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[bookmark: _Toc44424381]I.	Introduction and Goals
The Maryland Health Services Cost Review Commission (HSCRC) needs to set national benchmarks for hospitals in Maryland with which to compare the hospitals’ performance on a range of quality and cost metrics. The goal is to allow a comparison of Maryland hospitals’ performance to national hospitals’ performance while recognizing differences that drive legitimate variation. Given that Maryland has a significant concentration of hospitals in high-cost urban areas, the state’s costs relative to national averages look significantly higher when geographies are not matched. Benchmarks can be applied to Medicare performance adjustment, inter-hospital cost comparisons, and quality benchmarking, among other measures. In this report, we cover benchmarks for Medicare Fee-for-Service (FFS) beneficiaries; benchmarks for the population covered by employer-sponsored health insurance are the topic of a separate document (Abt Associates, 2020). 
In this report, we present the methods and results of developing and refining Medicare FFS benchmarks for Maryland hospitals. First, HSCRC selected benchmark counties for Maryland counties based on the similarity of a wide variety of factors such as demographics, health status, and economics. Even though matching techniques identified similar US counties for Maryland counties, the algorithm was based on nearest-neighbors and not on an exact match. Therefore, some significant differences persisted between comparison counties and Maryland counties. As a result, the difference for total cost per beneficiary in Maryland hospitals compared to national benchmarks may be inaccurate. 
Next, we developed a normalization method to improve the comparability of benchmark counties and Maryland hospitals in order to measure hospitals’ performance on Medicare total cost of care (TCOC). Hospitals are characterized by the Primary Service Area Plus (PSAP). We applied the method to benchmark counties and Maryland hospitals to make valid comparisons between hospitals with different mixes of Medicare beneficiaries. In the remainder of this report, we describe each of these steps in detail. The report is organized as follows:
In Section II, we discuss data sources
In Section III, we discuss the benchmark development and refinement process, including the following:
Selecting the benchmark counties
Developing a normalization approach that accounts for differences in medical education cost, health status, and other demographic variables
In Section IV, we present the final regression model used to normalize the benchmarks, including model coefficients and PSAP-level and state-level adjustment results
Medicare FFS Benchmarking	Mathematica
In Section V and VI, we summarize the report and discuss the merits, restrictions, and limitation of the benchmarking normalization approach
1

This page has been left blank for double-sided copying.

[bookmark: _Toc44424382]II.	Data sources
Data for this project are claims from 100 percent of all Maryland Medicare FFS beneficiaries and 5 percent of all national Medicare FFS beneficiaries. We accessed the data through Medicare’s Chronic Conditions Warehouse (CCW) Virtual Research Data Center (VRDC). We performed analyses for calendar year (CY) 2018 data. The main outcome of interest is annual TCOC per capita. Other variables used for selecting benchmark counties as well as for refining the benchmarks included the following:
Rural-urban continuum code. The U.S. Department of Agriculture assigns rural-urban continuum codes to each county in the United States. The code ranges from 1 (most urbanized) to 9 (least urbanized) based on population, degree of urbanization, and adjacency to a metropolitan area. Given the wide range of population and density within urban/rural indicator level I, we further divided this level according to population size and density.
Median household income. ZIP code–level median household income from the 2013 – 2017 five-year estimates in the American Community Survey (ACS) is assigned to each beneficiary based on ZIP code and then aggregated to the county level.
Percentage deep poverty. The percentage of individuals below 50 percent of the poverty line in each ZIP code from the 2013–2017 ACS is assigned to each beneficiary based on the beneficiary’s ZIP code and then aggregated to the county level.
Regional price parities (RPP). RPP measures the cost of goods and services across the United States at the metropolitan statistical area (MSA) level. The Bureau of Economic Analysis provides data on both the RPP of individual metropolitan areas and the RPP averages of metropolitan and non-metropolitan counties in a state (2016). Counties from the same MSA are assigned the same value. All non-metropolitan counties in a state are assigned the state's non-metropolitan average.
Hierarchical condition category (HCC). We used the HCC system to generate risk factors that reflect the presence of chronic health conditions; data from the system are publicly available and well validated for a variety of Medicare populations (Pope et al. 2011). The HCC algorithm provides an exhaustive aggregation of all International Classification of Disease (ICD) codes into a series of chronic condition categories that are subsequently ranked into hierarchies. We calculated the beneficiary-level HCC scores using the latest CMS-HCC software V2217O1P, which is developed for ICD-10 codes valid in this project’s period. 
Medicare FFS Benchmarking	Mathematica
Medical education (ME) cost. We calculated the cost of direct graduate medical expenses (DGME) and indirect medical education (IME) using data from Medicare cost reports and estimates of indirect medical education cost calculated in prior analysis (Gilman, 2018).
3
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[bookmark: _Toc44424383]III.	Methods
In this section, we present the regression-based adjustment we developed with the goal of improving the comparability of Medicare benchmarks to Maryland hospitals. We first calculated Medicare TCOC per beneficiary and removed the medical education cost. Second, we adjusted the estimates by HCC scores. Next, we developed a series of regression models to account for the variability in demographic and economic variables. Based on model goodness-of-fit statistics, the model with the percentage of deep poverty and median household income demonstrated the best fit. We chose this model to perform the area-level adjustment. After deriving the predicted cost from the regression model, we calculated the observed-to-expected (O/E) ratio for Maryland PSAPs and benchmarks and calculated the regression adjusted TCOC for both. We calculated the impact of each step of the adjustment. Below we report the details of each step.
[bookmark: _Toc44424384]Benchmark county selection
HSCRC has established a set of benchmark counties for each county in Maryland by using a set of economic and demographic factors per the methodology reported in Lammers et al. (2019), with slight variations. The resulting benchmark counties permitted the comparison of Maryland hospitals to others in similar markets. For the five large urban counties (Anne Arundel, Baltimore, Baltimore City, Montgomery, Prince George’s), the HSCRC designed the peer group to include the 20 most similar benchmark counties. For all other counties, HSCRC selected the closest 50 benchmark counties. We used different numbers of peers to balance the limited number of potentially comparable counties for large counties and to balance the instability in the demographic and health care cost data for the smaller counties. HSCRC aims to compare hospital’s performance on Medicare TCOC in comparable areas, health system characteristics such as number of hospital beds, number of physicians are considered as part of the outcomes that are not included in the selection of benchmark counties.
[bookmark: _Toc44424385]Removing ME costs 
HSCRC’s goal to create a single comparison metric across different types of hospitals requires removing the cost of medical education from payment amounts.  While Maryland payment rates include both direct and indirect costs of medical education in the claim paid amounts, national Medicare claims include only the IME payment amounts. We applied the following methods to remove ME costs from the claims. 
IME cost per diem

We used the national estimates of  cost per resident calculated by Gilman (2018) for major and moderate teaching facilities using the following formula for each hospital:


Table 1. Coefficients for removing medical education costs from TCOC
	
	2011 Actual
	2012
	2013
	2014
	2015
	2016
	2017
	2018
	2019

	IME Coefficient
	$230,746
	$235,984
	$240,491
	$244,700
	$248,982
	$252,878
	$256,835
	$262,705
	$269,212

	Inflation (Global Insights)
	
	2.27%
	1.91%
	1.75%
	1.75%
	1.56%
	1.56%
	2.29%
	2.48%

	
	2011
	2012
	2013
	2014
	2015
	2016
	2017
	2018
	2019

	Academic Coefficient
	
	
	
	
	$304,902
	$309,673
	$314,519
	$321,708
	$329,676

	Non-Academic Coefficient
	
	
	
	
	$110,875
	$112,610
	$114,372
	$116,986
	$119,884

	Inflation (Global Insights)
	
	
	
	
	
	1.56%
	1.56%
	2.29%
	2.48%



Table 1 lists the coefficients for removing IME costs. For 2018, the following coefficients are used for this calculation:

Major teaching facility  cost per resident = $321,708 

Moderate teaching facility  cost per resident = $116,986


For future years, coefficient estimates will be updated by HSCRC using Global Insights inflation estimates. We subtracted estimated  amounts from claim paid amounts for both Maryland and national claims.  amounts were calculated by multiplying IME cost per diem and length of stay in each claim. 
DGME payment per diem
This adjustment applied only to Maryland claims since DGME payments are not part of claim payments in the national claims.  We used the following formulas to calculate the DME for Maryland from Medicare cost reports:

	


We subtracted estimated amounts from claim paid amounts. DGME amounts per claim were calculated by multiplying  payment per diem and length of stay in each claim. 
[bookmark: _Toc44424386]Benchmarking normalization
Although the HSCRC selected the benchmark counties resemble Maryland counties on a variety of characteristics discussed above, we still observed significant differences in economic and demographic variables between the Maryland counties and benchmark counties because we did not match exactly on these variables. For example, the 2018 median household income in Howard County was $124,197, while that of the benchmark counties averaged $92,323. The percentage of deep poverty for Baltimore City was 9.9 percent in 2018, while that of the benchmark counties averaged 7.5 percent. The 2018 average TCOC per capita in Maryland was 9.6 percent higher than the average of benchmark counties. We applied a normalization methodology to control further for differences in the characteristics of the benchmark counties and to enhance comparability to Maryland counties. The normalization process required the following steps:
Calculate Medicare TCOC without Medical education (ME)
We calculated Medicare TCOC per beneficiary for all beneficiaries who has either Part A and Part B using claims for Maryland residents and using geographic variation files for benchmark counties. 
HCC adjustment
We adjusted the outcome from step 1 by HCC risk score. We divided each county’s TCOC adjusted for medical education by its own risk score and then multiplied the result by the  straight average of HCC scores across all benchmark counties. If a county’s HCC score was higher than average, we adjusted the TCOC downward, and vice versa.
	
Regression adjustment

We tested two regression-based options for this step of normalization, namely, at the county level and at the beneficiary level. After reviewing the model output and receiving comments from HSCRC, we decided to select the county-level regression model based on model performance, parsimony, and interpretability. Details on all tested beneficiary- models and county-level models appear in the Appendix. To perform county-level normalization, we built a regression model predicting county as a function of the demographic characteristics used to identify benchmark counties. We estimated the model over only the benchmark counties and used the number of beneficiaries in each benchmark county as weight in the regression.[footnoteRef:2] The demographic characteristics considered for this regression were (1) average age, (2) percent female, (3) median household income from ACS, (4) percentage of individuals below 50 percent of the poverty line from ACS, and (5) RPP from the Bureau of Economic Analysis. We compared the performance of these options by using various model selection criteria (such as adjusted R-squared, mean squared error, Akaike Information Criteria [AIC], and Bayesian Information Criteria [BIC]). The final data set used for regression contained 650 benchmark counties. [2:  We also tested unweighted regression and found the coefficients were not stable over CY2017 and CY2018, therefore we chose the weighted regression approach. Many variables such as TCOC and demographic characteristics are measured at the beneficiary level, so considering beneficiary count in the regression is warranted. ] 

Recalculate the adjusted TCOC for Maryland hospitals and benchmarks

After finalizing the best-fitting model, we applied the regression coefficients to benchmark counties to estimate the predicted  based on demographic and economic factors.
[bookmark: _Toc44424387]County-level adjustment
For county-level adjustment, we applied regression coefficient to county-level data to calculate the predicted TCOC given demographic variables. Then for each Maryland county, we calculate the predicted TCOC for its benchmarks by calculating an average of predicted TCOC for the 20 (for the five Maryland urban counties) or 50 (for all other Maryland counties) benchmark counties. Lastly, we calculate TCOC for the benchmark counties using the formula below. We keep the MD TCOC unchanged at the HCC adjusted TCOC.

	






Where is the average of HCC and medical education adjusted for the 20 or 50 benchmark counties, is the predicted TCOC from the regression model for the Maryland county, is the average of predicted TCOC from the regression model for the 20 or 50 benchmark counties. If the was higher than one, then we adjusted the new benchmark upward, and vice versa. MD counties’ TCOC were kept at the level after HCC adjustment. Only Benchmark counties TCOC move up or down during the regression adjustment. This is different from the PSAP-level adjustment which we will describe below.
[bookmark: _Toc44424388]PSAP-level adjustment

For PSAP-level adjustment, we constructed a benchmark for each PSAP by blending benchmark counties for Maryland counties to which a MD hospital had beneficiary attribution. This constructed benchmark had demographic variables and  as a weighted average of the benchmarks counties and the weights were the number of beneficiaries in this hospital from different MD counties. For example, suburban hospital (210022) draws 99.8% of its beneficiaries from the Montgomery county, so their benchmarks is 99.8% * Montgomery county benchmark + 0.2% * other counties benchmark, which is basically the benchmark for Montgomery county. Holy cross hospital (210004) draws 80% of its beneficiaries from Montgomery county, and 20% beneficiaries from Prince George’s county, so their benchmark is a weighted average of the two counties’ benchmarks: 80% * Montgomery county benchmark + 20% * Prince George’s county benchmark, 


Then from the regression model, we calculated the predicted for PSAP and its benchmarks given their demographic variables. To perform regression adjustment, we calculated an observed-to-expected (O/E) ratio for each Maryland PSAP and benchmark by dividing medical education and HCC score adjusted TCOC by the predicted value from the regression model. Finally, we calculated the regression adjusted as the (O/E) ratio multiplied by the weighted average benchmark TCOC after adjusting for medical education and HCC, where weights (Wi) equal the number of beneficiaries assigned to each hospital.

	
	
[bookmark: _Toc44424389]State-level summary


We calculated state-level before and after adjustment as the weighted average of PSAP-level before and after adjustment, where the weights equal the number of beneficiaries assigned to each hospital.

	

	

	

	
Medicare FFS Benchmarking	Mathematica
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[bookmark: _Toc44424390]IV.	Results
[bookmark: _Toc44424391]Model selection results
The final model includes two covariates: percentage of deep poverty and median household income. In Table 2, we list regression coefficients and their 95 percent confidence interval for the final model used in developing area level adjusted TCOC. The adjusted R-squared is 0.123. AIC and BIC are 11575 and 11593, respectively. The sizes of the standardized coefficients (coefficients standardized by the variability of the variable) suggest that the median household income is relatively more important than the percentage of deep poverty in explaining variabilities in TCOC among the benchmark counties.
Table 2. Regression coefficients used for adjusting benchmark TCOC
	Variable name
	Coefficient
	95 percent confidence interval
	Standardized coefficient

	(Intercept)
	7510.00
	(6748.30, 8271.63)
	0

	Percentage of deep poverty
	183.20
	(120.63, 245.74)
	0.23

	Median household income
	0.03
	(0.03, 0.04)
	0.33


[bookmark: _Toc44424392]County-level adjustment results 
[bookmark: _Hlk35026811]We calculated the demographic adjusted TCOC for benchmark counties and compared the adjusted benchmarks to TCOC for Maryland counties adjusted for medical education and HCC. For each Maryland county, we averaged across the benchmark counties by calculating a straight average of the benchmark group. The attached workbook, titled “Medicare FIPS PSAP Level Results Workbook_06302020.xlsx,” contains county-level results at each step of the normalization process. In Figure 1, we visualize how TCOC changes at each step of normalization. For some counties, adjustment increases the difference between Maryland counties and benchmark counties, such as Carroll, Fredrick, Harford, Queen Anne’s, and Worcester. For other counties, adjustment decreases the difference between Maryland counties and benchmarks, such as Baltimore City and St. Mary’s.
[image: ]Figure 1. County-level TCOC of Maryland counties and benchmarks at each step of normalization 

[bookmark: _Toc44424393]PSAP-level adjustment results
For each Maryland PSAP, we constructed its benchmark by blending benchmark counties for Maryland counties, using the number of beneficiary attribution as weights. We calculated the demographic- adjusted TCOC for Maryland PSAPs and benchmarks. The attached workbook, titled “Medicare FIPS PSAP Level Results Workbook_06302020.xlsx,” contains PSAP-level results at each step of the normalization process. 
[bookmark: _Toc44424394]State-level TCOC before and after adjustments
We calculate state-level results as the weighted average of PSAP-level results using beneficiary population in each hospital PSAP as the weights (Table 3). In CY 2018, before adjustment, the Maryland state average TCOC was $12,613.62, and the United States benchmark was $11,507.66 (9.6 percent difference). After medical education adjustment, the Maryland state average TCOC was $12,255.16 and the United States benchmark was $11,296.26 (8.5 percent difference). After the medical education and HCC adjustment, the Maryland state average TCOC was $12,128.05 and the United States benchmark was $11,079.13 (9.5 percent difference). After the medical education, HCC, and regression adjustments, the Maryland state average TCOC was $12,015.94 and the United States benchmark was $11,065.71 (8.6 percent difference).
Table 3. State-level TCOC before and after adjustments
	
	TCOC before adjustment
	TCOC after medical education adjustment
	TCOC after medical education and HCC adjustment 
	TCOC after medical education, HCC, and regression adjustment

	MD
	 $12,613.62 
	 $12,255.16 
	 $12,128.05 
	 $12,015.94 

	Benchmark
	 $11,507.66 
	 $11,296.26 
	 $11,079.13 
	 $11,065.71 

	Percent difference
	9.61%
	8.49%
	9.47%
	8.59%


Medicare FFS Benchmarking	Mathematica
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[bookmark: _Toc44424395][bookmark: _Toc32442199]V.	Restrictions and Limitations
The 2018 Medicare FFS Benchmark data have been processed and summarized for the internal use of HSCRC. The results presented in this report is intended to be used to benchmark Maryland's CY 2018 Medicare FFS costs for medical services. In preparation of our analysis, we relied upon the accuracy of data and information provided to us by HSCRC, CMS, and our data partners.  We reviewed input data for its reasonableness.  If the underlying data or information is inaccurate or incomplete, the results of our analysis may likewise be inaccurate or incomplete.

[bookmark: _Toc44424396]VI.	Summary
In this project, we developed regression-based adjustment with the aim to improve the comparability of Medicare benchmarks to Maryland hospitals in order to measure their performance on Medicare total cost and utilization statistics. On the county level, the adjustment reduced the gap of Maryland counties from their benchmark counties for some counties increased the gap for some other counties. On the state level, the adjustments did not reduce the overall difference between Maryland PSAPs and their benchmarks. Even though the county-level adjustment did not significantly reduce the difference between Maryland hospitals and their benchmark, we propose several tests of additional enhancements:
The R-squared for the regression model is limited, perhaps suggesting that additional variables that explain variability in medical expenditure can enrich the current model. For example, we may consider adding an indicator of end-stage renal disease and more granular age group bins. 
Beneficiary-level regression can leverage more granular information and increase sample size at the beneficiary level, which enables a more flexible adjustment approach. We tested beneficiary-level regression in this task but did not pursue it because of data quality concerns around the RPP measurement. Revisiting the beneficiary-level regression can be a fruitful area of research for a future iteration. 
Medicare FFS Benchmarking	Mathematica

		15


This page has been left blank for double-sided copying. 
		
[bookmark: _Toc44424397]References
Abt Associates. “Healthcare Cost Benchmarking for Commercial Programs.” Submitted to the Maryland Health Services Cost Review Commission. Rockville, MD: Abt Associates, February 2020.
Gilman, B., “Estimating the Indirect Costs of Graduate Medical Education Separately for Major and Non-Major Teaching Hospitals in Maryland.” Submitted to Maryland Health Services Cost Review Commission. Washington, DC: Mathematica, 2018.
Centers for Medicaid & Medicare Services (CMS). Medicare Geographic Variation Public Use File. Baltimore, MD: Centers for Medicare & Medicaid Services, February 2020. Available at https://www.cms.gov/files/zip/statecounty-table-all-beneficiaries.zip. Accessed March 20, 2020.
Lammers, E., M. Sweeney, and E. Schone. “Final Report about Developing National Benchmarks for Maryland Hospital Markets.” Submitted to the Maryland Health Services Cost Review Commission. Washington, DC: Mathematica, February 2019. 
Pope, G.C., J. Kauttner, M.J. Ingber, S. Freeman, R. Sekar, and C. Newhart. “Evaluation of the CMS-HCC Risk Adjustment Model. Final Report.” Submitted to the Centers for Medicare & Medicaid Services. March 2011. Available at https://www.cms.gov/Medicare/Health- Plans/MedicareAdvtgSpecRateStats/downloads/evaluation_risk_adj_model_2011.pdf. Accessed May 30, 2017.
Medicare FFS Benchmarking	Mathematica

		17

This page has been left blank for double-sided copying



[bookmark: _Toc44424398]Appendix A
Model Selection and Testing for 
Medicare Fee-for-Service (FFS) Benchmarking



This page has been left blank for double-sided copying

I. [bookmark: _Toc44424399]Background
The Maryland Health Services Cost Review Commission (HSCRC, or the commission) contracted with Mathematica to develop a normalization method to improve the comparability of Medicare benchmarks to Maryland hospitals in order to measure the hospitals’ performance on Medicare total cost and utilization. HSCRC established a set of comparison counties for each county in Maryland by using socioeconomic status (SES) and demographic factors and sought to improve the comparison of total cost by normalizing it according to demographic characteristics. The method will be applied to hospital-attributed beneficiaries and comparison communities and may be applied to other utilization and cost measures. 
The initial phase of Medicare FFS peer county selection revealed considerable variation in total health care cost across demographic groups. The variation indicated that additional normalization is needed to make valid comparisons between counties with different mixes of Medicare beneficiaries. Mathematica proposed to test two regression-based options for this normalization, namely, at the county and beneficiary levels. Using various model selection criteria, we tested different options for model specification and compared the performance of the options. In this appendix, we document the model specifications that we tested and the rationales for the final model selected for readjustment.
II. [bookmark: _Toc44424400]Data source and pre-processing
Data for this project are claims from 100 percent of all Maryland Medicare FFS beneficiaries and 5 percent of all national Medicare FFS beneficiaries. Commission staff accessed the data through Medicare’s Chronic Conditions Warehouse (CCW) Virtual Research Data Center (VRDC). For the county-level approach, we aggregated beneficiary-level records to the county level. We separately analyzed data from calendar years (CY) 2017 and 2018. The main outcome of interest is total cost of care (TCOC) per capita after adjusting for medical education cost. Table 1 lists potential covariates considered for the regression model.
Table 1. List of potential covariates considered for the regression model
	Level of analysis
	Label
	Data source

	County-level approach
	Average age: Average age of beneficiaries in each county, weighted by the number of months during which beneficiary is eligible for Medicare.
	CCW VRDC

	
	Percent female: Percentage of female beneficiaries in each county.
	CCW VRDC

	
	Deep poverty percentage: Percentage of population living in a household with total income below 50 percent of its poverty threshold, aggregated from ZIP code level to county level.
	American Community Survey (ACS), 2013–2017 five-year estimates

	
	Average median household income: Average of median household income, aggregated from ZIP code level to county level.
	ACS, 2013–2017 five-year estimates

	
	Average Hierarchical Condition Categories (HCC) Score: County-level average of the risk score generated from Center for Medicare & Medicaid Services (CMS)– HCC model V2217O1P. We used community HCC scores and beneficiaries with end-stage renal disease (ESRD) are included.
	CCW VRDC

	
	Average regional price parities (RPP): A measure of price levels across the United States. With RPP calculated at the metropolitan statistical area (MSA) level, values for counties in the same MSA are the same.
	Bureau of Economic Analysis

	Beneficiary-level approach
	Five-year age bin and sex: An interaction term of age and sex. Age is divided into five-year bins.
	CCW VRDC

	
	HCC score: Beneficiary-level risk score generated from the CMS-HCC model V2217O1P.
	CCW VRDC

	
	Deciles for deep poverty percentage: Weighted* deciles for the percentage of the population living in a household with total income below 50 percent of its poverty threshold, assigned to beneficiary from the ZIP code level.
	ACS, 2013–2017 five-year estimates

	
	Deciles for median household income: Weighted deciles of median household income, assigned to beneficiary from the ZIP code level.
	ACS, 2013–2017 five-year estimates

	
	Deciles for RPP: Weighted deciles of RPP, assigned to beneficiary from the MSA level.
	Bureau of Economic Analysis


* To account for the sampling design (100% Maryland + 5% benchmark), we readjusted the weight of each beneficiary from benchmark counties by multiplying it by 20.
For county-level data, we performed exploratory data analysis and the following data pre-processing steps:
We excluded observations with FIPS code “24990” and “MDOTHER” and observations with MSA “MDOTHER” and “OTHER.” These are Maryland beneficiaries whose addresses are outside of Maryland or missing. 
If the average HCC score was missing or zero, we recoded it to 1, which is approximately the average HCC score across all counties, to minimize the distortion when included in the regression model.
Table 2 lists summary statistics for the county-level data after completion of the data pre-processing steps. Given that we included only benchmark counties in the regression model, the summary statistics are listed separately for Maryland counties and benchmark counties.
Table 2. Summary statistics of county-level data
	Cohort
	N
	Variable
	Minimum
	Maximum
	Mean

	Maryland
	24
	TCOC per capita ($)
	9,898.62
	16,257.65
	12,031.07

	
	
	TCOC adjusted for medical education ($)
	9,741.07
	15,373.95
	11,747.70

	
	
	Average HCC
	0.89
	1.22
	0.98

	
	
	Average age
	75.2
	80.3
	77.1

	
	
	Percent female (%)
	53.6
	58.5
	55.8

	
	
	Average median household income ($)
	41,651.41
	124,043.34
	74,990.35

	
	
	Percent deep poverty (%)
	2.6
	10.3
	5.1

	
	
	Average RPP
	88.1
	119.1
	102.4

	Benchmark

	650
	TCOC per capita ($)
	4,476.93
	43,209.58
	10,135.59

	
	
	TCOC adjusted for medical education ($)
	4,476.93
	43,209.58
	10,011.94

	
	
	Average HCC
	0.81
	1.37
	0.99

	
	
	Average age
	67.9
	87.2
	77.0

	
	
	Percent female (%)
	40.0
	70.6
	54.9

	
	
	Average median household income ($)
	31,173.04
	128,018.71
	61,109.52

	
	
	Percent deep poverty (%)
	1.6
	15.1
	5.6

	
	
	Average RPP
	83.8
	127.1
	94.9


For beneficiary-level data, we performed exploratory data analysis and the following data pre-processing steps:
1. We found that about 7 percent of beneficiaries in VRDC were missing an HCC score. We recoded their HCC scores to 1.
1. A small number of beneficiaries in VRDC were younger than age 18 years. Beneficiaries who were younger than 18 were disabled beneficiaries and had high expenditures. After consulting with commission staff, we excluded such beneficiaries from the analytic sample. We also excluded any beneficiary missing the RPP measure. In combination, these two exclusion criteria resulted in the exclusion of 20 Maryland beneficiaries and 42 benchmark beneficiaries in the sample.
1. Some beneficiaries have extremely high costs (above $4 million); therefore, we decided to Winsorize the TCOC adjusted for medical education to its 99th percentile. We calculated the 99th percentile weighted to account for the sample design (100% Maryland + 5% benchmark).
Table 3 lists summary statistics for the beneficiary-level data after completion of the data pre-processing steps. The summary statistics are listed separately for beneficiaries from Maryland and the benchmark counties. Unlike the county-level regression, we included beneficiaries from both Maryland and the benchmark counties in the beneficiary-level regression. We kept negative TCOC values in the regression because these are probable outcome at the individual level. After medical education adjustments, some negative values were seen for the TCOC as well.
Table 3. Summary statistics of beneficiary-level data
	Cohort
	N
	Variable
	Minimum
	Maximum
	Mean

	Maryland
	798,611
	TCOC per capita ($)
	-2,130.62
	4,151,476.56
	14,275.11

	
	
	TCOC adjusted for medical education ($)
	-54,644.24
	3,848,293.68
	13,818.03

	
	
	Average HCC
	0.03
	21.50
	1.02

	
	
	Average age
	18
	115
	71.9

	
	
	Percent female (%)
	/
	/
	57

	
	
	Average median household income ($)
	15,341
	209,145
	83,116

	
	
	Percent deep poverty (%)
	0
	60.2
	4.7

	
	
	Average RPP
	88.1
	119.1
	108.9

	Benchmark
	949,230
	TCOC per capita ($)
	-5,966.76
	7,472,539.20
	12,782.60

	
	
	TCOC adjusted for medical education ($)
	-88,345.92
	7,471,539.20
	12,516.51

	
	
	Average HCC
	0.03
	16.23
	1.06

	
	
	Average age
	18
	115
	71.3

	
	
	Percent female (%)
	/
	/
	55.6

	
	
	Average median household income ($)
	9,079
	244,671
	69,832

	
	
	Percent deep poverty (%)
	0
	100
	5.62

	
	
	Average RPP
	83.8
	127.1
	103.3


III. [bookmark: _Toc44424401]Model specifications 
We tested various model specifications to answer the following questions: (1) How is a regression-based adjustment better than a simple HCC adjustment? (2) How does the county-level regression compare to the beneficiary-level regression? (3) What is the best model specification from both statistical and conceptual perspectives? Table 4 lists the various model specifications that we tested in this project.
Table 4. Various model specifications tested for normalizing benchmark
	Model
	Dependent variable
	HCC adjustment
	Age and sex
	Median household income
	Percent deep poverty
	RPP

	County level

	Full model
	TCOC adjusted for medical education and HCC
	Outside of regression, multiplicative adjustment
	X
	X
	X
	X

	No age and sex
	
	
	
	X
	X
	X

	No RPP
	
	
	X
	X
	X
	

	Minimum model
	
	
	
	X
	X
	

	Beneficiary level (log)

	Log-1
	TCOC adjusted for medical education and HCC, Winsorized to 99th percentile, log-transform
	Outside of regression, multiplicative adjustment
	X
	X
	X
	X

	Log-2
	
	
	X
	X
	X
	

	Log-3
	
	
	
	X
	X
	

	Log-4
	
	
	X
	
	
	

	Log-5
	
	
	X
	X
	
	

	Log-6
	
	
	
	X
	
	

	Log-7
	
	
	X
	
	X
	

	Log-8
	
	
	
	
	X
	

	Log-9
	
	
	X
	
	
	X

	Log-10
	
	
	 
	
	
	X

	Beneficiary level (linear, HCC adjusted before regression)

	Linear-1
	TCOC adjusted for medical education and HCC, Winsorized to 99th percentile
	Outside of regression, multiplicative adjustment
	X
	X
	X
	X

	Linear-2
	
	
	X
	X
	X
	

	Linear-3
	
	
	
	X
	X
	

	Linear-4
	
	
	X
	
	
	

	Linear-5
	
	
	X
	X
	
	

	Linear-6
	
	
	
	X
	
	

	Linear-7
	
	
	X
	
	X
	

	Linear-8
	
	
	
	
	X
	

	Linear-9
	
	
	X
	
	
	X

	Linear-10
	
	
	 
	
	
	X

	Beneficiary level (linear, HCC adjusted in regression)

	Linear-11
	TCOC adjusted for medical education, Winsorized to 99th percentile
	Linear HCC term is included in the regression
	X
	X
	X
	X

	Linear-12
	
	
	
	
	
	

	Linear-13
	
	
	X
	
	
	

	Linear-14
	
	
	X
	X
	
	

	Linear-15
	
	
	X
	
	X
	

	Linear-16
	
	
	X
	
	
	X

	Linear-17
	
	
	
	
	X
	

	Linear-18
	
	
	
	
	
	X

	Linear-19
	
	
	
	X
	
	

	Linear-20
	
	Quadratic and linear HCC terms 
	X
	X
	X
	X

	Linear-21
	
	
	
	X
	X
	


IV. [bookmark: _Toc44424402]Model selection results
First, we compared the model fit and state-level results when costs were adjusted only for the HCC score, with costs adjusted through the use of multivariate models that also included demographic variables. A linear model including only HCC had an R-squared value similar to that in linear multivariate regressions that included demographic variables. However, adjusting only for the HCC score would increase the state-level difference between Maryland counties and the benchmark counties. Most other multivariate regression adjustments (when RPP was included) decreased the difference between Maryland counties and the benchmark counties. In addition, we observed significant differences in median household income and percent deep poverty between Maryland counties and benchmark counties. Therefore, we decided to adopt regression-based adjustment in addition to an HCC adjustment.
Next, we compared a few county-level regression models against each other. Table 5 lists the regression coefficients, standard error, and model fit statistics. The full model has the best fit because it has the highest adjusted R-squared and lowest Akaike Information Criteria (AIC) and Bayesian Information Criteria (BIC). However, the inclusion of RPP changes the signs of percentage of deep poverty and median household income. The latter two variables have positive coefficients when RPP is not included and negative coefficients when RPP is included. Given that RPP is correlated with average median household income and average percentage of deep poverty, a possible explanation is that RPP confounds the relationship between other demographic variables and Medicare cost. Therefore, with RPP measured at a cruder level (MSA level) and with less confidence in its accuracy than in the other demographic variables, we selected the minimum model (which excludes RPP, age, and sex) as the best model in the county-level approach.
Table 5. Comparison of county-level regression models
	 
	
	Full model
	No age and sex
	No RPP
	Minimum model

	(Intercept) 
	Coefficient
	−3478.985
	5366.536***
	−8027.395***
	8365.719***

	
	Standard error
	(1841.746)
	(447.662)
	(1824.009)
	(396.477)

	Average age 
	Coefficient
	93.676***
	
	183.918***
	

	
	Standard error
	(23.486)
	
	(21.312)
	

	Percent female 
	Coefficient
	5147.732*
	
	5699.742*
	

	
	Standard error
	(2129.139)
	
	(2223.293)
	

	Average percent deep poverty
 
	Coefficient
	−49.133
	−47.915
	33.702
	88.943**

	
	Standard error
	(31.373)
	(31.787)
	(30.818)
	(32.226)

	Average median household income
	Coefficient
	−0.7
	−0.009*
	0.018***
	0.030***

	
	Standard error
	(0.005)
	(0.005)
	(0.004)
	(0.004)

	Average RPP
	Coefficient
	48.738***
	62.906***
	
	

	
	Standard error
	(6.287)
	(5.522)
	
	

	Adjusted R-squared
	
	0.297
	0.270
	0.231
	0.123

	AIC
	
	11437.855
	11458.92
	11493.844
	11575.98

	BIC
	
	11469.194
	11480.477
	11520.706
	11593.6

	N
	
	650
	650
	650
	650


For the beneficiary-level regression, we considered log-transforming the outcome variable (TCOC adjusted for medical education and HCC score) to account for the right skewness of the health care expenditure. However, during implementation, we observed some empirical constraints —some beneficiaries have negative or zero expenditures after medical education adjustment. One way of handling such constraints is to recode negative or zero expenditures to a small number, such as 1. However, doing so may introduce bias into the regression estimates; therefore, we decided not to pursue that approach. In addition, HCC scores are based on beneficiary-level linear regression, indicating that it is appropriate to make beneficiary-level regressions a linear specification.
Another option that we considered for the beneficiary-level regression was whether to adjust for HCC scores before the regression adjustment step or to include HCC scores as a covariate in the regression and then adjust simultaneously with other demographic and SES covariates. The rationale supporting an adjustment to HCC scores before the regression is that the HCC score is a proxy for Medicare expenditure. This way, we would ensure that the effect of the HCC score is independent from other demographic and SES covariates. On the other hand, the inclusion of HCC as part of the regression would allow for more flexibility, such as the inclusion of quadratic terms in the model. During testing, we found that inclusion of a quadratic term of HCC had little effect on model fit (R-squared increased from 0.19885 to 0.19886 with inclusion of the quadratic term) and little impact on the county- and state-level adjustment results. Therefore, we decided to adjust for HCC as a separate step before the regression and include only demographic and SES variables in the regression step.
Table 6 summarizes the regression coefficients and model goodness-of-fit statistics of the linear models we tested. Linear models 1 through 10 have very low R-squared values, indicating that the variables included in the regression can explain little of the variation of beneficiary-level health care expenditures after considering medical education and HCC. This is not surprising given that age and sex information are already included in the HCC software. We also found that the addition or elimination of RPP changes the signs of other covariates. For example, when RPP is dropped from Linear-1, the signs of median household income changed from all negative to all positive. We also found that the relation of RPP to total cost is non-monotonic, and, because RPP was developed from MSA estimates, has only a small number of values. Therefore, we concluded that the estimated relationship of RPP to total cost was likely spurious. Given the combination of the three reasons stated above (low explanatory power of variables other than HCC, inconsistent signs in the same covariate group, and the lack of credibility of estimated RPP effects), we chose the county-level regression over the beneficiary-level regression.
Table 6. Signs of regression coefficients and model goodness-of-fit of the linear models 
	Model
	Dependent variable
	Age and sex
	Median household income
	Percent deep poverty
	RPP
	HCC
	HCC2
	BIC
	Adjusted R-squared

	Linear-1
	TCOC adjusted for medical education and HCC
	+
	-
	-
	m
	
	
	38586212
	0.002

	Linear-2
	
	+
	+
	m
	 
	
	
	38587459
	0.0013

	Linear-3
	
	 
	+
	m
	 
	
	
	38589536
	0.0001

	Linear-4
	
	+
	 
	 
	 
	
	
	38587665
	0.0012

	Linear-5
	
	+
	m
	 
	 
	
	
	38587481
	0.0013

	Linear-6
	
	 
	m
	 
	 
	
	
	38589557
	0.0001

	Linear-7
	
	+
	 
	-
	 
	
	
	38587569
	0.0012

	Linear-8
	
	 
	 
	-
	 
	
	
	38589635
	0.0001

	Linear-9
	
	+
	 
	 
	m
	
	
	38586280
	0.002

	Linear-10
	
	 
	 
	 
	m
	
	
	38588281
	0.0008

	Linear-11
	TCOC adjusted for medical education
	m
	-
	-
	m
	+
	 
	38713613
	0.199

	Linear-12
	
	 
	 
	 
	 
	+
	 
	38716598
	0.197

	Linear-13
	
	m
	 
	 
	 
	+
	 
	38715435
	0.198

	Linear-14
	
	m
	-
	 
	 
	+
	 
	38715304
	0.198

	Linear-15
	
	m
	 
	m
	 
	+
	 
	38715374
	0.198

	Linear-16
	
	m
	 
	 
	-
	+
	 
	38713802
	0.199

	Linear-17
	
	 
	 
	+
	 
	 
	 
	39099549
	0.001

	Linear-18
	
	 
	 
	 
	-
	 
	 
	39098266
	0.002

	Linear-19
	
	 
	-
	 
	 
	 
	 
	39099761
	0.001

	Linear-20
	
	m
	-
	m
	-
	+
	-
	38713575
	0.199

	Linear-21
	
	 
	m
	m
	 
	+
	-
	38716285
	0.198


Note:	Because each variable category includes multiple variables (such as age and sex interaction terms, deciles of median household income), we summarize—for simplicity of presentation—the signs of coefficients in the same group. “+” indicates all coefficients are consistently positive; “-” indicates all coefficients are consistently negative; “m” indicates coefficients have mixed signs.
V. [bookmark: _Toc44424403]Conclusions
This appendix documents the model specifications tested for normalizing the Medicare FFS benchmarks. We compared regression coefficients, model goodness-of-fit, and interpretability of county- and beneficiary-level models. After considering the models’ performance metrics and receiving HSCRC’s comments, we chose the minimum county-level model (two covariates are the percentage of deep poverty and the average median household income) as the final regression model to perform SES and demographic adjustment in the Medicare benchmark normalization process. Regression adjustment is only one step of many steps for the benchmarking normalization process. We refer the reader to the Medicare Fee-for-Service Benchmarking report for details on other adjustment steps such as adjusting for medical education cost and HCC scores. Our conclusion relies on the accuracy of the data and information provided to us by HSCRC and CMS. If the underlying data or information is inaccurate or incomplete, the results of our analysis may likewise be inaccurate or incomplete. In future iterations of benchmarking normalization, we recommend starting from the updated county-level data from VRDC and re-estimating the regression model to obtain the updated adjustment weights.
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