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Abstract

Concerns about the quality of state-financed nursing home care has led to the wide-scale adoption 

by states of pass-through subsidies, in which Medicaid reimbursement rates are directly tied to 

staffing expenditure. We examine the effects of Medicaid pass-through on nursing home staffing 

and quality of care by adapting a two-step FGLS method that addresses clustering and state-level 

temporal autocorrelation. We find that pass-through subsidies increases staffing by about 1% on 

average and 2.7% in nursing homes with a low share of Medicaid patients. Furthermore, pass-

through subsidies reduce the incidences of pressure ulcer worsening by about 0.9%.
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I. Introduction

A difficult issue that arises in terms of the provision of public programs is how to keep down 

costs while at the same time ensuring that providers provide a level of quality that meets 

appropriate standards. User assessment of quality may not provide sufficient incentive if 

users do not have sufficient choice among alternative providers, if they cannot readily 

monitor quality or if providers are not otherwise able to benefit from improvements in 

quality in terms of higher prices (because of limits on out of pocket costs) or higher demand 

(if the reimbursement cost is close to the marginal cost of care). Direct monitoring of output 

quality is difficult and must often at least rely in part on self-reported data. In some cases it 

is more feasible to subsidize or regulate inputs that are thought to have a direct impact on 

quality. However, in such cases there is an obvious concern that providers may respond to 

such incentives by cutting back on other needed inputs, thus leading to little impact on 

quality.
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A particularly clear example of this problem arises in the context of nursing home care. 

Medicaid helps the poor gain access to old age long-term care by directly reimbursing 

nursing homes. However, Medicaid reimbursement rates are considerably lower than 

private-pay rates and in many cases barely cover the cost of care provided. Hence, nursing 

homes with a high percentage of Medicaid patients may have little incentive to increase 

quality beyond a level that would trigger unwanted attention (Scanlon 2001). Such concern, 

along with the sense that labor input is a primary determinant of the quality of care in 

nursing homes, has led to the wide-scale adoption by states of direct subsidies of nursing 

staff in the form of pass-through policies, in which Medicaid reimbursement rates are 

directly tied to staffing expenditure. States that adopt pass-through policies earmark 

additional funds to the direct-care staff, the majority of whom are Certified Nurse Assistants 

(CNAs), and generally require nursing homes to use the pass-through to increase wages, 

benefits, or the number of staff. Figure 1 shows the distribution of CNA hours from 1999 to 

2004 for Florida, New York, and Massachusetts combined. These three states adopted the 

pass-through policy in 2002 and comprise some of the largest nursing home markets in the 

nation. A mean shift in CNA hours starting in 2002 is evident, suggesting a potential policy 

effect. Moreover, the distribution becomes bimodal, pointing to potential heterogeneous 

effects. The main question we ask in this paper is whether wage pass-through increases 

CNA staffing hours and ultimately the quality of care in nursing homes. An increase may 

occur at the mean but can also be more pronounced at certain parts of the distribution as 

suggested in Figure 1. We aim to identify both the average pass-through effects and the 

heterogeneous effects in this paper.

The literature has examined the relationship between the Medicaid reimbursement rate and 

the quality of nursing home care. Gertler (1989, 1992), utilizing 1980 New York data, finds 

that higher Medicaid payment rates increase Medicaid admissions but decrease the quality 

of care. In these papers, demand for nursing home care by Medicaid patients exceeds supply. 

Hence, nursing homes reduce cost by lowering service quality when it displaces a private 

pay patient with a Medicaid patient. Similarly, Nyman (1988) tests the excess demand 

hypothesis using 1979 Wisconsin data and finds that higher reimbursement rates are 

associated with lower quality of care. However, as Grabowski (2001) and Grabowski et al. 

(2004) point out, the nursing home market condition has changed considerably since the 

1980s, with various long-term care options becoming available to patients. Using national 

data for 1996, Grabowski (2001) finds a positive effect of reimbursement on quality of care. 

Cohen and Spector (1996) also find a positive effect of reimbursement on staffing but no 

effect on quality.

Baughman and Smith (2010) examine the impact of wage pass-through on the wages of 

direct care workers. They use the Surveys of Income and Program Participation (SIPP) data 

and find that wages increase within states but are unable to find a wage increase when using 

individual fixed effects. Our focus is on nursing home behavior, specifically on how the 

pass-through policy affects nursing home staffing and patient outcomes. In a related paper 

Feng et al. (2010) estimates the impact of pass-through policy on the different nurse type 

staffing levels using a procedure outlined in an earlier version of this paper. In this paper we 

not only examine the average impacts but also the heterogeneous impacts on both staffing 

and various patient outcome variables. By doing so we identify a more nuanced policy 
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impact. Another main contribution of this paper is that we motivate and explain the 

underlying estimation procedure and illustrate the efficiency gains of using different 

procedures in multi-level panel data sets. An important distinction from Feng et al. (2010) is 

that we examine the impact of state minimum staffing requirements in this paper. Many 

states enacted or increased minimum nurse staffing requirements during our study period. 

Bowblis (2011) and Lin (2014) find that CNA hours increase with minimum staffing 

requirements. Given the similar timing of the two policies, controlling for state minimum 

staffing requirements will be crucial to correctly identify the wage pass-through effect.

We construct a panel data set of nursing home characteristics and state policies from the 48 

continental U.S. states over a six-year period from 1999 to 2004. Since the policy variables 

vary at the state level but the outcome variables vary at the nursing home level, state level 

shocks that are auto-correlated across time and correlation among nursing homes within 

each state are likely to impact the regression estimates. Hansen (2007) proposes a two-step 

FGLS method to account for the serial correlation and clustering problem. We simplify 

Hansen’s procedure so that the two-step FGLS method can be conveniently implemented by 

using an AR(1) structure. This method serves as an alternative to difference in difference 

(DD) methods that cluster standard errors at the state-level (Bertrand et al. 2004). We show 

analytically and by simulation that our two-step FGLS estimates reduce standard errors by 

about 30 to 45%. The method outlined in this paper can be generalized to many policy 

analyses that use multi-level panel data and can provide more efficient estimates than 

conventional difference in difference estimates.1 We perform our analysis on the full sample 

and samples stratified based on each nursing home’s average share of Medicaid patients. We 

also non-parametrically estimate the heterogeneous policy impact over the distribution of the 

share of Medicaid patients. We find that pass-through increases staffing by about 1% on 

average and the impact is stronger for nursing homes with a low percentage of Medicaid 

patients, where staffing hours increase by 2.7%. For quality, we examine a multitude of 

patient outcome variables and primarily find results on the pressure ulcer worsening rate. 

Pass-through policy reduces incidences of pressure ulcer worsening by about 0.9%.

In the next section we discuss the wage pass-through policy and testable predictions. Section 

III describes our empirical strategy and the benefits of the two-step FGLS estimation 

procedure. Section IV describes the data. Section V discusses the main empirical results, 

Section VI the heterogeneous results, and Section VII the robustness tests. Section VIII 

concludes.

II. Background on the Pass-through Policy and Testable Predictions

Medicaid programs in many states have implemented a wage pass-through policy, which 

earmarks additional funds for the purpose of increasing compensation for direct-care 

workers in long-term care. In 1999, 6 states (California, Delaware, Michigan, Minnesota, 

South Carolina, and Wisconsin) had a wage pass-through policy in place. In the five-year 

period that followed, 17 additional states introduced a wage pass-through. States adopting a 

1The authors along with Tim Squire have created a single line Stata command “xtfear” which implements the procedure outlined in 
the paper. The Stata ado file “xtfear” is available upon request to the authors.
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wage pass-through policy generally require a certain portion of the Medicaid reimbursement 

to be used to improve direct-care workers’ wages and/or benefits or to increase staffing 

level. How the wage pass-through policy is actually implemented varies widely from state to 

state, as do accountability procedures that monitor provider compliance. States often transfer 

a set dollar amount per staff hour or require a certain percentage of the reimbursement 

increase to be used for wages/benefits.

How might a wage pass-through policy affect staffing and quality? Pass-through could 

affect quality of care through changes in staffing level or worker effort2. Staffing can change 

because the price of labor nursing homes face decreases with a wage pass-through. Worker 

effort can change because one’s effort depends on the wage one receives from the nursing 

home as well as one’s opportunity wage. An important element of our research is the 

distinction between increasing staffing and raising the quality of output per worker. It is 

unclear whether an increase in staffing would improve quality of care if the increase in 

staffing does not promote worker effort. Furthermore, given that states mandate a minimum 

level of staffing that nursing homes have to maintain, the introduction of a wage pass-

through will likely have different implications depending on whether a nursing home is 

constrained by the staffing requirement.3

For unconstrained nursing homes, that is, nursing homes that optimally choose labor above 

the state minimum requirement, the first order effect of a wage pass-through would be the 

lower price of labor for nursing homes resulting in an increase in demand for labor. 

However, nursing homes that were constrained and were sub-optimally choosing staffing 

above its optimal level would be reluctant to use the pass-through to increase staffing but 

instead utilize the pass-through amount to increase wages for their staff. The relative 

increase in own wages would be larger for these constrained nursing homes, resulting in 

increased worker effort, and potentially quality of care. Though staffing increases in nursing 

homes that choose a high level of staffing, worker effort may not increase because own 

wages may not rise as much as the increase in market wages, which could result in minimal 

changes in worker effort.4 To put this idea into context consider two nursing homes: a high 

reputation nursing home with good facilities and management that attracts higher paying 

private-pay residents and less Medicaid patients, and a low reputation nursing home that 

caters mostly to Medicaid patients. When pass-through is introduced, the high reputation 

low Medicaid share nursing home, being unconstrained by the staffing mandate, would 

2As Weiss (1990) points out quality of workers can improve because of the change in the distribution of workers hired (adverse 
selection) or changes in individual effort, i.e., moral hazard or incentive effects. The theoretical predictions in this section focus on the 
incentive effects, because it concisely explains the heterogeneous effects without having to go through a more complicated job search 
model of turnover. The underlying model for which the discussion in this section is based on is presented in an Online Appendix that 
can be accessed at web.stanford.edu/~yongslee/nh_appendix.pdf.
3Another channel that could affect quality of care is nursing home staff turnover. Castle et al. (2007) find that reducing turnover from 
high to medium levels increase quality of care in nursing homes. Our empirical results do not explore this channel but the pass-
through subsidy could also impact turnover and ultimately to the quality of care.
4One could argue that constrained nursing homes would simply lower wages paid to the staff by nursing homes and allow the pass-
through subsidy to offset this reduction, returning the home to actual worker compensation levels that are sufficient to secure 
minimum staffing levels. However, we do not believe this would be the case. First of all, states to do check whether the subsidy is 
being used as intended, i.e., either increase wages or staffing. Second, if the subsidy results in an outward demand shift in the market 
as a whole, the nursing homes paying lower wages will likely lose staff members to competition and have to hire even lower quality 
staff members. Nurse aid wages are already low and comparable to fast-food jobs. Given that this was not a period of excess demand, 
lowering quality further by paying lower wages could encourage potential residents to seek alternative modes of long term care.
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likely increase staffing hours. On the other hand, the low reputation high Medicaid share 

nursing home, which was already constrained by the staffing mandate, would be reluctant to 

increase staffing but instead utilize the pass-through subsidy to increase wages, potentially 

resulting in higher nurse effort and better patient outcomes.5

Empirically, we test whether there are differential impacts of wage pass-through on nursing 

homes based on the share of Medicaid patients, in addition to examining the average effect 

on CNA staffing and quality of care. Specifically, we test whether nursing homes with a 

lower share of Medicaid patients increase staffing when states introduce the pass-through 

policy. We also test whether nursing homes with a higher share of Medicaid patients are 

more responsive to the state minimum staffing requirements. If so, this would imply that 

nursing homes with higher share of Medicaid patients are indeed more constrained by the 

staffing mandates. Finally, we test whether pass-through improves quality of care more so in 

nursing homes with a higher share of Medicaid patients. We believe that examining the 

heterogeneous responses based on the share of Medicaid patients is reasonable during the 

time period we examine. The long-term care (LTC) market has become increasingly 

competitive, with more and more non-nursing home LTC providers, such as assisted living 

and other community-based services, competing with traditional nursing homes. The 

national average nursing home occupancy rate has fallen below 85% in recent years.6 

Medicaid reimbursement policies likely had a more important impact on Medicaid patient 

admission when there was excess demand. However, the number of Medicaid patients in 

nursing homes nowadays is more determined by local market conditions (Grabowski 2008).

III. Empirical Research Design

Before discussing the data and empirical results, we discuss a simplified version of Hansen’s 

(2007) FGLS procedure that efficiently estimates state policy effects in facility-level panel 

data. We first discuss the serial correlation and clustering issues that arise in a multi-level 

panel and then describe our estimation strategy.

III.A Potential problems for estimation in a multi-level panel

Consider

(1)

where yist is the outcome variable (e.g., staffing level or patient outcome), Xist is a vector of 

facility level variables including county characteristics, Zst is a vector of state policy 

variables, μs represents state specific unobservables that determine staffing hour (e.g., other 

labor or health policies relevant to staffing level), ηt is a vector of year dummies, vi reflects 

5Competition for reputation could also generate heterogeneous staffing responses. Since the wage subsidy is tied to the number of 
Medicaid patients, low reputation nursing homes with a higher share of Medicaid patients could increase their reputation position in 
the market when the pass-through subsidy is introduced. Furthermore, the low Medicaid nursing homes would potentially increase 
staffing even more to maintain their relative reputation in the market. We thank an anonymous referee for this point.
6The national nursing home occupancy rate in 2001 was 85.9% and has been falling steadily to 84.8% by 2007 (Harrington et al., 
2008). Gertler’s (1989, 1992) studies are based on New York’s nursing home market in the early 1980s when occupancies were well 
over 95%.
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facility-level unobserved variables that determine our outcome (e.g., management style), εst 

and uist represent state-level and facility-level idiosyncratic factors. uist is assumed to be 

independent of all observable and unobservable factors in (1). We assume that εst is 

independent of Zst, the state policy variables, and later examine this assumption using a 

duration model.

The parameter of interest is γ. However, there are several problems that complicate the 

consistent and efficient estimation of γ. First, facilities in the same state at a particular point 

in time are likely to face common shocks, such as, economic conditions or unobserved state 

policies. Thus, facilities in the same state and time cannot be treated as independent, i.e., 

E(uistujst)≠0. This is the clustering problem. Second, these common shocks are likely to be 

serially correlated within states over time. So residuals at the state-level cannot be treated as 

independent over time, i.e., E(εstεst−k)≠0. Lastly, there is an endogeneity problem because 

facility-level characteristics such as share of Medicaid patients or patient acuity may be 

influenced by state-year economic or environmental shocks, i.e., E(Xistεst)≠0. Hence, 

regressions at the facility level may lead to biased estimates of these characteristics and thus 

lead to misleading policy effects.

A potential solution and widely used estimation method is to employ facility level difference 

in difference regression with Huber-White standard errors clustered at the state level 

(Bertrand et al. 2004). This method is robust to the clustering and autocorrelation problem 

but still suffers from endogeneity if the state-time level shocks are correlated with facility 

characteristics. Even if we assume E(Xistεst)=0, this method is inefficient to the extent that 

the autocorrelation can be captured with an AR process as shown by Hansen (2007) using a 

two-step FGLS process. In this paper, we adapt and slightly modify Hansen’s procedure so 

that the two-step FGLS method can be easily implemented. The main modification is in the 

estimation of the AR(1) parameter which we discuss below. This method can be generalized 

to policy analysis settings that are susceptible to serially correlated state-year shocks, and in 

such cases provide more efficient estimates than conventional difference in difference 

estimates.

III.B Estimation Strategy: Two-step OLS and Two-step FGLS

The two-step estimation strategy in Hansen (2007) utilizes the fact that equation (1) contains 

variables that vary only at the state-year level, i.e., Zstγ, μs, ηt, and εst. Lets capture all these 

variables and denote it as cst. In other words, let cst = Zstγ + μs + ηt + εst. Then, we can 

rewrite equation (1) as

(2)

Note that cst captures the policy component as well as the state and year fixed effects. One 

of the main advantages of estimating a multilevel panel (facility level data with state level 

policy) in two steps is that we do not have to assume E(Xistεst)=0. Time varying state shocks 

and facility level variables are likely to be correlated, i.e., E(Xistεst)≠0. In our case, we have 

reasons to believe that year varying state economic shocks (e.g., unemployment) or weather 

shocks affect the share of Medicaid patients or patient acuity in nursing homes. However, 
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many analyses using a multilevel panel assume away this possibility in estimating equation 

(1). The two-step process enables one to work around the potential endogeneity caused by 

the correlation between state level shocks and facility level variables.

In the first stage of the two-step estimation, one runs the OLS regression in equation (2) and 

retrieves estimates for cst, i.e., the set of coefficient estimates on the state-year dummy 

variables. In order to cancel out the facility level fixed effects vi, we first demean equation 

(2) at the facility level and then estimate the state-year fixed effects in

(3)

The dot indicates that variables are demeaned at the facility level (e.g., ẏist = yist − ȳi) and 

δst are the set of state-year dummies. Note that ċst = cst − c̄s, where c̄s is some state level 

constant. We first get estimates of ċst from equation (3), and then run a regression of ċst on 

the policy variables Zst, and state and year fixed effects (the second stage). In other words, 

the second-stage estimation is

(4)

where μ̃
s = μs + c̄s so c̄s is subsumed as part of the state fixed effects.

What we refer to as the two-step difference in difference procedure estimates γ in (4) with 

OLS where standard errors are clustered at the state level to account for any potential 

correlation in the error terms within states over time.

The two-step DD returns consistent estimates of γ but is inefficient due to the serial 

correlation in the residuals. The two-step FGLS procedure, as documented in Hansen 

(2007), fits an AR(p) process on the residuals and improves the efficiency of the estimates 

(i.e., reduces the standard errors). In this paper, we model the serial correlation in εst as an 

AR(1) process and perform a standard FGLS estimation by first estimating the AR(1) 

coefficient ρ and then performing OLS on the ρ-differenced variables. We believe the serial 

correlation in the state-time level shocks in most policy or program analyses can be captured 

well with an AR(1) process even when there are further lags in the AR process. In section 

III.D we show that specifying the error terms as an AR(1) process still produces substantial 

efficiency gains even when the underlying process is of higher order. Estimating the AR(1) 

coefficient ρ requires caution. Here, we first illustrate the two-step FGLS procedure taking ρ 

as given and then in the next section describe how to get an unbiased estimate of ρ.

For the Two-step FGLS estimation, we demean variables at the state level in (4) to eliminate 

the state fixed effects μ̃
s, so that
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Demeaning the left hand side simply returns ċst, because . η is 

subsumed in the constant term in the actual regression. We assume that εst follows a 

stationary AR(1) process so that εst = ρ εst−1 + est, where est is White noise, and hence ε̄
s = 

0. Thus, we end up with the state-year level equation

(5)

With an unbiased estimate of ρ, we can ρ-difference equation (5), i.e., subtract a lagged 

equation (5) multiplied by ρ, run an OLS regression and get estimates of γ. That is, we 

estimate the equation

(6)

where ξt = ηt − ρηt−1. Allowing for the possibility that the error term in (6) could still be 

correlated within state across time, we additionally cluster standard errors by state. Note that 

the first observation in each state drops out of the panel when we ρ-difference the variables. 

We follow the standard procedure of normalizing the first observation by , so that the 

variance of εs1 equals the variance of est (Greene, 2002).

III.C Unbiased Estimation of the AR(1) Coefficient

In an NxT panel data with short T, estimating the AR coefficient by regressing the residual 

εst on its lags returns biased estimates. Consider our second stage equation ċst = Żsγ + ηt + 

εst and the AR(1) process εst = ρεst−1 + est. Suppose we regress the estimated residual ε̂
st on 

its lag ε̂
st−1 to estimate ρ. Effectively we are regressing  on its lag. If we 

had a long panel with large T the term  would converge to zero. However, 

in short panels this term becomes non negligible so that cov(εst, εst−1) ≠ cov(ε̂
st, ε̂

st−1) and 

ultimately ρ ≠ ρ̂. A simple example with T=2 illustrates this more concretely. In the case of 

T=2,  and . So the correlation in the estimated residuals is 

−1 regardless of actual value of ρ. In general, the bias ρ̂ − ρ is negative with the absolute 

value of the bias decreasing in T.

Hansen (2007) develops a general method that calculates the magnitude of this bias and 

subtracts away the bias to get unbiased coefficient estimates of an AR(p) process. In this 

paper, we develop a simple method of moments approach that estimates an AR(1) 

coefficient. Hansen’s method has the advantage of being more generalizable to pth-order 

processes, but our focus on AR(1) enables us to derive a simple one-step formula for the 

autocorrelation coefficient and does not require iteration as Hansen’s approach normally 

would. Since we use differences in the estimation we lose one degree of freedom for each 

state. However, comparison of our estimate with Hansen’s estimate when T=6 show 

minimal difference.
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We now explain how one can obtain an unbiased estimate of the AR(1) coefficient ρ. We 

denote εst = ρ εst−1 + est as a stationary AR(1) process, where εst is the error term in (5). 

Since this process is stationary, the first differenced process Δεst = ρ Δεst−1 + Δ est (where, 

Δεst corresponds to εst − εst−1) is also stationary. Denote the rth autocovariance cov(Δεst+r 

Δεst) = hr, and var(est) = σe
2. Multiplying the first differenced process by Δεst−1 and Δεst we 

get the following two equations:

Solving for ρ from the two equations returns

Hence, the sample counterpart of the AR(1) coefficient is

(7)

In summary, one in practice would get the estimated residuals ε̂
st from equation (5), estimate 

ρ̂ by equation (7), and use the estimated ρ̂ in equation (6) to complete the two-step FGLS 

estimation. As mentioned before we employ either Huber-White standard errors clustered by 

state or jack-knife standard errors at the state level in order to ensure robustness against 

potential clustering that may still exist after accounting for the AR(1) serial correlation.

III.D Efficiency Gains of Two-step FGLS

Before we take the above estimation strategy to the data we first examine the efficiency 

gains from the two-step FGLS procedure both analytically and by simulation. First, consider 

yit = xitβ + uit where T=2 and the residuals are serially correlated by an AR(1) process. If the 

autocorrelation for the residual is ρ and the autocorrelation for the regressor is κ then the 

percentage reduction in variance of FGLS relative to OLS as shown in the Appendix 1 is

For ρ=0.7 and κ=0.5 this amounts to a 42% reduction in variance or 24% reduction in 

standard errors of the estimated β. Note that doubling the number of states should reduce 

variance by 50% or standard errors by 29%. Therefore, implementing the two-step FGLS 

results in similar efficiency gains as having a panel with twice as many states. Note that the 

efficiency gain crucially depends on the value of ρ. If ρ=0 then the efficient gain would be 

zero, which is quite intuitive. If there is no autocorrelation in the residuals then 

implementing the FGLS has no advantage over OLS. Hence, this points to when our 
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proposed estimation procedure would be useful. If the estimated ρ from the data is large then 

the efficiency gains from the FGLS procedure will be large enough to warrant our proposed 

procedure. If the estimated ρ is small the efficiency gains become negligible. We confirm 

this pattern in our empirical result and will return to this point again.

Next, we perform a Monte Carlo simulation to examine the efficiency gains from two-step 

FGLS relative to two-step DD and standard DD estimation. The data generating process 

randomly generates facility variable x, policy variable z, and parameters roughly consistent 

with the data for 50 states, over 6 or 12 time periods, with 0–100 facilities per state. We set 

the true β, the coefficient on z, equal to one and carry out the exercise 100 times 

implementing (1) DD estimation with standard errors clustered at the state level, (2) two-

step DD with standard errors clustered by states, (3) two-step FGLS with standard errors 

clustered by states, and (4) two-step FGLS with standard errors jack-knifed at the state level. 

The results in Table 1 clearly demonstrate the efficiency gains from the two-step FGLS 

approach. In the case of a panel with 6 time periods, the two-step FGLS results in standard 

errors that are about 40% smaller than the general DD estimation (Panel A). The efficiency 

gain increases with a longer panel of T=12 (Panel B) and remains similar even when we 

estimate an AR(2) error structure with an AR(1) process (Panel C). When there is no 

underlying AR process (Panel D), the two-step FGLS approach does slightly better than the 

traditional DD method that clusters by state, which is a conservative procedure. The 

difference between the two-step DD and FGLS are not large and not statistically different as 

one would expect when the AR coefficient is zero. Finally, in all simulations the standard 

deviations of the estimated coefficients are similar to the average standard errors of the 

coefficients, which illustrates that the estimation procedure is generating reliable standard 

errors.7

Both the analytic exercise and the simulations show that two-step FGLS has considerable 

efficiency gains relative to conventional DD methods, resulting in 30–45% reduction in 

standard errors depending on the true underlying AR structure. These results are consistent 

with Hansen’s finding that the FGLS confidence interval decreases by 44% compared to the 

OLS case based on a simulation over resampled CPS-MORG data. In the following sections 

we implement our proposed two-step FGLS procedure using the nursing home data and 

empirically examine the impact of wage pass-through on staffing and the quality of care in 

nursing homes.

IV. The Nursing Home Data and Policy Variables

The main data source for this study comes from the Centers for Medicare and Medicaid 

Services’ (CMS) Online Survey Certification and Reporting (OSCAR) system from 1999 to 

2004. OSCAR contains annual self-reported facility level information, including staffing, 

organizational characteristics and aggregate resident conditions, for all Medicare/Medicaid 

certified nursing homes in the U.S. Independent state surveyors verify and validate the 

7We would like to point out that the two-step FGLS estimation method we use concerns efficiency and not bias. Table 1 column C 
seems to hint an efficiency-bias trade off. However, this is due to sampling bias related to the simulation. That is, if we redo the exact 
same simulation, but simply used a different seed number when generating the random samples we get different results. Appendix 
Table 1 presents the results. In column C, the point estimate gets closer to one while the standard errors decrease at the same time.
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information reported in OSCAR as part of the state survey process. Hence, the quality of the 

OSCAR data is better than traditional self-reported data. If surveys were conducted more 

than once a year for a given facility, we use the one closest to the year end. We exclude 

hospital-based nursing homes, which primarily serve short-stay, post-acute Medicare 

patients. Staff in these nursing homes is often provided by the affiliated hospital. We also 

exclude Medicare only certified facilities, which do not serve Medicaid patients in the main 

analysis. Bowblis et al. (2013) have found staffing patterns and the structure of the long term 

care market to differ considerably between urban and rural areas. We focus on urban nursing 

homes in the main analysis and present results for rural nursing homes in the appendix. 

Finally, we exclude the small number of facilities located outside the 48 contiguous U.S. 

states. State policy and local nursing home market information are then merged into the 

facility level data. State policy, such as the presence of a wage pass-through policy, 

minimum nurse staffing requirements, average Medicaid reimbursement rates, and the use of 

case-mix reimbursement, were collected from surveys of state Medicaid offices conducted 

by Brown University’s Community Health Department and the literature that examines 

minimum staffing laws (Bowblis 2011, Lin 2014). Lastly, the Bureau of Health Professions’ 

county-level Area Resource File provides local nursing home market characteristics.

Table 2 reports the variables used in the analysis and the descriptive statistics over the study 

period. Staffing level is defined as the total average hours per resident day (HPRD). We 

focus on CNAs, because they are the primary target of the wage pass-through program. In 

the empirical analysis we drop observations that report CNA staffing above 24 HPRD. We 

also examine total nurse hours in the main analysis to check if there were any substitution of 

CNAs with other, more expensive types of direct care staff, such as RNs and LPNs. 

Similarly, observations reporting total nurse hours above 24 HPRD are dropped.8

For quality we examine a multitude of patient outcome variables.9 We examine pressure 

ulcer worsening rate, activities of daily living (ADL) decline rate, persistent pain rate, as 

well as percent on antipsychotics or restraints, percent with bowel incontinence, catheters, 

contractures, or tube feedings. These measure were constructed from the Minimum Data Set 

(MDS), a federally mandated resident assessment data. The pressure ulcer worsening rate, 

the ADL decline rate, and the persistent pain rate indicate the rate of a substantial decrease 

in each outcome while the patients were residents of the nursing home, and are quarterly 

variables as outlined in Mor et al (2011). The other patient outcomes are annual variables. 

Not all measures may well represent nursing home quality of care, since some conditions 

may worsen due to the patient’s inherent condition rather than the care given by nurses. The 

pressure ulcer worsening rate is considered a good measure of care in the literature because 

bedsores are generally preventable and treatable conditions (Grabowski 2008).

8The literature has dealt with inconsistencies in OSCAR’s staffing reports by dropping outliers. We get very similar results in the 
empirical analysis regardless of how we trim the outliers. When we drop observations with total hours greater than 24 and examine 
CNA staffing the results barely change. For instance, the point estimate on pass-through in Table 4 column (3) becomes 0.0094 
compared to 0.0096 and is statistically significant at the same level. The point estimate on state minimum nursing hours is exactly the 
same at 0.0136. We have also tried dropping observations beyond 4 standard deviations from the mean. The results are also quite 
similar. For instance, the point estimate on pass-through in Table 4 column (3) becomes 0.0081 and on state minimum nursing hours 
becomes 0.0164 with the same level of statistical significance.
9Input based measures, such as labor or capital usage, have often been used to measure nursing home quality of care but this method 
assumes a restrictive technology. Regulatory violations have also been used to proxy quality, but such measures may capture different 
regulatory environments or market conditions. In this paper, we use direct output measures.
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There are four state policy variables in our analysis. The key variable is the presence of a 

wage pass-through policy to nursing homes by Medicaid. Each state differs in how wage 

pass-through is actually implemented. We focus on the effect of introducing the pass-

through policy and employ a single dummy variable that indicates the provision of wage 

pass-through payments in a given state and year over the period 1999–2004.10 Another 

important policy variable is the state minimum staffing requirements. Many states enacted or 

increased minimum nurse staffing requirements during our study period. Controlling for 

both the pass-through policy and minimum staffing requirement will be important for 

identification, given that many states implemented both policies at similar times. We also 

control for the annual state-average Medicaid reimbursement rate (per bed day) to nursing 

homes, a variable that the previous literature has focused on. The reimbursement rate not 

only varies among states but also varies within state over year depending on annual budgets. 

We use inflation adjusted 2004 dollar amounts in the analysis.11 Lastly, we include an 

indicator variable for the presence of a case-mix adjusted reimbursement policy. States with 

a case-mix policy adjust Medicaid reimbursement rate based on the average acuity of 

patients in the nursing home.

We use county variables to proxy for nursing home market variables.12 We construct a 

Herfindahl-Hirschman Index (HHI) of nursing home residents to proxy market competition. 

We include the number of Registered Nurses (RNs) and Licensed Practical Nurses (LPNs) 

per hospital bed, number of nursing home beds per thousand population over 65, the 

Medicare managed care penetration rate to capture the variations in local demand and supply 

factors pertaining to nursing home workforce, and a standardized hospital wage index to 

account for regional differences in the purchasing power of Medicaid payments and the 

price of medical and nursing services.

To control for facility level characteristics we include an acuity index which combines 

resident’s activity of daily living (ADL) dependencies and special treatment measures. Also, 

included are whether the facility employed or contracted for a nursing practitioner or 

physician assistant, and whether the facility operated an Alzheimer unit. We control for the 

payer mix of residents in each facility, as indicated by the percent of Medicaid residents. In 

addition, we control for occupancy rate, total beds in the facility, and dummy variables 

indicating whether the owner is for profit or non-profit, where the omitted category is 

government owned nursing homes.

10Pass-through was introduced in the following states by year as follows: California, Delaware, Michigan, Minnesota, South Carolina, 
and Wisconsin in 1999; Kansas, Maine, Montana, Texas, Virginia, and Vermont in 2000; North Dakota, Rhode Island, and Wyoming 
in 2001; Arizona, Florida, Massachusetts, Maryland, and New York in 2002; Louisiana and South Dakota in 2003; and Georgia in 
2004.
11The Medicaid reimbursement rate generally includes any pass-through payments. However, the correlation between the pass-
through dummy and the average Medicaid reimbursement rate is only 0.04 and multicollinearity is not a major concern. We further 
perform a robustness test where we exclude the Medicaid reimbursement rate. This has almost no effect on the point estimates on the 
pass-through policy variable. The Medicaid reimbursement rate used in the empirical analysis is measured in $10 increments.
12Though we use county to define markets, the literature has also used a circular area around the facility. Bowblis and North (2011) 
describe this approach in detail.
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V. Empirical Results

V.A Duration Analysis of Pass-through Policy Implementation

Before examining the effect of wage pass-through on staffing and quality, we do a simple 

duration analysis to examine whether the implementation of pass-through policy by states 

may be considered exogenous, i.e., whether E(Zstεst)=0. Though we cannot directly test for 

this exclusion restriction, we can examine whether the take-up of wage pass through by 

states is related to observables in our data. We estimate whether initial staffing level or the 

main quality of care variables affects the probability that a certain state implements a pass-

through policy in the following years. In particular, we estimate a logit regression on the 

following semi-parametric equation,

where yst is a binary variable indicating whether state s had the policy in year t, Xs1999 is a 

vector of relevant covariates that include the staffing level, the patient outcome variables, 

and the market and facility characteristics variables for the base line year of 1999. The d’s 

are dummy variables equal to one in the subscript year. Table 3 presents the results. Column 

(1) includes the 1999 average CNA staffing, the other state policy variables, and the year 

indicators. Staffing hours is not significant. We include the facility and market level 

variables in column (2) and staffing remains insignificant. In column (3) we focus on the 

three main patient outcome variables and in column (4) we include both the staffing and 

patient outcome variables. The coefficients on all these variables are not statistically 

significant. Initial levels of staffing nor patient outcome in 1999 did not determine whether 

states take up the pass-through policy in following years. Though not reported in the table, 

the coefficient estimates on the facility and market level variables are not systematically 

significant. Table 3 suggests that policy endogeneity is unlikely a problem in analyzing the 

policy effects.

V.B Results on Staffing

Panel A of table 4 examines the effect of wage pass-through on log CNA hours. Column (1) 

presents results from the conventional DD model with standard errors clustered at the state 

level. Pass-through increases staffing hours by about 0.73% but is not statistically 

significant. As mentioned earlier, this estimate may be biased due to unobservable state level 

shocks and is potentially inefficient due to the autocorrelation of the residuals within states 

over time. Columns (2) to (4) report the second stage results of two-step DD and two-step 

FGLS models. Since the second stage results use the state year level variation the number of 

observation drops to 288, i.e., 48 states over six years. Column (3) uses Huber-White 

standard errors clustered by states and column (4) estimates the standard errors by jack-

knifing over states. The standard error on pass-through further decreases to 0.0068 from 

0.0095 in column (2) but the impact is still statistically insignificant. However, in the two-

step FGLS result in column (3), the standard error on pass-through drops substantially to 

0.0047 and the point estimate at 0.0096 is statistically significant at the 5% level. Wage 

pass-through increases CNA staffing by about 1%. The results are nearly identical when we 
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use jack-knifed standard errors in column (4). The estimated AR(1) coefficient in Panel A is 

0.85 indicating a high degree of serial correlation in the error term, and the two-step FGLS 

improves efficiency by over 50% relative to the standard DD estimates in Table 4.

The state minimum staffing requirements have statistically significant impacts on CNA 

staffing in all specifications. Column (3) indicates that increasing the staffing requirements 

by one nurse hour per patient day results in about a 1.4% increase in CNA staffing. Table 4 

results indicate the importance of including minimum staffing requirements when examining 

pass-through policy. Many states implemented the pass-through policy and increased 

staffing requirements in similar years. Conditional on the other variables, Medicaid 

reimbursement rate and case mix policy on average do not have any significant effect on 

staffing level.

Panel B of Table 4 reports results on total nurse staffing which additionally includes RN and 

LPN staffing. One concern may be that wage pass-through enables nursing homes to switch 

to more expensive staff rather than increase CNA staffing per-se. The coefficient estimates 

in Panel B are very similar to that in Panel A. There does not seem to be any substitution 

towards RN or LPNs. Since CNAs comprise most of the nurse hours the staffing result is 

mostly driven by CNAs.

The literature has found that the markets for urban and rural nursing homes are structurally 

different and that rural nursing homes have lower level and quality of staffing (Bowblis et 

al. 2013). In Appendix Table 2, we examine the impact of wage pass-through on staffing for 

rural nursing homes. In general, we do not find any statistically significant impact of wage 

pass-through on CNA staffing. However, the magnitudes of the coefficients are similar to 

those for urban nursing homes. There seems to be a slightly smaller impact on total nurse 

staffing but the statistical precision is weak as well.

V.C Results on Quality of Care

We examine multiple patient outcome variables independently to examine the impact of 

pass-through policy on the quality of care. Table 5 presents results for pressure ulcer 

worsening, ADL decline and persistent pain rates. Table 6 examines percent on 

antipsychotics or restraints, percent with bowel incontinence, catheters, contractures, or tube 

feedings. In interpreting the numbers we remind the reader that a lower number implies 

better quality. We employ the same DD and FGLS estimation procedures as before. In table 

5, we find that the introduction of wage pass-through reduces the rate of pressure ulcer 

worsening by about 0.9 percentage points. We do not find any statistically significant impact 

on ADL decline or persistent pain rates.13 An interesting point to note in Panel A is that the 

standard errors do not decrease when we implement the two-step FGLS procedure. This is 

because the efficiency gains from the two-step FGLS is small when the AR(1) coefficient 

itself is small, in this case 0.11. The AR(1) coefficient increases to 0.39 and 0.46 in Panels B 

and C, and the standard error reductions increase accordingly, but not to the degree we see 

13Given that ADL measures and the acuity index are related, the ADL decline rate is not an ideal outcome variable in a regression 
where the acuity index is included as a control. We do present the results later in the empirical analysis since the literature is often 
examines this measure, but one should take this into account when interpreting the results.
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in Table 4 where the AR(1) coefficient is 0.85. This empirically confirms that our proposed 

two-step FGLS procedure achieve meaningful efficiency gains when there is a high degree 

of serial correlation in the state error terms.

The coefficient estimates on state minimum nurse hours are all insignificant in Table 5. 

Minimum staffing requirements increase staffing but do not impact patient outcomes. The 

increase in staffing levels without wage increases may not improve worker effort and quality 

of care. We also examine rural nursing homes in Appendix Table 3 and find that none of the 

state policy variables impact quality of care in rural nursing homes. Table 6 examines 

additional patient outcome variables. There is no evident wage pass-through impact on all 

quality variables other than percent receiving tube feedings, which exhibits a wage pass-

through impact that is significant at the 10% level. Consistent with the nursing home 

literature, pressure ulcer rate seems to best proxy quality of care in our analysis as well. In 

the following stratified samples and non-parametric analysis, we focus on pressure ulcer 

decline rate as our main measure for quality of care.

VI. Heterogeneous Effects

As discussed in Section 2 the pass-through effect would likely differ between high-end 

nursing homes that cater to more private pay patients and low-end nursing homes that 

predominantly serve Medicaid patients. In this section, we examine the heterogeneous 

effects based on the nursing home’s average share of Medicaid patients, i.e., the number of 

Medicaid patients divided by the total number of beds in the facility. We use total number of 

beds rather than patients in the denominator, because total patient numbers and occupancy 

rates are susceptible to outside factors, whereas, the number of total beds is a reasonably 

fixed feature of a nursing home. We stratify the sample into quartiles and then estimate the 

policy effects on each quartile using the two-step FGLS procedure. One concern is that the 

share of Medicaid patients is distributed differently by state. If we stratify over the whole 

sample of nursing homes, some states may have nursing homes predominantly in the first 

quartile and others in another quartile. In order to overcome this problem we stratify the 

sample into quartiles within each state. Stratifying the sample provides an easy way to 

examine heterogenous effects but the estimates can be sensitive to the sample cut offs. 

Hence, we also examine the pass-through effects non-parametrically

VI.A Examination of Stratified Samples

Table 7 presents the results of the stratified analysis. We present standard DD estimates, 

two-step DD estimates, and two-step FGLS estimates. The 1st quartile represents nursing 

homes with the lowest Medicaid share and the 4th quartile represents nursing homes with the 

highest Medicaid share. Panel A of Table 7 indicates that wage pass-through increases 

staffing levels by about 2.7% in the first quartile, significant at the 1% level, and increases 

staffing by 2.8% in the second quartile, also significant at the 5% level. Note that this effect 

is much larger than the 0.96% found in the full sample. However, we find no pass-through 

impact on nursing homes with high Medicaid patient share. The policy effect on staffing is 

concentrated on the better, i.e., less Medicaid patient, nursing homes. Another interesting 

finding is that the minimum nurse hour impact on staffing is more pronounced on nursing 

homes with a higher share of Medicaid patients. This is consistent with the theoretical 
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predictions in Section II. Low reputation nursing homes are likely to maintain staffing near 

the state minimum levels and hence are more likely to respond to the increase in minimum 

staffing requirements.

Panel B presents results on pressure ulcer worsening rate. Pass-through does not reduce 

pressure ulcer worsening rate in the high-end nursing homes, i.e., in the 1st quartile, but does 

so in the 2nd and 3rd quartile. In Section II we predicted that quality improvement from wage 

pass-through would be more pronounced in the lower quality nursing homes. Hence, we 

would have expected to see quality improvements in the 4th quartile as well. The standard 

DD estimates indeed indicate a statistically significant quality improvement. However, the 

two-stage FGLS results do not. This is likely due to the negative and small AR(1) 

coefficient of −0.08. Such AR(1) coefficient estimate would not warrant performing a two-

step FGLS procedure. Hence, we next turn to the non-parametric analysis that uses the full 

distribution of the data and is less likely influenced by the idiosyncrasies of partitioned 

samples.

V.D Non-parametric Estimation of Heterogeneous Effects

To illustrate the heterogeneous policy effects more generally, we non-parametically examine 

the pass-through effects along the full range of the Medicaid patient share distribution. We 

weight the data using a kernel around a Medicaid patient share value and then implement the 

two-step FGLS procedure to retrieve a coefficient on wage pass-through. We repeat this 

exercise over the entire distribution of Medicaid patient share and then plot the coefficients. 

Figure 2A illustrates the effect of pass-through on log CNA staffing. The solid line 

represents the mean effect and the dotted line the 95% confidence interval. Consistent with 

what we see in Table 7, the pass-through effect on staffing is positive and significant in 

nursing homes where Medicaid patient share is low. Visual inspection of the confidence 

interval bands suggests that the point estimates are statistically different between the low 

and high Medicaid patient share nursing homes. Figure 2B examines the impact of the 

minimum staffing requirements on staffing. Now the impact is positive and significant in 

nursing homes where Medicaid patient share is high. The patterns are again consistent with 

low-end nursing homes being constrained by the state minimum staffing mandate.

Figure 2C illustrates the effect of pass-through on pressure ulcer worsening rate, our main 

proxy for quality of care. The heterogeneous policy response is quite stark. Nursing homes 

with a higher share of Medicaid patients do see a significant reduction in pressure ulcer 

worsening and this pattern carries through to the part of the distribution that would 

correspond to the 4th quartile in Table 7. Figure 2C illustrates the advantage of performing a 

non-parametric analysis to examine heterogeneous policy effects when using our proposed 

FGLS method. Stratifying the sample as we do in Table 7 is convenient but such strategy 

impacts the estimation of the AR(1) coefficient. The non-parametric approach has the 

advantage of using the full sample when estimating the AR(1) coefficient and returns more 

stable results. Figure 2D examines the impact of the minimum staffing requirements on 

pressure ulcer worsening, but the impact is not significant as we saw before. Figure 2 further 

supports Table 7 results and our earlier predictions on the heterogeneous pass-through 

effects on staffing and quality. Pass-through increases staffing in high-end nursing homes, 
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which are less likely to be constrained by state minimum staffing requirements. However, 

pass-through increases quality of care in low-end nursing homes, which were likely hiring 

above their optimal level of staffing due to the state minimum requirements. Rather than 

increasing staffing levels, the low-end nursing homes with high Medicaid share use the 

subsidy to subsidize wages and better promote nurse staff effort.

VI. Robustness checks

We perform a few robustness checks to examine the sensitivity of the results. Though we 

find heterogeneous effects based on the share of Medicaid patients, wage pass-through 

should only affect nursing homes that actually admit Medicaid patients. We examine 

whether this is indeed the case by estimating the same procedures on a subset of nursing 

homes with zero Medicaid share. Panel A of Table 8 presents the result. Wage pass-through 

has no effect on both staffing and the pressure ulcer worsening rate.

Lastly, the Medicaid payment rate we use in the empirical analysis in general includes 

various forms of state Medicaid reimbursement policies including the wage pass-through. 

This may confound the point estimates we get on pass-through if the pass-through dummy 

and the Medicaid payment rate are highly correlated. The correlation is quite low at 0.04 and 

we believe multicolinearity is a not a concern in this context. However, we further examine 

the robustness of our results. In Table 8 Panel B, we drop the Medicaid payment rate from 

all estimation. The coefficient estimates are very similar to what we find in Table 4 and 

Table 5.

VII. Conclusion

A central question in health economics and public economics more generally is whether and 

under what conditions it is possible to achieve desired outcomes by subsidizing inputs. From 

an empirical perspective there are limited sources of policy variation that cover a sufficiently 

large area to create general equilibrium responses but a sufficiently small area to provide 

reasonable temporal and spatial variation. The states in the US provide a reasonable source 

of policy variation, but the need to control for autocorrelated state-wide shocks substantially 

reduces power, at least when standard state-clustering methods are used.

In this paper we address this issue in the context of an analysis of the effects of Medicaid 

pass-through regulations on nursing home staffing and patient outcomes. We implement a 

simplified version of Hansen’s model for small-T panels with autocorrelated shocks and 

fixed effects. In particular, we develop a simple consistent estimator of the AR(1) parameter 

and then show, using simulation, that this alternative method leads to substantial 

improvements in efficiency relative to the usual approach of simply clustering on states. 

Implementation of the procedure using nursing home data leads to reductions of standard 

errors of over 50%, even when clustering is used in addition to Feasible GLS to ensure 

robustness against autocorrelation that is greater than AR(1).

Wage pass-through led to greater staffing in nursing homes with a low share of Medicaid 

patients, but had little effect on staffing on nursing homes with a high share of Medicaid 

patients On the other hand, wage pass-through led to improvements in the quality of care in 
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nursing homes with a high share of Medicaid patients. Nursing homes that were constrained 

and were sub-optimally choosing staffing above its optimal level are reluctant to use the 

pass-through to increase staffing but instead utilize the pass-through amount to increase 

nurse wages and effort, and ultimately the quality of care. The results indicate that pass-

through can be an effective instrument for improving nursing home quality among nursing 

homes already constrained by existing staff constraints. More generally, the results point out 

the importance of input subsidies that work in tandem with existing constraints to limit 

possibilities of substitution.
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Appendix

Appendix 1. Efficiency gain of FGLS relative to OLS

Denote , A = E(X′X)−1 E(X′ΩX)E(X′X)−1 and B = E(X

′Ω−1X)−1 where A is variance of β under clustered OLS and B is the variance of β under 

FGLS. Let Ex1
2 = Ex2

2 = σx
2 where the subscripts on x indicate the time periods T=1, 2. 

Then Ex1x2 = κ · σx
2. Substituting these into A and B we get A=(1 + κρ)(2σx

2)−1 and 

B=(1−ρ2)(2σx
2(1−κρ))−1. Calculating the percentage reduction by (A−B)/A returns 

.

Foster and Lee Page 19

J Health Econ. Author manuscript; available in PMC 2016 May 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Appendix Table 1

Simulation result with a different sampling seed

Procedure

A B C D

N=50, T=6, 
AR(1), ρ=0.8

N=50, T=12 
AR(1), ρ=0.8

N=50, T=12, 
AR(2) ρ1=0.6, 

ρ2=0.3 N=50, T=6 AR(0)

Mean SD Mean SD Mean SD Mean SD

I. Facility fixed effect β 0.974 0.725 0.939 0.556 0.967 0.591 1.023 0.678

 w/clustered SE SE of β 0.780 0.153 0.548 0.0833 0.480 0.0737 0.785 0.127

II. Two-step DD β 0.990 0.628 0.943 0.479 0.979 0.501 1.002 0.600

 w/clustered SE SE of β 0.683 0.0937 0.493 0.0577 0.427 0.0543 0.689 0.0861

III. Two-step FGLS β 0.971 0.496 0.997 0.275 0.984 0.392 1.004 0.595

 w/clustered SE SE of β 0.472 0.0623 0.293 0.0366 0.339 0.0434 0.627 0.0793

IV. Two-step FGLS β 0.971 0.496 0.997 0.275 0.983 0.392 1.004 0.595

 w/jackknife SE SE of β 0.470 0.0405 0.203 0.0179 0.245 0.0209 0.586 0.0448

  Efficiency Gain 40% 63% 49% 25%

Notes: We use a different seed number from Table 1 for the random sampling. Simulations are for 50 states, with 0–100 
facilities per state, over 6 or 12 time periods. We set the true β equal to one and carry out the exercise 100 times 
implementing (I) DD estimation with standard errors clustered at the state level, (II) Two-step DD with standard errors 
clustered by states, (III) Two-step FGLS with standard errors clustered by states, and (IV) Two-step FGLS with standard 
errors jack-knifed at the state level. The underlying AR process for the first two columns is AR(1), the third AR(2), and the 
last AR(0). Efficiency gain calculates percentage reduction in the standard error of β from implementing procedure III 
relative to procedure I. SD and SE denote standard deviation and standard error, respectively.

Appendix Table 2

Staffing Results – Rural nursing homes

Standard DID Two-step DID Two-step FGLS Two-step FGLS

(1) (2) (3) (4)

A. Dependent variable: Log CNA hours

Wage pass-through 0.00698 (0.00532) 0.00675 (0.00668) 0.0110 (0.00668) 0.0110 (0.00704)

State minimum nursing 
hours

0.0267*** (0.00952) 0.0306** (0.0123) 0.0221** (0.00893) 0.0221* (0.0113)

Medicaid payment rate 0.00199 (0.00266) −0.00128 (0.00347) −0.00284 (0.00309) −0.00284 (0.00333)

Case-mix reimbursement −0.000789 (0.00605) 0.000638 (0.00893) −0.00393 (0.00790) −0.00393 (0.00932)

AR(1) coefficient 0.72 0.72

No. of observations 29,085 276 276 276

B. Dependent variable: Log total nurse hours

Wage pass-through 0.0101* (0.00572) 0.00575 (0.00771) 0.0110* (0.00611) 0.00110 (0.00652)

State minimum nursing 
hours

0.0267*** (0.00867) 0.0302** (0.0121) 0.0215** (0.00820) 0.0215** (0.0105)

Medicaid payment rate 0.00176 (0.00238) 0.000576 (0.00338) 0.000419 (0.00244) 0.000420 (0.00264)

Case-mix reimbursement −0.000870 (0.00534) 0.000542 (0.00918) −0.00449 (0.00656) −0.00450 (0.00768)

AR(1) coefficient 0.61 0.61

No. of observations 28,995 276 276 276
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Notes: All specifications include facility and year fixed effects. All facility and market variables listed in Table 2 are 
included in the standard DD procedure and the first-step of the two-step procedures. Columns (1) to (3) use standard errors 
clustered by state and column (4) uses standard errors jack-knifed at the state level. Medicaid repayment rate is in $10 
increments.
*, **, and ***

indicate significance at the 10%, 5%, and 1 % level, respectively.

Appendix Table 3

Quality Results – Rural nursing homes

Standard DID Two-step DID Two-step FGLS

(1) (2) (3)

A. Dependent variable: pressure ulcer worsening rate

Wage pass-through −0.00325 (0.0172) 0.00942 (0.0230) 0.00968 (0.0205)

State minimum nursing hours −0.00319 (0.0281) 0.00443 (0.0153) 0.00337 (0.0138)

Medicaid payment rate −0.00654 (0.00679) −0.00686 (0.0111) −0.00679 (0.00968)

Case-mix reimbursement −0.000922 (0.0180) 0.00787 (0.0302) 0.00581 (0.0270)

AR(1) coefficient 0.01

No. of observations 4,244 119 118

B. Dependent variable: ADL decline rate

Wage pass-through 0.00313 (0.0132) −0.0139 (0.0235) −0.0131 (0.0217)

State minimum nursing hours 0.0224 (0.0220) 0.00557 (0.0222) 0.00478 (0.0196)

Medicaid payment rate 0.00395 (0.00566) −0.00116 (0.0121) −0.00108 (0.0106)

Case-mix reimbursement −0.00916 (0.0214) 0.0258 (0.0406) 0.0233 (0.0366)

AR(1) coefficient −0.03

No. of observations 3,976 118 116

C. Dependent variable: persistent pain rate

Wage pass-through 0.00796 (0.0284) 0.0544 (0.0697) 0.00396 (0.0441)

State minimum nursing hours 0.00100 (0.0170) −0.0421 (0.0347) −0.0317 (0.0222)

Medicaid payment rate −0.00494 (0.0118) 0.000348 (0.0201) 0.000401 (0.0181)

Case-mix reimbursement 0.0505 (0.0384) 0.107 (0.103) 0.153 (0.117)

AR(1) coefficient −0.65

No. of observations 4,185 119 118

Notes: All specifications include facility and year fixed effects. All facility and market variables listed in Table 2 are 
included in the standard DD procedure and the first-step of the two-step procedures. Columns (1) to (3) use standard errors 
clustered by state and column (4) uses standard errors jack-knifed at the state level. Medicaid repayment rate is in $10 
increments.
*, **, and ***

indicate significance at the 10%, 5%, and 1 % level, respectively.
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Figure 1. Distribution of Certified Nurse Aid (CNA) hours per patient day in Florida, New York, 
and Massachusetts Combined (1999–2004)
Notes: Florida, New York, and Massachusetts implemented the pass-through policy in 2002. 

Data is from the Online Survey Certification and Reporting (OSCAR) for years 1999 to 

2004.
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Figure 2. Non-parametric estimates of the impact of pass-through and minimum staffing 
requirements over the share of Medicaid patients
Notes: Results are non-parametric estimates using a kernel density with a 0.3 bandwidth. 

Share of Medicaid patients on the horizontal axes is a standardized measure of the number 

of Medicaid patients divided by the total number of beds in each nursing home. The solid 

line presents the mean effects and the dashed lines indicate the 95% confidence intervals.
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Table 3

Duration Analysis on the Policy Variable

Dependent variable: Pass-through policy

(1) (2) (3) (4)

log CNA hours (1999) 1.407 (5.039) −8.184 (11.43) −6.224 (10.25)

Pressure ulcer worsening rate (1999) 22.08 (15.69) 22.08 (15.69)

ADL decline rate (1999) −7.656 (6.692) −7.656 (6.692)

Persistent pain rate (1999) 15.56 (12.56) 15.56 (12.56)

State minimum nursing hours −0.0140 (0.318) 0.128 (0.843) −0.448 (0.825) −0.291 (0.945)

Medicaid payment rate (1999) −0.0219 (0.146) 0.128 (0.315) 0.157 (0.535) 0.137 (0.544)

Case-mix reimbursement (1999) 0.741 (0.563) 2.157 (1.440) 2.604* (1.435) 2.467* (1.374)

Dummy: 2 years later −0.564 (0.741) 0.0288 (0.762) 0.326 (0.881) 0.317 (0.853)

Dummy: 3 years later 0.114 (0.643) 1.373** (0.692) 1.826** (0.780) 1.820** (0.773)

Dummy: 4 years later −0.712 (0.848) 0.664 (0.889) 1.225 (0.963) 1.226 (0.968)

Dummy: 5 years later −1.372 (1.115) 0.0132 (1.136) 0.552 (1.303) 0.552 (1.295)

Facility and market covariates No Yes Yes Yes

No. of observations 165 165 165 165

Notes: Initial policy, facility, and market covariates are 1999 averages. States that already had the pass-through policy in 1999 are dropped in the 
estimation. The excluded dummy variable is “one year later”. Robust standard errors are in parentheses. Medicaid repayment rate is in $10 
increments. Facility and market variables listed in Table 2 were used as covariates in columns (2) to (4).

*, **, and ***
indicate significance at the 10%, 5%, and 1 % level, respectively.
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Table 4

Staffing Results

Standard DID Two-step DID Two-step FGLS Two-step FGLS

(1) (2) (3) (4)

A. Dependent variable: Log CNA hours

Wage pass-through 0.00734 (0.00952) 0.00693 (0.00678) 0.00962** (0.00465) 0.00962* (0.00490)

State minimum nursing hours 0.0386*** (0.00384) 0.0209** (0.00862) 0.0136*** (0.00430) 0.0136** (0.00526)

Medicaid payment rate 0.00192 (0.00233) −0.00241 (0.00544) −0.00213 (0.00346) −0.00213 (0.00391)

Case-mix reimbursement 0.00768 (0.0105) 0.0127 (0.0130) 0.0158 (0.0109) 0.0158 (0.0124)

AR(1) coefficient 0.85 0.85

No. of observations 52,136 288 288 288

B. Dependent variable: Log total nurse hours

Wage pass-through 0.00630 (0.0117) 0.00620 (0.00719) 0.00940* (0.00472) 0.00940* (0.00502)

State minimum nursing hours 0.0349*** (0.00393) 0.0189** (0.00817) 0.0123*** (0.00429) 0.0123** (0.00533)

Medicaid payment rate 0.00162 (0.00212) −0.000901 (0.00437) −0.00127 (0.00309) −0.00126 (0.00351)

Case-mix reimbursement 0.00539 (0.0100) 0.0119 (0.0121) 0.0132 (0.0104) 0.0132 (0.0119)

AR(1) coefficient 0.77 0.77

No. of observations 52,101 288 288 288

Notes: All specifications include facility and year fixed effects. All facility and market variables listed in Table 2 are included in the standard DD 
procedure and the first-step of the two-step procedures. Columns (1) to (3) use standard errors clustered by state and column (4) uses standard 
errors jack-knifed at the state level. Medicaid repayment rate is in $10 increments.

*, **, and ***
indicate significance at the 10%, 5%, and 1 % level, respectively.
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Table 5

Quality Results

Standard DID Two-step DID Two-step FGLS Two-step FGLS

(1) (2) (3) (4)

A. Dependent variable: pressure ulcer worsening rate

Wage pass-through −0.00857** (0.00375) −0.00923** (0.00363) −0.00868** (0.00344) −0.00868** (0.00362)

State minimum nursing hours −0.000647 (0.00248) 0.00265 (0.00496) 0.00283 (0.00479) 0.00283 (0.00574)

Medicaid payment rate −0.00145 (0.00102) −0.00174 (0.00161) −0.00159 (0.00144) −0.00159 (0.00152)

Case-mix reimbursement 0.00869 (0.00690) 0.0217** (0.0105) 0.0217** (0.00924) 0.0217** (0.01067)

AR(1) coefficient 0.11 0.11

No. of observations 193,370 288 288 288

B. Dependent variable: ADL decline rate

Wage pass-through −0.0183** (0.00756) −0.00616 (0.00887) −0.00459 (0.00731) −0.00459 (0.00778)

State minimum nursing hours 0.00116 (0.00332) −0.00342 (0.00503) −0.00298 (0.00460) −0.00298 (0.00502)

Medicaid payment rate 0.00684*** (0.00192) 0.00697** (0.00287) 0.00531* (0.00272) 0.00531* (0.00289)

Case-mix reimbursement 0.00431 (0.0166) 0.0211 (0.0241) 0.0104 (0.0226) 0.0104 (0.0257)

AR(1) coefficient 0.39 0.39

No. of observations 181,651 288 288 288

C. Dependent variable: persistent pain rate

Wage pass-through 0.00139 (0.00955) 0.00797 (0.00937) 0.00666 (0.00657) 0.00666 (0.00708)

State minimum nursing hours −0.00480 (0.00669) −0.00453 (0.00685) −0.00577 (0.00752) −0.00577 (0.00923)

Medicaid payment rate 0.00672 (0.00506) 0.00484 (0.00643) 0.00317 (0.00504) 0.00317 (0.00555)

Case-mix reimbursement −0.0303 (0.0209) −0.0201 (0.0215) −0.0108 (0.0169) −0.0108 (0.0197)

AR(1) coefficient 0.46 0.46

No. of observations 191,694 288 288 288

Notes: All specifications include facility and year fixed effects. All facility and market variables listed in Table 2 are included in the standard DD 
procedure and the first-step of the two-step procedures. Columns (1) to (3) use standard errors clustered by state and column (4) uses standard 
errors jack-knifed at the state level. Medicaid repayment rate is in $10 increments.

*, **, and ***
indicate significance at the 10%, 5%, and 1 % level, respectively.
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