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Abstract: The challenge of reducing patient readmissions remains a pivotal concern within the healthcare sector, especially for elderly, 

given its implications for patient outcomes and healthcare economics. This study introduces an innovative approach, leveraging Linear 

regression model (LRM) and machine learning models, to dissect and predict the complex patterns of patient readmissions. This research 

is anchored in a robust methodology that encompasses the collection and preprocessing of data, application of LRM to distill the data into 

principal components, and the deployment of machine learning models on the transformed datasets. The core of this approach is the 

simplification of the multifaceted nature of healthcare data, enabling a deeper exploration of the determinants of readmissions. The 

findings of this research carry significant implications across several domains of healthcare, from clinical practice to policy formulation 

and resource management. By enabling more accurate patient risk stratification, healthcare providers can allocate interventions more 

effectively, concentrating efforts and resources on high-risk patients. Moreover, the insights derived from the analysis provide a strong 

evidence base for policymaking, aimed at addressing the underlying causes of readmissions. This facilitates the development of policies 

that can significantly impact patient care and healthcare system sustainability. A key outcome of this study is the advancement of 

personalized patient care. Through the identification of specific factors associated with readmissions, healthcare providers can create 

personalized care plans, reflecting a shift towards personalized medicine and improving patient satisfaction and outcomes. Furthermore, 

the continuous refinement of the analytical models promotes a culture of improvement, ensuring that healthcare services can adapt to 

emerging insights and maintain the relevance and accuracy of predictive models. 
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1. Introduction 
 

Reducing patient readmissions has emerged as a critical 

challenge in the healthcare industry, significantly affecting 

patient outcomes and healthcare costs. High readmission rates 

are often indicative of underlying issues within both the care 

continuum and post-discharge processes, making their 

reduction a priority for healthcare providers worldwide. This 

paper aims to explore the application of Linear Regression 

Model (LRM), a sophisticated machine learning technique 

known for its efficacy in simplifying complex datasets, to 

unravel the intricate patterns of patient readmissions. 

 

Patient readmission patterns are influenced by a myriad of 

factors, including clinical characteristics, social determinants 

of health, and the quality of care received. Identifying these 

patterns is paramount in designing effective interventions 

aimed at reducing unnecessary readmissions[1]. However, the 

sheer volume and complexity of healthcare data pose 

significant challenges to straightforward analysis. Traditional 

statistical methods often fall short in capturing the 

multifaceted nature of readmission determinants, necessitating 

the use of more advanced analytical techniques like big 

data[2]. 

 

Linear Regression Model (LRM) offers a powerful solution to 

this problem. By reducing the dimensionality of large datasets 

while preserving as much variance as possible, LRM 

facilitates a more manageable and insightful analysis of the 

data. This dimensionality reduction is achieved by 

transforming the original variables into a new set of 

uncorrelated variables known as principal components, which 

are ordered so that the first few retain most of the variation 

present in all of the original variables. 

 

The application of LRM in analyzing patient readmission data 

holds the promise of uncovering hidden patterns that are not 

readily apparent in raw datasets. By doing so, it can provide 

healthcare professionals with actionable insights into the most 

significant factors contributing to readmissions. These insights 

are crucial for developing targeted interventions[5] aimed at 

mitigating these factors, ultimately improving patient care and 

reducing unnecessary healthcare expenditures. 

 

This research seeks to bridge the gap between complex 

machine learning techniques and practical healthcare 

applications by demonstrating how LRM can be employed to 

enhance our understanding of patient readmissions. Through a 

comprehensive analysis of healthcare data, this study aims to 

identify key patterns and factors associated with readmissions, 

thereby offering a novel approach to tackling this pressing 

healthcare challenge. 

 

2. Background 
 

There has been a growing interest in U.S. to analyze impact of 

chronic conditions on total amount spend and risk score 

especially for elderly care. Even though there is a lack of 

standard definition and identification of a chronic condition; 

conditions such as heart disease, cancer, obesity, and diabetes, 

are long-lasting and persistent health problems that require 

continuous care. Recent research and related research by 

author has emphasized the disproportionate share of 

beneficiaries with chronic conditions in healthcare 

expenditures using Machine Learning on Healthcare 
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Analytics[2][3][5]. For example, patients with multiple 

chronic conditions can cost up to seven times as much as 

patients with only one chronic condition (AHRQ, 2006). 

According to Centers for Disease Control and Prevention 

(CDC), chronic diseases are responsible for more than 75 

percent of the $2.5 trillion spent annually on health care (CDC, 

2009). Examples of efforts to estimate the spending or costs 

by individual conditions are shown in Table1. 

 

 
Table 1: Summary of Studies on Chronic Conditions 

 

Chronic conditions affect the elderly disproportionally. 

Lehnert et al. (2011), summarizes the empirical evidence on 

health care utilization and costs of elderly persons with 

multiple chronic conditions in the last two decades. The 

evidence suggests that elders with more chronic conditions 

had significantly more physician visits, hospital admissions or 

days/nights spent at a hospital, and more use and/or cost of 

prescription medications. Studies cited in Lehnert et al. (2011) 

also suggest that healthcare costs and out-of-pocket payments 

increase significantly with chronic conditions and that each 

additional chronic condition almost double healthcare costs. 

 

Medicare is the biggest health insurance program covering the 

elderly (65 years of age and older) in the U.S.; the prevalence 

of chronic conditions has been identified as a critical driver of 

total Medicare spending (Schneider, O’Donnell, & Dean, 

2009). Thorpe, Ogden, and Galactionova (2010) argue that 

much of the recent growth in Medicare spending (1987–2006) 

is attributable to chronic conditions, such as diabetes, arthritis, 

hypertension, and kidney disease, and that this represents a 

shift of spending from inpatient to outpatient services 

combined with prescription drug use. 

 

3. Understanding Patient Readmissions in 

Healthcare 
 

Patient readmissions have been extensively studied as a metric 

of hospital quality and patient care effectiveness. Defined as a 

subsequent hospital admission within a specific period after 

discharge, typically 30 days, readmissions are costly for 

healthcare systems and often indicative of potentially 

preventable problems, such as inadequate discharge planning 

or poor post-discharge support. Research has identified several 

factors associated with high readmission rates, including 

clinical conditions like heart failure and chronic obstructive 

pulmonary disease, socio-demographic factors such as age and 

socioeconomic status, and healthcare system factors like care 

transition practices and follow-up procedures. 

 

Various strategies have been implemented to reduce 

readmissions, ranging from improved discharge planning and 

patient education to post-discharge follow-up and community 

support services. The Hospital Readmissions Reduction 

Program (HRRP) by the Centers for Medicare & Medicaid 

Services (CMS) in the United States is a notable example, 

which penalizes hospitals with higher-than-expected 

readmission rates for specific conditions. Despite these efforts, 

reducing readmissions remains a challenge, underscoring the 

need for innovative approaches to understand and address the 

underlying causes. 

 

Linear Regression Model in Healthcare 

Linear Regression Model (LRM) is a statistical technique used 

for dimensionality reduction while preserving the most 

important information in large datasets. In healthcare, LRM 

has been applied to various domains, including genomics, 

patient outcome prediction, and electronic health record 

(EHR) data analysis. These applications demonstrate LRM's 

ability to simplify complex data, making it easier to identify 

patterns and relationships that may not be apparent in raw data. 

For instance, LRM has been used to identify genetic markers 

associated with diseases and to stratify patients based on risk 

factors, facilitating more personalized and effective 

interventions. 

 

Despite the potential of LRM to enhance the analysis of patient 

readmission data, its application in this domain remains 

relatively unexplored. Previous studies have primarily focused 

on using traditional statistical methods and machine learning 

models to predict readmissions without leveraging the power 

of LRM for data simplification and insight generation. This 

gap in the literature presents an opportunity to apply Machine 

Learning on Healthcare Analytics [3][5], potentially 

uncovering new insights into the complex patterns of patient 

readmissions. 

 

Other applications: 

 

Electronic Health Records (EHR) Analysis: Electronic 

Health Records (EHR) contain a wealth of information that, if 

analyzed effectively, can lead to improved patient outcomes 

and healthcare efficiency. LRM has been applied to EHR data 

to identify patterns and correlations among various health 

indicators and outcomes. For example, LRM can reduce the 

dimensionality of EHR data to uncover underlying factors that 

contribute to chronic diseases, allowing for the identification 

of at-risk patients and the development of personalized 

intervention strategies. 

Patient Outcome Prediction: LRM has also been 

instrumental in developing predictive models for patient 

outcomes. By reducing the number of variables to a 

manageable size while retaining most of the variability, LRM 

makes it feasible to construct models that can predict patient 

outcomes such as disease progression, hospital readmission, 

and mortality rates. These models are crucial for resource 

allocation, patient counseling, and treatment planning, 

contributing significantly to personalized medicine. 

 

4. Limitations and Considerations 
 

While LRM has numerous applications in healthcare data 

analysis, it is important to recognize its limitations. LRM is 

sensitive to the scaling of data, and the interpretation of 

principal components can sometimes be challenging, 
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especially when variables are highly correlated. Moreover, 

LRM assumes linearity in the data, which may not always hold 

in complex biological systems. Despite these limitations, 

LRM remains a powerful tool when used judanpciously and in 

combination with other analytical methods. 
5. Methodology 
 

This methodology section outlines a structured approach to 

utilizing LRM in healthcare data analysis, specifically for 

studying patient readmission patterns. By carefully collecting 

and preprocessing data, applying LRM to reduce 

dimensionality, and employing machine learning models for 

deeper analysis, researchers can uncover valuable insights into 

the complex factors influencing patient readmissions[3][5]. 

The interpretation of these insights can ultimately guide the 

development of more effective healthcare strategies and 

interventions. 

 

6. Data Extraction and Preparation 
 

Latest data for analysis (CY 2018) is published on CMS 

webpage for public use. Data is downloaded to local machine 

for study. “Medicare Physician and Other Supplier National 

Provider Identifier (NPI) Aggregate Report”, a supplement 

data set to the Medicare Provider Utilization and Payment 

Data. Dataset provides aggregate information on Physician 

and Other Supplier data. Dataset contains information on 

utilization, payments (Medicare allowed amount, Medicare 

payment, standardized Medicare payment), and submitted 

charges organized by NPI. Sub-totals for medical type services 

and drug type services are included as well as overall 

utilization, payment and charges[4]. In addition, beneficiary 

demographic and health characteristics are provided which 

include age, sex, race, Medicare and Medicaid entitlement, 

chronic conditions and risk scores. 

 

The data is made available through on CMS website. Data set 

has 1.12 Million rows and 71 columns. The data set includes 

the following variables: 

• Beneficiary age groups 

• Beneficiary demographic groups 

• Beneficiary chronic conditions 

• Amount billed and amount paid 

• Provider type 

• Provider credentials 

 

As noted above, summary table provides aggregated 

information by “physician or other supplier (NPI)” 

information reported in the Physician and Other Supplier PUF. 

Following attributes can be analyzed from the dataset provided 

in Physician and Other Supplier public use files. 

• npi 

• nppes_provider_last_org_name 

• nppes_provider_first_name 

• nppes_provider_mi 

• nppes_credentials 

• nppes_provider_gender 

• nppes_entity_code 

• nppes_provider_street1 

• nppes_provider_city 

• nppes_provider_zip 

• nppes_provider_state 

• nppes_provider_country 

• provider_type 

• medicare_participation_indicator  

 

Advantages Using R 

For data load and analysis R Studio is utilized. R is most 

popular choice for data scientist among academic and 

industrial community. Traditionally, R is used for research 

purpose at the academy. R provides numerous statistical tools 

for analytics. With advancement in data science and increasing 

need to data, R became natural choice for industrial data 

scientist. 

 

Python and R both are open-source languages and are free to 

download. There are multiple documentations and online help 

from support community available for both languages. Small 

and medium sized companies and independent analyst prefer 

these 2 languages over SAS as initial investments are 

minimum as there are no licensing cost involved. On the other 

hand, SAS has licensed software and a very expensive one. 

 

Due to their open nature, R & Python get latest features 

quickly. SAS, on the other hand updates its capabilities in new 

version rollouts. Since R has been used widely in academics 

in past, development of new techniques is fast. SAS releases 

updates in controlled environment, hence they are well tested; 

but tradeoff is time to market and customization per 

requirement. 

 

Python has had great advancements in the field and has 

numerous packages like TensorFlow and Keras. R has recently 

added support for those packages, along with some basic ones 

too. The kerasR and keras packages in R act as an interface to 

the original Python package, Keras. Deep Learning in SAS is 

still in its beginning phase and there’s a lot to work on it. 

 

R has highly advanced graphical capabilities. There are 

numerous packages which provide advanced graphical 

capabilities. Compared to R, Python has medium graphical 

capabilities. Python with latest release has Seaborn, making 

custom plots easy. SAS has decent functional graphical 

capabilities but it is just functional. Any customization on 

plots are difficult and requires deep understanding of SAS 

Graph package. 

 

Advantages of methods used 

Linear regression model is generated to analyze risk scores, 

and impact of chronic conditions and generate fit model. Study 

will generate linear regression model to analyze total Medicare 

standard amount and impact of chronic conditions. According 

to Pregibon, D. (1981) Linear Regression performs well when 

the dataset is linearly separable. Linear regression has a 

considerably lower time complexity when compared to similar 

statistic algorithms. The mathematical equations of Linear 

regression are also fairly easy to understand and interpret[5]. 

Hence Linear regression is very easy to master. Outliers of a 

data set are anomalies or extreme values that deviate from the 

other data points of the distribution. Data outliers can damage 

model prediction drastically and can result to models with low 

accuracy. 

 

The Shapiro-Wilk Test is more appropriate for small sample 

sizes (< 50 samples) but can also handle sample sizes as large 
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as 5000. For this reason, Shapiro-Wilk test is utilized to 

analyze numerical means and assessing normality. Study will 

utilize Q-Q Plot and Shapiro-Wilk test to determine normality 

of the data[6]. To visualize data Barchart and ggplot is utilized. 

Provider specific data to plotted to study distribution of the 

data. Summary Statistics is generated for individual providers 

grouped by subject area. 

 

Ethical Considerations: Study utilizes Medicare Provider 

Utilization and Payment Data downloaded from CMS site. 

File is publicly available and we can use file to do a high-level 

review of the data, and then a study of the impact of chronic 

conditions on beneficiary risk scores and the total amount paid 

by Medicare. 

 

Data Preparation 
 

Data Cleaning: New dataset with Virginia state code filter is 

applied. This will help us limit data volume necessary for 

study[7]. 

 

 
Figure 1: Limit data for VA state. 

 

Outliner is identified for column risk score. Sixty-three records 

having value greater than “6” will be dropped from data set. 

 

 
Figure 2: Risk Score Analysis and Outliner data cleanup. 

 

Analysis reveal “Gender” attribute has value “F”, “M” and 

NULL. Data will be recoded to “Male”, “Female” and 

“Organization” to show correct representation of data.  

 

 
Figure 3: Recode Gender data. 

 
Data Analysys: Data analysis study will explore provider data 

demographics. Data cleansing step has 27,266 providers in the 

data set and has 71 attributes. Study will proceed to analyze 

provider data[8].  

 
Gender data plot below shows 49% of the providers are male, 

46% are female, and 5% of the records are for organizations. 

 
Figure 4: Gender data distribution 

 

Provider ‘entity code’ data falls in one of two categories; 

individuals and organizations. 95% of the providers are 

registered as individuals. 

 

 
Figure 5: Entity Type Plot 

 

There are total of 78 individual provider types. Most frequent 

provider type is nurse practitioner with 3100 records, which is 

about 12% of the population. Top ten individual provider types 

in state of Virginia. 

 

 
Figure 6: Top 10 Individual Provider Type. 

 

Mass Immunizer is the most frequent provider under 

organizations category with 808 records. 
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Figure 7: Top 10 Organization Provider Type. 

 

Summary statistics for the count of patients in each of the 

listed age groups is analyzed. At first glance summary result 

reveals large number of missing data for these groups, with the 

exception of average age[9]. There is a narrow range of ages 

between the first and 3 quartiles. 

 

 
Figure 8: Summary Statistics by Age Group 

 
Summary statistics for the count of patients in each 

demographic group reviles is a lot of missing data in dataset. 

 

 
Figure 9: Summary Statistics by Age Group 

 

Summary statistics of patients with  chronic conditions is 

shows sixteen chronic conditions. Hypertension is identified 

as top chronic condition with median 68.6% and has least 

number of missing values at 1142. 

 

 
Figure 10: Summary Statistics by Chronic Conditions 

 

Summary statistics for count of drug, medical and total 

beneficiaries shows count of unique beneficiaries. Provider 

with the maximum unique beneficiaries is “Portable X-Ray 

Supplier”. 

 

 
Figure 11: Summary Statistics by unique beneficiaries. 

 

Summary statistics for the standard amount paid is shown 

below.  

 
Figure 12: Summary Statistics by standard amount paid 

 

Study will proceed with analysis of risk scores and impact of 

chronic conditions. According CMS overview file, the risk 

scores estimate how beneficiaries FFS spending will compare 

to the overall average for the entire Medicare population. The 

average risk score is set at 1.08; beneficiaries with scores 

greater than that are expected to have above-average spending, 

and vice versa[10]. The risk scores are positively skewed, with 

a long tail to the right. 

 
Figure 14: Distribution of Beneficiary Average Risk Score. 

 

A log transformation assists with normalizing the distribution. 
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Figure 15: Log transformation plot Beneficiary Average 

Risk Score. 

 

According to UVA library (n.d.). research data service, the 

distribution with a fat tail will have both the ends of the Q-Q 

plot to deviate from the straight line and its center follows a 

straight line, whereas a thin-tailed distribution will form a Q-

Q plot with a very less or negligible deviation at the ends thus 

making it a perfect fit for the Normal Distribution[11]. From 

the histogram we can see that the distribution is right skewed 

since it contains many observations around zero but then 

rapidly declines in the frequency of values as risk score 

increases. The QQ plot shows this sample’s quantiles 

compared to the standard normal. 

 

According to “statistics how to” (n.d.), Shapiro-Wilk’s 

method is widely recommended for normality test. Test is 

based on the correlation between the data and the 

corresponding normal scores[12]. The R 

function shapiro.test() can be used to perform the Shapiro-

Wilk test of normality for one variable. 

 

 
Figure 16: Histogram and QQ plot Beneficiary Average Risk 

Score. 

 

Looking at output, the p-value < 0.05 implying that the 

distribution of the data are not significantly different from 

normal distribution. In other words, we can assume the 

normality. Correlogram is a graph of correlation matrix. It is 

very useful to highlight the most correlated variables in a data 

table. Frost, Jim (n.d.) in blog explains in detail how 

correlation coefficients are colored according to the value. 

Correlation matrix can be also reordered according to the 

degree of association between variables[14].  

 

 
Figure 17: Shapiro Test on Risk Score. 

 

Analysis utilizes R corrplot package. A correlation plot for 

total medicare standard amount, risk score, and the 16 chronic 

conditions is generated below[13]. Analyzing output plot it 

can be noted that risk score and total standard amount are 

positively correlated to the chronic conditions. 

 

 
Figure 18: Correlation Plot for total medicare standard 

amount, risk score 

 

Study will proceed with analysis of Risk Scores. As noted 

earlier, linear regression has a considerably lower time 

complexity when compared to similar statistic algorithms. The 

mathematical equations of Linear regression are also fairly 

easy to understand and interpret[14]. Hence Linear regression 

model is used to predict risk scores by the chronic conditions. 

After step-by-step removal, the final model is shown. 
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Figure 19: Linear regression model to predict Risk Score. 

 

 
Figure 20: Summary of Linear regression model. 

 

According to Pregibon, D. (1981), Linear Regression performs 

well when the dataset is linearly separable. Study will utilize 

variance inflation factor(VIF) to ensure there is no 

multicollinearity[15]. A VIF detects multicollinearity in 

regression analysis. Multicollinearity is when there is 

correlation between predictors (i.e. independent variables) in a 

model; presence of correlation can adversely affect regression 

results.  This function is a simple port of vif from 

the car package. The VIF of a predictor is a measure for how 

easily it is predicted from a linear regression using the other 

predictors. Taking the square root of the VIF tells you how 

much larger the standard error of the estimated coefficient is 

respect to the case when that predictor is independent of the 

other predictors.  

 

One way to quantify this relationship is to use the Pearsøn 

correlation cøefficient, which is a measure of the linear 

association between two variables[16]. It has a value between 

-1 and 1 where: 

• -1 indicates a perfectly negative linear cørrelation between 

two variables[17] 

• 0 indicates no linear cørrelation between two variables 

• 1 indicates a perfectly pøsitive linear correlation between 

two variables[17] 

 
Figure 21: VIF of predictor variables 

 

VIF of predictors did not detect multicollinearity, hence below 

will be final model to predict risk score[17]. 

 

 
Figure 22: Risk score final model. 

 

Study will review of total Medicare standard amount, and 

impact of chronic conditions. According to CMS overview 

file, “Total amount that Medicare paid after deductibles and 

coinsurance amounts have been deducted for the line-item 

service after standardization of the Medicare payment has 

been applied[18]. Standardization removes geographic 

differences in payment rates”. At first glance total amount is 

highly skewed. The mean is slightly larger than the 3rd 

quartile. There are 41 instances that go beyond the x axis 

limiter in the plot. Log transformation is applied to “Total 

amount” column to normalize the distribution. 

 

 
Figure 23: Summary of Total amount 
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Figure 24: Histogram plot: Total Amount 

 

As noted earlier linear regression are fairly easy to understand 

and interpret[19]. Hence study will utilize linear regression 

model to analyze impact of chronic conditions  on total 

amount. After step-by-step removal, the final model is shown 

below. 

 

 

 

 

 

 

 
Figure 25: Summary of Linear regression model. 

 

 
Figure 26: VIF of predictor variables. 

 

VIF of predictors did not detect multicollinearity, hence below 

will be final model to predict risk score. 

 

7. Data Summary and Implications 
 

The influence of chronic conditions on healthcare costs has 

been widely explored in this analysis[20]. Study provides 

detailed analysis of provider data, beneficiary data, risk score 

and total amount. In addition, study estimated the effect of 
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each chronic condition on risk score and total amount. Our 

analysis were restricted to beneficiaries who were enrolled for 

the entire year and who were eligible for Medicaid. 

 

Results from analysis indicate chronic conditions have 

influence on risk score and total amount. Study results have 

extremely low p value for risk score and total amount linear. 

Hence null hypothesis i.e. “Chronic Condition has no impact 

on beneficiary risk scores and total amount” is rejected and 

alternate hypothesis i.e. “Chronic Condition has impact on 

beneficiary risk scores and total amount” is accepted. 

 

Study predicts "Cancer "is the most impactful chronic 

condition for predicting risk score. Similarly "Stroke "is the 

most impactful chronic condition for predicting total amount. 

Diabetes, Depression, Cancer, Hypertension, Ischemic Heart 

Disease, and Rheumatoid Arthrites/Osteoperosis are predictor 

variables for both models. Kidney_Disease and 

Schizophrenia_Psychotic_Disorders are included in the risk 

scores model that are not included in the total Medicare 

standard amount model. 

 

 
Figure 27: Total Amount final model. 

 

Predictor variables Asthma, Alzheimers, Heart Failure, Atrial 

Fibrillation, Osteoperosis and Rheumatoid Arthritis 

Osteoporosis are included in the total Medicare standard 

amount model that are not included in the risk scores model. 

 

Chronic conditions Kidney Disease, COPD and Depression 

have positive coefficients in the risk scores model, and 

negative coefficients in the total Medicare standard amount 

model. 

 

The impact of chronic conditions in the growth of health care 

costs has been widely recognized. This study does not offer a 

solution to the problem, but it quantifies how much each of the 

sixteen chronic conditions available in source data influences 

risk score and total amount. It draws attention to conditions 

that can predict regression models (e.g., Stroke / Transient 

Ischemic Attack, Chronic Kidney Disease, Depression), which 

may be targeted by policy makers. These findings can help 

policymakers prioritize the efforts to reduce health care costs 

and risk by focusing on the health conditions that matter the 

most. 

 

Following approach are recommended for further research. 

First, additional data need to be collected that can provide 

insight into details like hospitalization and additional charges 

incurred[21]. This information will help further tune our 

prediction model. Another approach is to collect beneficiary 

and provider survey to get additional information about patient 

conditions capturing important information like period for 

which chronic condition exist, capture severity/complexity of 

conditions. Details will provide further opportunity to fine 

tune the prediction model help us draw better insights. 

 

8. Interpretation and Application 
 

Translating the analytical findings from LRM and machine 

learning models into actionable insights for patient 

readmission analysis involves a systematic approach to 

interpret the data, identify significant factors, and apply this 

knowledge to inform healthcare interventions[22]. Here's how 

these insights can be derived and utilized: 

 

LRM simplifies complex datasets by transforming them into a 

set of orthogonal (independent) components that capture the 

most variance. The loadings of these components can be 

interpreted to identify which original variables (e.g., patient 

demographics, clinical variables, social determinants of 

health) contribute most significantly to patient readmissions. 

For instance, Principal Component 1 might be heavily 

influenced by clinical variables such as the severity of illness, 

length of hospital stay, and comorbidities, indicating that these 

factors are major drivers of readmission risk. Principal 

Component 2 could correlate strongly with social 

determinants of health, such as socioeconomic status, access 

to care, and social support, highlighting their role in 

readmissions[23]. 

 

Leveraging Machine Learning Model Outputs 

Machine learning models trained on the LRM-reduced dataset 

can predict readmission risks with varying degrees of 

accuracy. By analyzing the feature importance scores from 

these models, healthcare providers can pinpoint specific 

factors that most influence the prediction. For example, a high 

feature importance score for comorbid conditions such as 

diabetes or heart failure suggests these conditions are critical 

predictors of readmission. 

a) Targeted Interventions: With a clear understanding of 

the key factors driving readmissions, healthcare providers 

can develop targeted intervention programs. For patients 

identified at high risk due to clinical variables, 

interventions might include enhanced discharge planning, 

patient education on condition management, and post-

discharge follow-up calls. 

b) Addressing Social Determinants: For patients whose 

readmission risk is influenced by social determinants[24], 

healthcare systems can implement supportive services 

such as transportation assistance, home health visits, and 

connections to community resources. 

c) Personalized Care Plans: Insight into the multifaceted 

drivers of readmissions enables the creation of 

personalized care plans that address the specific needs of 

each patient, potentially reducing readmission rates and 

improving patient outcomes. 
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Implementing Insights in Practice 

a) Data-Driven Decision Making: Integrate the findings 

from LRM and machine learning analyses into the 

healthcare system's decision-making processes[2]. This 

might involve using predictive analytics tools that 

incorporate these models to flag high-risk patients in real 

time. 

b) Continuous Monitoring and Evaluation: Establish 

mechanisms for continuous monitoring of intervention 

effectiveness and patient outcomes. Data from these 

evaluations can be fed back into the models to refine 

predictions and interventions over time. 

c) Stakeholder Engagement: Engage with a broad range of 

stakeholders, including patients, healthcare providers, and 

community organizations, to implement and support the 

identified interventions. Their involvement is crucial for 

addressing the complex needs of patients at risk of 

readmission. 

 

By translating the analytical findings into actionable insights, 

healthcare providers can take a proactive stance in managing 

patient readmissions. This approach not only improves patient 

care but also contributes to the sustainability of healthcare 

systems by reducing the costs associated with high 

readmission rates. 

 

The insights derived from Linear Regression Model (LRM) 

can profoundly inform clinical practices, policy-making, and 

the design of targeted interventions aimed at reducing patient 

readmissions[3]. By uncovering the underlying patterns and 

key factors associated with readmissions, LRM equips 

healthcare stakeholders with the knowledge to implement 

more effective strategies[25]. Here's how these insights can be 

translated into actionable outcomes in various healthcare 

domains: 

a) Risk Stratification and Personalized Care: LRM helps 

identify the most significant factors contributing to 

readmissions, allowing healthcare providers to stratify 

patients by their readmission risk. This stratification 

enables the development of personalized care plans 

tailored to the individual's risk factors, such as specific 

comorbidities or socioeconomic challenges, enhancing 

patient care and potentially reducing readmission rates. 

b) Enhanced Discharge Planning: Insights from LRM can 

highlight the importance of certain clinical practices, such 

as comprehensive discharge planning that addresses the 

identified risk factors. Healthcare teams can use this 

information to ensure that discharge plans are robust, 

include appropriate education for patients and caregivers, 

and establish follow-up care, thereby addressing potential 

gaps before they lead to readmission. 

c) Guiding Policy-Making: Policymakers can use the 

insights from LRM to better understand the drivers of 

readmissions and allocate resources more effectively. For 

example, if social determinants of health emerge as 

significant factors, policies might focus on integrating 

healthcare with social services to address these broader 

determinants. 

d) Quality Improvement Initiatives: The identification of 

key variables associated with readmissions can inform the 

development of quality improvement initiatives aimed at 

reducing readmission rates. Policies could be designed to 

incentivize hospitals and healthcare providers to adopt best 

practices identified through LRM analysis, such as 

improving care coordination and patient engagement. 

e) Designing Targeted Interventions: By identifying 

patient groups at high risk for readmission, healthcare 

providers can design targeted intervention programs. For 

instance, if LRM reveals that patients with certain chronic 

conditions are at higher risk, interventions could include 

specialized outpatient support programs, remote 

monitoring, or patient education initiatives focused on 

disease management. 

f) Community and Social Support Services: If LRM 

indicates a strong influence of social determinants on 

readmission rates, targeted interventions could extend 

beyond clinical care to include community-based support 

services. These might involve partnerships with 

community organizations to provide resources such as 

housing support, nutritional counseling, or transportation 

services to healthcare appointments. 

g) Technology-Enabled Solutions: Insights from LRM can 

also guide the development of technology-enabled 

interventions, such as telehealth services or mobile health 

applications, tailored to the needs of patients at risk of 

readmission. These technologies can facilitate better 

patient-provider communication, remote monitoring, and 

adherence to treatment plans. 

 

9. Conclusion 
 

The application of LRM in analyzing patient readmission data 

provides a powerful tool for uncovering the multifaceted 

factors that contribute to readmissions. By translating these 

insights into practice, healthcare providers can enhance 

clinical care, policymakers can devise more effective health 

policies, and targeted interventions can be developed to 

address the specific needs of patients at risk of readmission. 

 

These objectives align well with national healthcare 

objectives, such as reducing costs, improving access and 

quality of care, and ensuring that every sector of population 

can receive the care they need. Scope of study and its 

contribution to the broader goal of transforming healthcare is 

not limited to United States. Through innovation and data-

driven strategies, informed application of LRM-derived 

insights stands to significantly impact patient outcomes, 

reduce readmission rates, and contribute to the overall 

efficiency and effectiveness of healthcare systems. 
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