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I. [bookmark: _x3mb8vj2bnaw]Introduction

Hospital readmissions account for over $45 billion in spending in the Medicare and Medicaid programs (Weiss and Jiang 2021).  There is a growing recognition that social determinants of health can be important drivers of preventable hospital readmissions, especially in vulnerable populations (Arbaje et al., 2008; Flythe et al., 2018; Schultz et at., 2022; Lin et al., 2022).  With this in mind, in 2012, Catholic Charities Chicago (CCC) launched the Chicago Southland Coalition for Transition Care (CSCTC) in four hospitals in low-income areas; in contrast to most care transition programs, social workers were solely responsible for care transitions. Social workers are particularly well positioned to assist patients with the obstacles listed above that might inhibit their recovery.  In a rigorous evaluation of the CSCTC program, Evans et al. (2021) showed that the program reduced 30-, 60-, and 90-day readmission rates among traditional Medicare patients by at least 14%. The program benefits were concentrated in the population that was dually eligible for Medicare and Medicaid, where readmission rates fell by 35% for those treated by the intervention. Further, the savings associated with reduced readmissions more than offset the cost of administering the program.
Catholic Charities West Virginia (CCWVa) has partnered with three West Virginia hospitals to launch the Hospital Transition Program (HTP). Modeled after the CSCTC program outlined above, the goal of the program is to provide support and training for continued care after a patient is discharged from the hospital. Under the HTP, a case manager meets with eligible patients in the hospital and at their home after discharge, assessing needs based on conversations with the patient and an evaluation of their home environment while also coordinating services with local agencies to ensure that patients are in the best possible position to carry out their care plan for recovery.  
A team of health economists has partnered with CCWVa to design a randomized control trial (RCT) to evaluate the impact of this program on patient outcomes and costs. This study aims to analyze the effectiveness of the social-worker focused HTP with the following objectives. First, we will identify characteristics of patients who choose to participate in the hospital transition program relative to those who do not, and provide insight into the range of services that case managers provide to patients participating in the program. Second, we will estimate the effect of the HTP on 7-, 14-, 30-, 60-, 90-, and 180-day readmission rates and the costs of the readmissions. Third, we will examine the types of services used by clients in the treatment group so as to better understand the social needs of clients served by HTP.


II. Experimental Design

The Hospital Transition Program targets patients in three West Virginia hospitals that have been identified as having a high probability of hospital readmission. The three hospitals include: Wheeling Hospital (Wheeling, WV), Cabell-Huntington Hospital (Huntington, WV ), and St. Mary’s Hospital (Huntington, WV). 

Eligible patients must meet the following criteria: 
· Adults aged 18 and over
· Currently admitted at Wheeling, Cabell-Huntington, or St. Mary’s Hospital 
· Covered by Medicare or Medicaid (including dual eligibles)
· Resides in a ZIP code within 15 miles of the admitting hospital.  
· Readmission risk score at time of admission in top quartile within hospital. A patient’s readmission risk score is a probability of readmission based on a patient’s initial diagnosis, co-morbidities, previous hospital admissions, and social determinants of health.

Patients will be excluded if they meet any of the following criteria:
· Already a subject in the RCT (treatment or control)
· Deceased or discharged prior to triage or recruitment
· Discharged to long-term care facility
· Homeless

Each afternoon, the participating hospitals’ management information systems will flag any newly admitted patients that meet the eligibility criteria established above.  Patients will be ordered sequentially based on their admission to the hospital; for each two new patients that are added, one will be randomly assigned to a CCWVa case manager who will then contact the patient in the hospital, outline the services offered by the HTP, and if they agree, consent the patient to receive services.  Based on the early experiences of CCWVa case managers, we estimate a 70% consent rate; because we are expanding the program considerably and using a different algorithm to select cases, we are planning for a more conservative 50% consent rate at the start of the RCT.  CCWVa anticipates that each case manager can manage between 150 and 200 cases per year.  We expect that 2,400 patients will be eligible across the three hospitals each year.  Given an even chance of being offered services and an expected 50% consent rate, if 1,200 patients are offered services, 600 will consent to be treated.  Even if the 70% consent rate as reported by the current case manager materializes, this will still be within the upper bounds of what the case managers can handle.  If the consent rate is higher than 70%, we will adjust the probability of enrollment into treatment.
Patients in the treatment group will only be consented to receive treatment from CCWVa as part of the HTP.  No one is being consented to be part of the research study because all patients will be followed using administrative data and consent is impractical in this case.  

III. Key Data Sources
Below, we summarize the planned primary data sources for this project. Because we do not yet have access to these data sources, outcomes may be altered somewhat depending on data availability and quality. 

Hospital Data
The three participating hospitals in this study have detailed information about all patients in their electronic medical records systems. This includes dates of hospital stays, demographic information (age, race, ethnicity, and patient zip code), diagnosis codes, Diagnosis Related Group (DRG), payer information (i.e., health insurance), billing information, and readmission risk score.

CCWVa Client Records
CCWVa’s client information system collects detailed information in their electronic client management system, including what services were provided, other social service organizations with which the client was connected, and expenditures made on behalf of the client.  This information will help us better understand the most common services utilized as well as the investment necessary to start a hospital transition program.

American Community Survey (ACS)
The American Community Survey from the US Census Bureau will allow us to pull demographic information at the zip code level for those included in the eligibility criteria.  This could include median income, poverty rates, educational attainment, and other variables that could be useful as control variables in regression analysis or balance checks. ACS data are publicly available.


IV. Balance Checks
We expect no statistically significant difference between treatment and control groups due to random assignment for the measures below that are documented during a patient’s index hospital stay. Performing balance checks using the patient characteristics below will help validate the research design: 
· Age
· Gender
· Race
· Ethnicity
· Type of health insurance (Medicare, Medicaid, dual eligible)
· Charlson Comorbidity Index (CCI)
· Readmission risk score (probability) at the time of admission
· Length of hospital stay
· Distance of residence from hospital (based on patient zip code)
· Median income of patient zip code

V. Outcome Measures
Outcome Area 1: Program Take-up
Our first aim seeks to identify factors that impact a patient’s decision to participate in the HTP.  This is important for two reasons.  First, it will inform social service organization about what types of patients are most likely to participate in a program that provides services after a hospital stay.  Second, the results may indicate that some groups are not participating, which may require the agency delivering services to place extra effort to recruit more heavily from certain groups.  For example, suppose that patients with high comorbidities are the least likely to consent to services.  A service agency running the program may need to spend more time with these patients to outline the benefits to encourage enrollment, or experiment with different messaging to encourage enrollment from underserved groups. The data for this will come mostly from hospital records augmented with data from CCWVa.  

Outcome Area 2: Service Utilization
In addition to our analysis of who is participating in the program, we are also interested in examining the types of services provided to clients in the treatment group.  We are engaging in this analysis for two reasons.  First, if the program is effective in reducing readmissions, we want to have some understanding of the mechanisms that generate these results.  Patient needs will be quite varied, including but not limited to social isolation, lack of transportation, lack of food, living in a space that is not conducive to recovery, and not understanding discharge instructions.  Knowing what services are provided to clients will help us to identify which services are most helpful in preventing hospital readmissions.  A second reason for this analysis is that if the program is successful in reducing readmission rates and associated costs, social service organizations willing to participate in such an endeavor will need to know the types of services they should be providing through the intervention.  Additionally, CMS now requires hospitals to collect data on the social determinants of health, so this type of data can be used to indicate underlying need and help better target the intervention in the future.

Outcome Area 3: Hospital Readmissions
The main outcome of interest for our study is whether or not a patient was readmitted to the hospital for any reason after their index hospital stay. Using data provided by participating hospitals, we can observe whether a patient was admitted to the hospital within 7, 14, 30, 60, 90, and 180 days of a hospital discharge.

Outcome Area 4: Hospital Charges
Using the same method described for Outcome Area 3, we will sum all costs associated with a hospital readmission based on hospital billing information. These estimates are critical in that they identify the financial sustainability of the HTP intervention. If the intervention reduces readmissions and their subsequent costs, we can compare the benefits to the underlying costs of the program.  
VI. Exploratory Subgroup Analysis
Although all eligible patients are at high risk of having a hospital readmission, there is tremendous heterogeneity within a condition in co-morbidities that impact readmission rates.  We therefore plan to examine whether results vary based on patient acuity. To do this, we will first construct a Charlson Comorbidity Index (CCI) to measure patient acuity using a patient’s co-morbidities as measured by ICD-10 diagnosis codes recorded in a patient’s electronic health record (Charlson et al., 1987; Charlson et al., 1994).  The index is an integer value from 0 to 14 that is designed to predict one-year patient mortality.[footnoteRef:1]  Our own previous work and an extensive list of papers in the medical literature demonstrate that the index is highly predictive of 30-day readmission rates as well.[footnoteRef:2]  We will then consider subgroups based on the CCI, and estimate separate models for each group to examine whether the HTP has different impacts for low-, medium-, and high-risk patients.  In our previous work, we grouped together patients with similar CCI scores (0 to 1, 2 to 3, and 4 or higher), but we expect that given the high-risk population identified through the eligibility criteria listed above that the distribution of CCI scores in our patient sample will be clustered around higher CCI scores.  In our previous work, the CCI groups were also not even in size as the lowest risk group was about 2.5 times the size of the highest risk group.  However, the baseline risk of readmission was twice as high in the highest risk group relative to the lowest risk group; so, although sample sizes were very different across risk groups, the statistical power was similar. [1:  The Charlson Comorbidity Index has been validated as an effective way of measuring the likelihood of mortality. See Frenkel et al. (2014), Quan et al. (2011), and Sundararajan (2004).]  [2:  See Arora et al. (2017), Buhr et al. (2019), Gadre et al. (2019), and Gangu et al. (2022) for a few examples.] 

In our previous work, we found that effects of the Chicago hospital transition program were driven by patients who were dually eligible for Medicare and Medicaid, as well as by black and Hispanic patients. We plan to conduct a similar analysis in West Virginia to examine whether the program has differential impacts on Medicaid, Medicare, and dually eligible patients.  Preliminary analysis suggests that about a quarter of the sample will be Medicaid enrollees, about a quarter is dually eligible for both Medicare and Medicaid, and half will be enrolled in Medicare only.  The black and Hispanic population is so small in Wheeling and Huntington that we will not have the statistical power to examine result heterogeneity by race or ethnicity.

VII.     Data Analysis 

Describing the Patients that Enroll and the Services they Receive
We can examine the correlates of who consents to services through a simple probit model.  In this case, let TUiht be a dummy variable for patient i from hospital h in month t that equals 1 if someone offered services agrees to participate in the HTP.  In a sample of people that were offered treatment, we will estimate a basic probit model that estimates the parameters for the following probability: 

(1)	Prob(TUiht = 1) = Φ( Xihtβ + μh + vt  + 𝛾z)

where Xiht is a vector of individual characteristics, μh are hospital fixed effects, vt are month fixed effects, 𝛾z  are zip code of residence fixed effects, and Φ(⦁) is the standard normal CDF.  In the vector X, we will include variables such as high-order polynomials in age and indicator variables for sex, type of insurance (Medicare, Medicaid, or dual eligible), race, ethnicity, and patient acuity as measured by the Charlson Comorbidity Index (CCI). While we can control for race/ethnicity, there is little heterogeneity along these lines in West Virginia and this will also be true in our sample of patients.  
We want to examine a few questions with this model.  The first is whether patients with high medical needs are more likely to participate in the HTP.  This can be obtained by examining the coefficients on the CCI.  We also want to examine whether prior experience with CCWVa alters the chance of consenting to services.  Through its client management software, CCWVa will be able to link patients by name, date of birth, gender, and zip code of residence to determine whether patients assigned to treatment had previously received services through CCWVa.  It may be that prior experience with the social service agency encourages enrollment.  

Understanding the services provided to clients 
	For patients who enroll in HTP (TUiht = 1), we will conduct a descriptive analysis of services they received through CCWVa. Specifically, we will assess the frequency of services offered and utilized, as well as the average cost to the service provider for providing those services.  

Impact of the HTP on Hospital Readmissions and Costs
	The key outcome in our analysis will be readmission rates 7, 14, 30, 60, 90, and 180 days after hospital discharge.  As take-up will not be 100%, we plan to estimate models that measure both the intention to treat (ITT) and the treatment on the treated (TOT).  Let yiht be a dummy variable that equals 1 if patient i from hospital h that was discharged in month t is readmitted to the hospital for any reason within a specified number of days since discharge.  The ITT equation of interest is of the form  

(2)		yiht = Xihtβ1 + Tihtα1 + μ1h + λ1t + 𝛾1z + ε1iht

where Xiht is a vector of individual characteristics including high-order polynomials in age and indicator variables for sex, type of insurance (Medicare, Medicaid, or dual eligible), race, ethnicity, and patient acuity as measured by the CCI.  We will control for hospital fixed effects (μ1h), month of hospital admission fixed effects (λ1t), and zip code of residence fixed effects (𝛾1z).  The month effects are unique indicators for each month (May 2023, June 2023, etc.), that will control for the seasonal pattern in readmissions and the fact that randomization is coming in two-person pairs.  The variable Tiht is a dummy variable that equals 1 if the patient is assigned to treatment; therefore α1 represents the ITT estimate and estimates the impact of being assigned to treatment.  Perhaps the most important estimate is the TOT value, which estimates the impact of participation in the HTP on readmissions.  To obtain this, let TUiht be a dummy that equals 1 if someone offered treatment takes up the HTP. 
Consider the first-stage relationship between assignment to treatment and take-up as described by equation (3): 

(3)		TUiht = Xihtβ2 + Tihtα2 + μ2h + λ2t + 𝛾2z + ε2iht

where α2 represents the first-stage relationship between assignment and take-up.  The TOT parameter would then be αTOT = α1/α2 which is nothing more that the 2SLS coefficient from a model where yih is the outcome of interest, TUiht is an endogenous covariate, and assignment to treatment Tiht, is an instrument for this variable, and the other controls are those in equations (2) and (3).  
	In all models, we will allow for an arbitrary correlation in errors by hospital and month.  We anticipate the correlation in this dimension because each hospital has a unique patient base and practice patterns that are likely to generate correlation in patient outcomes.  Second, we anticipate that errors are correlated within small time periods because of seasonal variation and because patients are being randomly assigned in two-person pairs, this allows for correlations in errors within these small windows of time.
	The text above outlines the models for the key outcome, which is whether or not a patient was readmitted to the hospital.  We are also concerned about the costs of readmissions, which is a secondary outcome.  In this case, the basic statistical models will be the same, but we will change the outcome of interest to total costs associated with a readmission (and zero if a readmission does not occur). 

Statistical Power
	Over a two-year period, we anticipate enrolling 4,800 individuals in the experiment, with half being assigned to the treatment group and an expected take-up rate of 50%.  Based on data provided by the hospitals about their readmission rates for the eligible population, we expect the baseline readmission rate for the sample to be 22%.  With power of 0.80 and an alpha of 0.05, we will be able to detect a 3.2 percentage point decline in an intention to treat, which implies a 6.4 percentage point decline in the treatment on the treated model.  These projections are in line with the estimates found in Evans et al. (2021) in their evaluation of the transition program run by Catholic Charities Chicago.

[bookmark: _qzqv5kj1wroq][bookmark: _nff7aja9al7y]Multiple Hypothesis Testing
The outcomes described above all provide distinct information about outcomes related to patient health, spending, and program utilization. We will report p-values for all outcomes included in the analyses described above, which will provide all the information necessary to make multiple hypothesis testing corrections if desired.
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