  

Figure 4 represents a bar graph providing visual representation of the average number of medications to be prescribed 

to patients according to their readmission. The categories are patients readmitted between 01-30 days, between 31-120 days, 

and no-readmission type. This visualization will provide a brief explanation of the connection between the number of 

medications and the pattern of readmission. Based on the chart, we can see that the average number of medications that the 

patients readmitted within 30 days took in was the largest and the closest was those that were readmitted within other periods 

such as after 30 days. The patients that were not readmitted had the lowest average numbers of medications. The mean amount 

of medications will be about 15.7 to 16.9 which shows that although not huge, those differences correspond across groups. This 

small, yet significant gradient indicates that there might be a connection between the complexity of medications and 

readmission. It helps to conclude that more intensive pharmacological management may make the patient more vulnerable to 

complications, side effects of drugs, or problems with compliance with their use; these factors may influence the probability of 



FCSAI 1(2): 42-64 

 

Page | 55  

readmission. These results strengthen the significance of inclusion of medication monitoring statements in clinical decision 

support solutions in Electronic Health Records (EHRs). The preemptive diagnostic tools must consider the number of medications 

as a measurable risk factor to make an early intervention [42]. Might incorporate real-time warnings or pharmacist-managed 

medicine review into clinical workflows to evaluate the threat of polypharmacy, particularly in aged or multi-medicated clients. 

This chart issues an empirical authority when pondering medication quantity as a predictive feature in readmission-centered 

medical analytics. 

5.5 Investigation of Insulin Usage Patterns and Medication Load of the Patients  

 

Figure 5: This image demonstrates the median of medication by the changes in insulin usage before and after patients’ 

admission 

As shown in figure 5, a bar graph is used to show the correlation between the patterns of use of insulin and the general 

medication given to a diabetic patient. The categories used in measuring insulin usage are: Down, No, steady and up meaning in 

the direction or lack of the insulin therapy adjustment in hospital stay. As indicated by the chart, among the patients, those in the 

category of increased insulin usage (Up) had the highest average count of medication followed by the Down category. This 

implies that patients whose insulin requirements are rising or declining are undergoing more involved forms of treatment. The 

patients with no insulin (No) reported the minimum mean number of drugs thus may be less intensive care or disease 

management practices. The patients who experience insulin levels that do not increase or decrease are the mid-level patients, 

which implies moderate complexity of treatment. Such patterns highlight an association between dynamics of insulin therapy 

and the burden of medicine. The changes in insulin dosage should be expected when the level of glucose is unstable or the 

presence of comorbidities that need a greater scope of pharmaceutical interference. The tendency stresses the requirement of 

specific surveillance of the insulin variability as the indicator of treatment complexity and risk of hospitalization [42]. Variations in 

insulin levels may serve as the warning signs of the care team to interfere in a clinical scenario. This discussion also indicates that 

the incorporation of insulin pattern recognition into predictive models might help to increase the quality of prediction of 

readmission risk stratification. Real time alerts on significantly increased or decreased insulin titration may be useful to 

healthcare providers in proactively reviewing medications and educating patients. 
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5.6 Female-Male Breakdown of Medications Usage in Diabetic Patients  

 

Figure 6: This image shows that female diabetic patients are being prescribed a lot more medication than male patients 

Figure 6 shows how medication usage is distributed among the various genders of diabetic patients. The chart 

illustrates the percentile of the number of medications administered, disaggregated by Female, Male and Unknown/Invalid 

gender types. Based on the figure, it is clear the percentage of medication use is high especially among the female patients 

reaching up to the 100 percentile mark compared to the male counterparts who were seen near the percentage of 50. The 

"Unknown / Invalid" bin indicates little or no data representation, most probably because there is no definite value of 

undetermined gender values in the data or its occurrence is low. Such an application of medications based on gender indicates 

the tendency of those working with female diabetic patients to prescribe medication slightly higher in frequency than those 

treating male patients. This trend may be blamed on several factors. As an example, females may be bringing in more severe or 

multiple comorbidities that demand a wider use of pharmacological treatment. Alternatively, it would be representative of 

deviations in healthcare seeking, treatment compliance or even tendencies in diagnosis, by gender. The results can also 

emphasize the possible gender-based concerns regarding the treatment of diabetes. Healthcare providers might have to 

determine whether the use of additional medication in women patients is associated with the improved outcome or the risk of 

over-medication. Similarly, the proportionately lower medication percentile in the case of male patients may lead to the 

possibility of under-treatment or disparities in treatment styles [43]. This piece of data analysis is essential in shaping individual 

treatment procedures and prompt every healthcare practitioner whether or not gender is a valuable variable to be considered 

during the formulation of interventions against diabetic diseases. Further studies may be done to evaluate whether these 

disparities affect readmission or long-term health outcomes. 
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5.7 Racial Disparities in the Use of Medications by Diabetic Patients  

 

Figure 7: This image demonstrates that Caucasians are the recipients of most drugs, and Asians are the least among the 

races 

Figure 7 shows the percentile of the amount of medications the diabetic patients were administered, which was divided 

by race. These racial groups will be African American, Asian, Caucasian, Hispanic and Other. According to the chart, it is possible 

to discuss the existence of prominent differences in the usage of medications among these groups that may indicate the 

inequality of access to health care, treatment approaches, or intensity of diabetes in the racial groups. The statistics show that 

Caucasian patients got the highest percentile of medications and it reached 100%. This could either depict more vigorous 

measures of treatment or more availability of healthcare services. Asian patients perform the least to the extent of almost zero 

percentile, which is a strong indication of the reduced number of medications used on these people. This might indicate under-

treatment, possible cultural or socioeconomic factors or differences in the progression and practices of managing diabetes. 

African American patients are in second place with a percentile of medication of approximately 75 percent, which also means 

that the use of medication is quite intensive. Hispanic patients come second with a score of about 50 percent and the rest in the 

category of other are almost 25 percent. These disparities beg the question of equity in health provisions, and it is possible that 

race can affect both diagnosis and treatment, the dosage of medication and access to drugs. Such disparities promote the need 

to consider such factors as culturally competent healthcare and equal treatment planning. These findings leave an indication that 

more research is needed to conclude on the level to which the received treatment matches the needs of the population based 

on the actual health needs of each population or, rather, biases or structural differences or systemic gaps carry us to these 

tendencies [44]. These results emphasize the need to discuss racial inequality in the process of treating diabetes so that all 

groups of patients could receive the most proper and effective care. 
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5.8 Dependent Relationship between the Procedures and Readmission Status  

 

Figure 8: This image indicates that the Patients not readmitted got the highest average number of procedures after 

initial admission 

Figure 8 demonstrates the average of the number of procedures conducted on the diabetic patients divided into three groups of 

readmission: <30 days, >30 days, and NO. The y-axis carries the weighted mean of the procedures that are administered and the 

x-axis gives the division of the patients according to their readmission schedules. The bar chart shows that the number of 

procedures was the highest on average with patients who were not readmitted and representing the data as close to 1.4. By 

contrast, there are some patients who were readmitted within a period of 30 days and some who were readmitted after a period 

of 30 days, who had less count of procedures with an average of 1.29 and 1.27 respectively. This tendency indicates that the 

more the number of procedures is, the better the patient outcomes may be, which, possibly, can help with lower rates of 

readmission. The data is suggestive of the fact that the care during the first hospital visit could assist in stabilizing patients with 

diabetes better so that the hospital visits could be avoided in the future. Readmitted patients- within 30 days or after 30 days - 

were on the other hand less likely to have had the procedures done on average. This can signal a lack of early treatment or the 

inadequate preparation to be released, or the lack of careful observation of complications that should be thought through more 

carefully in the hospital. The results nurture the significance of process sufficiency in diabetes management [45]. One of the main 

approaches in the prevention of high readmission rates might be the cultural safety measure that guarantees that the required 

medical procedures have been undertaken in a comprehensive manner at the first admission. It also addresses the possible 

usefulness of the protocol optimization of procedures so that every diabetic patient should give equal evidence-based cases of 

essential procedures before being released. 

6. Discussion Analysis  

6.1 Review of Readmission Trends  

This study identifies major readmission patterns in diabetic care. As seen in the analysis, the percentage of readmission 

within 30 days after discharge is relatively high, which indicates certain problems with subsequent care after the discharge or the 

effectiveness of treatment during the inpatient stay at the hospital. The <30 days readmission group has distinctive features in 

relation to the >30 days group and the non-readmitted group. These are the differences in the number of laboratory tests, drugs 

prescribed and length of hospitalization. The findings also help justify the notion that not all short-term readmissions can occur 

as a result of the aggravation of the original issue but can represent more systematic issues, like poor discharge planning or the 

absence of follow-up care. The identified patterns highlight the necessity of implementing predictive analytics in hospitals to 

pre-determine the high-risk patients. Noteworthy, these readmission rates may be reduced by early interventions, such as case 

management, teaching patients, and monitoring with the use of telemedicine. Hospital administrators and policymakers ought 
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to consider readmission as not just a quality-of-care indicator, but a reflection of the healthcare system inefficiency [46]. 

Considering that management of diabetes encompasses many comorbidities, it can be assumed that coordination of following 

care with primary doctors and specialists after the discharge can also help to mitigate early re-admission visits. The 

consequences are found in optimization of resources, insurance coverage, and long term delivery of tasks in management of 

chronic diseases. 

6.2 Risk-Based Interpretation of Age and Readmission  

Age is rather important in the risk of readmission. According to the results of the study, there is a tendency that older 

cohorts of patients with diabetes are more likely to be readmitted within 30 days than the younger ones. In particular, the 

biggest proportion to the rein admission belonged to the patients aged 70-80, and the lowest to the ones aged less than 30. 

This trend can be explained by an age-related complication, polypharmacy, and delayed recovery rates in older patients. Ageing 

causes an individual to be less resilient to metabolic changes and infection, both of which are prevalent in diabetes. Elderly 

persons may also be experiencing cognitive issues, which make abstracting medication use or discharge information difficult. 

They are also vulnerable to social determinants of health like living alone, lack of mobility and access to care. Such findings 

indicate a necessity of further active post-discharge planning by taking into consideration the needs of the elderly diabetic 

clients. The responses can consist of transitional care programs and visits to a patient at home or contacting within the first week 

of discharge. Age ought to be incorporated as one of the main predictive factors in risk stratification models. Also, hospitals are 

expected to consider geriatric care bundles based on age and aimed at meeting the complex requirements of aging society. 

Policy Readmission fines should not be the same in using profiles of patients' ages to make them equal [46]. Readmission fines 

using Medicare should consider profiles of ages and is an equal treatment to healthcare providers, who should treat an elderly 

comprehensive patient with management of the diabetes and the principles of geriatrics. With specific responses to this part of 

the population, it is possible to decrease unnecessary readmissions and enhance general health outcomes greatly. 

6.3 Effect of race to total medications and readmission trends  

The differences exist based on race regarding healthcare outcomes such as diabetes management and hospital 

readmissions. Caucasian patients analyzed had a percentile of the highest number of medications receiving, with the lower 

percentile attributed to Asian patients. African American and Hispanic fell in a middle ground. The causes of these differences 

might be attributed to the differences in pathologies, socioeconomic levels, cultural attitudes toward medicines, and provider 

discrimination [47]. The reason can be the implicit bias or communication problems, which can result in under treatment of 

patients of other races. On the other hand, under prescription may also be a problem to some demographic groups. Such 

discrepancies have consequences to readmission rates. When a patient is under-medicated or does not receive adequate 

diabetes education, he/she becomes much more prone to getting complications than hospitalization. Not only is it necessary to 

view race as a demographic variable, but also as a frame of assessing equitable care. Unintentional disparities can be reduced 

with the help of cultural competency training of clinicians [48]. Also, racial data, in addition to the clinical indicators, should be 

incorporated in future predictive models to have a better understanding of at-risk groups. In addition, hospitals ought to partner 

with community-based organizations in order to resolve the racial disparities in follow-ups. Improvement in health equity should 

entail access and quality of care [49]. Quality improvement in medication management will enhance patient satisfaction besides 

reducing unwarranted readmission of patients belonging to all demographics. 

6.4 Number of Procedures as an Index of Readmission Risk  

This study establishes an interesting connection between the volume of the procedure and the patient readmission. The 

non-readmitted patients had the highest average in terms of the number of procedures performed in the hospital and those 

readmitted within or after 30 days had few procedures performed [50]. This holds the indication that interventions that are more 

extensive in-hospital would be of assistance in prevention of short-term readmissions. Processes can be as simple as diagnostic 

imaging up to therapeutic processes that would ensure that the patient is not only stable to leave the hospital. It is possible that 

those patients, which receive less procedures leave the hospitals prematurely, or not fully assessed with a risk of relapse or 

complications, and subsequent readmission. This result evidences the significance of clinical scrupulousness and personal 

treatment. To improve patient outcomes in hospitals, these facilities ought to review their standard protocols on the procedure 

to make sure that discharge preparation is not conditional to the turnover of beds. Also, the number of procedures can serve as 

a useful value in the estimations of predictive analytics [51]. The quantity of procedures used simultaneously with patient vitals 

and lab tests, can improve risk stratification. It is also crucial to determine the procedures that are essential and the ones that 

should be avoided under the name of excessive measures, as overtreatment is also threatening. Quality and quantity need to be 

harmonized. Some questions that we can discover in the future studies are which kinds of procedures are the most useful in 

reducing readmissions [52]. As a policy consideration, this insight suggests bundled payment that would entail total initial care 

instead of the economic brunt posed by hospitalization. Therefore, the problem of procedures is a clinical and administrative 

center of attention regarding the outcomes of diabetic patients. 
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6.5 Trends in Outcomes of Readmission by Gender  

The disparity between the sexes with regard to healthcare utilization and outcomes has been known to be a common 

occurrence, and this experiment affirms that diabetic men have a slight chance of readmission during the first 30 days as 

opposed to their female counterparts. The causes can be complex, biological, behavioral and sociocultural. Men tend to be less 

active in chronic conditions management and often delay care, which might cause complications and readmissions [53]. Evidence 

indicates women are better drug adherent and follow up caring. Biologically, the differences between men and women could be 

manifested by the effects of diabetes-related complications. Such gender patterns need to be included in clinical practice and 

policies. Health practitioners ought to think about providing gender-competent education and discharge planning. Another case 

in point is that, male patients may require more active monitoring after discharge in order to avoid premature decay [54]. 

Adoption of gender into the machine learning algorithm to predict readmission in the hospital is also applicable. In further 

research, the relationship between gender and other factors like age, race and socioeconomic status should be included and 

interpreted with more depth to yield better care approaches. Indirectly, readmissions could be reduced through outreach 

programs with a goal of promoting health seeking behaviors among men, which would improve the situation in the perspective 

of the field of public health [55]. Finally, the patterns of readmission based on gender is a crucial factor to consider when 

endorsing patient-centered care in the management of diabetes. 

6.6 Effect of Discharge Disposition on the Probability of Readmission  

Discharge disposition which is referred to as what happens to a patient after he or she comes out of the hospital 

becomes a key factor in anticipating readmission. The readmission rate of patients who were discharged to nursing facilities or 

had home-based care was considerably high as compared to that of those returned to their homes without any form of care [56]. 

It is possible to explain the situation by the fact that such patients usually face more serious or multiple health problems and 

need permanent treatment. Their conditions are more complex hence are susceptible to getting development of complications 

and this may, in turn, lead to hospitalization [57]. Patients who are discharged directly to homes without care may also be at a 

risk of readmission since they no longer handle themselves well, especially when they do not have families or caregivers. Such 

results depict the fact that discharge planning should be more durable and patient-centered. Careful evaluations must be made 

in order to check that patients at the time of discharge to facilities or home care could be provided with resources, follow up 

appointments and education [58]. Case managers and social workers are important in this process. Readmission levels can be 

decreased through post discharge interventions such as telemonitoring, medication reconciliation, and house visitation. 

Hospitals might also want to look at transitional care models-which create a there to here transition between hospital and home. 

Discharge protocols that are data-driven, consider the status of the patient, their social situation, and even the condition of their 

home environment will achieve better outcomes. Discharge disposition should not be regarded as an end that ends a particular 

chain of events that have to do with chronic illness management but a projection of what happens to the patient. 

6.7 Policy, Practice Implications and Future Research Implications  

This study has a number of policy implications to the policy makers, health providers, and scholars in the future. To 

begin with, the predictive indicators were determined as age, race, gender, and the number of procedures, and the discharge 

disposition, which can be subsequently used by a hospital at a decision-making level concerning diabetic care [59]. Policymakers 

should think about encouraging the hospitals to employ predictive models of analytics and risk stratification to identify unstable 

patients pre-discharge [60]. Coordinators may also consider changes in insurance companies regarding reimbursements 

organization, which is also likely to result in the incentive to preventive and transitional care. Machine learning tools used in 

electronic health records (EHRs) could also be useful in providing clinicians with timely alerts and recommendations concerning 

care. The hospital administration should look into providing training to its workers on cultural competency, patient education 

and transitionary care planning. This study provides opportunities for longitudinal research on how the combinations of the risk 

factors interact with time. It is also necessary to evaluate interventions intended to decrease the rate of readmission like remote 

patient monitoring or chronic care coordination using the use of randomized trials. Notably, any study best suited to determine 

patient views on discharge preparedness and constraints to post-hospital care is expected to take qualitative studies in such 

future research. Finally, curbing readmissions would lead not only to positive outcomes but also comply with the new models of 

value-based care that are based on the reimbursement of quality rather than the quantity of care [61]. The studies offer a basis 

to evidence-based practices and policies based on data that prove to reshape the environment in which diabetics are treated. 

6.8 Ethical Consideration  

The issue of ethical integrity was among the major considerations made in this study. The discretely anonym zed 

dataset employed, given the title of Diabetes 130-US Hospitals in Years 19992008, was made publicly and freely accessible, and 

was compliant with highest ethical standards through patient anonymity. External sources were not used, the personally 

identifiable information (PII) was not accessed or analyzed, which follows the principles of the Health Insurance Portability and 

Accountability Act (HIPAA). The study observed ethics in the use, analysis, and even reporting of data because it was transparent, 
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objective, and did not invade data privacy [62]. This study entailed secondary data analysis, so the patient consent was not 

needed. Moral responsibility was observed by not abusing the data and reporting all information in a responsible manner, with 

implications expressed in a way that contributes to future health enhancement as opposed to the stigmatization of diabetic 

patients. 

7. Future Work  

This study has effectively determined some important variables that affect the journey of 30-day readmission of 

diabetic patients based on the Diabetes 130-US Hospitals database, there are a few opportunities for future research [63]. First, it 

would improve the application of the model because the medical practice, drug use, and population have changed since 2008. 

This could future investigations such as ideas of how readmission changes have occurred over time, using old data with newer 

data. This study was dedicated to constituted data; it is possible to say that incorporation of the unstructured clinical notes, 

patient input, and physician observations with the help of natural language processing (NLP) may help learn more about patient 

behavior and patient care outcomes. The next step to achieve an improved performance and predictive accuracy is also an area 

that can be explored that is the use of advanced machine learning, deep learning methods like gradient boosting, neural 

networks, or ensemble methods which can capture complex nonlinear relationships that could result in improvements in the 

prediction accuracy [64]. Geography-based segmentation of information might be useful, too, since local health care delivery 

and socio-economic difference can have a substantial impact on readmission rates. Identifying patient-specific interventions, in 

light of model results- specific follow-up programs or medication modification, or personalized care plans- could convert 

analytical findings into clinical work practices. Further research may also incorporate real time hospital data to create early 

warning programs in high risk patients where preventive measures can be taken earlier. Another useful tool would be to work 

with healthcare providers to test predictive models in the real world clinical environment, which will prove their utility, resilience, 

and ethical soundness. Lastly, the incorporation of other commodities and socio-economic factors including the level of 

education, housing conditions, and type of insurance would also enable a broader range of readmission risk evaluation. With 

future studies including a wider array of sources and methods, it would be possible to establish a context to develop proactive 

data-driven solutions to healthcare that would reduce the readmission rates and inject an overall positive change into the results 

of the healthcare outcomes of diabetic patients. 

8. Conclusion  

This study attempted to target and examine the major reasons in relation to the occurrence of 30-day diabetic hospital 

readmission through examining the current Diabetes 130-US Hospitals for Years 19992008 data set. This study was able to 

illustrate the most important attributes associated with patient readmissions through extensive data preprocessing, the selection 

of the variables and exploratory data analysis. The probability of early readmission was also shown to be strongly correlated with 

variables given by the number of inpatient visits, number of medications, time spent in the hospital and primary diagnoses. The 

research used powerful visualization tools, such as Tableau and Seaborn, to reveal the possibilities of building the pattern and 

trends in the large scale of data, which enabled categorizing the patients and their specifications of the use of the medical 

services. The knowledge obtained with the help of this study can provide the importance of the close observation of the patients 

who have frequently visited the halls of treatment, take a number of medications or have a complicated diagnosis because they 

are more likely to be readmitted. The practical implications of these findings are directed to healthcare providers, who can rely 

on these findings and take certain measures that will help carry out targeted interventions and individual approaches to care to 

minimize the risks of readmission. Although other limitations including the use of an out of date data and lack of certain socio-

economic variables were encountered, the study forms a viable basis of research to be done in future to enhance the care of 

diabetics and running of hospitals. It focuses on the context of how the data-driven decision-making tool can be the ultimate 

solution in the field of health and patient monitoring and discharging. This study was conducted following ethical considerations 

by ensuring that the public data was anonym zed and that the stipulations of research were realized in this work. The predictive 

qualities and practical applicability of this study may also be improved in the future by the incorporation of real-time data, 

further developed machine learning models and patient-centered care approaches. The current research comes in the way of 

lowering avoidable readmissions in the light of promoting the overall quality of care among patients with diabetes. 
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