CLUSTER-LEVEL COVARIANCE ANALYSIS FOR SURVEY DATA WITH STRUCTURED NONRESPONSE

A. James O’Malley and Alan M. Zaslavsky Department of Health Care Policy, Harvard Medical School, 180 Longwood Avenue, Boston, MA 02115-5899 (omalley@hcp.med.harvard.edu)^∗ December 23, 2005

Key Words: Bayesian, EM algorithm, Factor analysis, Hierarchical model, Markov-chain Monte Carlo, Multivariate analysis, Covariance matrix priors. Abstract Health care quality surveys in the USA are administered to individual respondents (hospital patients, health plan members) to evaluate performance of health care units (hospitals, health plans). For better understanding and more parsimonious reporting of dimensions of quality, we analyze relationships among quality measures at the unit level. At the lower (patient) level we first fit generalized variance-covariance functions that take into account the nonresponse patterns in the survey responses. A between-unit covariance matrix is then estimated using a hierarchical model, and finally factor analysis is performed. We compare estimates of the factor structure of the between-unit covariance matrix from a likelihood procedure and several Bayesian models with different prior distributions for the between-unit covariance. Results are presented using data from the Consumer Assessment of Healthcare Providers and Systems (CAHPS^R◯) survey of health plans.

1 Introduction

In the Consumer Assessments of Healthcare Providers and Systems (CAHPS^R◯), surveys are conducted to elicit reports on experiences with health plans (entities administering health care) from enrolled members (Goldstein et al. 2001, Schnaier et al. 1999, Crofton, Lubalin, and Darby 1999). Such information is

∗Supported by grant U18 HS09205-06 from the U.S. Agency for Healthcare Quality Research and contract 500-95-007 from the U.S. Centers for Medicare and Medicaid Services.

used by members, physicians, and payers to compare health plans and to facilitate quality improvement in health care. Optimal reporting of information about the quality of the care and services provided by health plans depends on identifying the important dimensions of quality and on reliably evaluating health plans’ performance in each dimension.

Factor analysis is commonly used to summarize patterns of variation among the items contained in the survey and thus identify the dimensions along which quality should be measured. The appropriate units of such analyses depend upon the questions of interest (Zaslavsky, Beaulieu, Landon, and Cleary 2000). An individual-level analysis identifies items that are scored similarly by plan members. Correlations among items at the plan level indicate whether plans that perform well in one area also perform well in others, and thus can guide summarization of the relative performance of different health plans.

The multi-level structure of CAHPS data provides challenges for estimation of the domain-level covariance matrix. (By “domain” we mean a unit of analysis with many elements.) If we were to ignore individuallevel variation and analyze the raw means, correlated sampling error due to individual-level variation would confound plan-level relationships. Previous analyses used method-of-moment (MOM) estimators of betweendomain covariance (Zaslavsky et al. (2000), Zaslavsky and Cleary (2002)). Although simple to implement, moment-based approaches lack the flexibility to accommodate the varying sample sizes across items and plans. Because domains receive equal weights, estimates are unstable when some domains have small sample sizes for some items. In the studies referenced above, domains were excluded if the number of respondents to any item was below a certain threshold. Such a procedure is sub-optimal because information is discarded arbitrarily.

The challenge of estimating a domain-level covariance matrix (i.e., fitting a multivariate hierarchical model) is compounded by two characteristics of CAHPS data. Firstly, CAHPS items have ordinal response formats with variable numbers of response options throughout the survey (ranging from 11-point to 2-point scales). Because the response scales are bounded, variances and covariances depend on the mean response. For example, the variance of the responses must be zero when the mean equals the minimum or maximum value. Scales with two points (e.g., yes/no) have the Bernoulli variance function with more points on the scale, the form of the variance function becomes more complex.

Secondly, many items are answered only by respondents who used particular services or had particular needs, as determined by screener items, creating pockets of structured nonresponse. This makes it difficult to model individual-level responses. Response rates to different CAHPS items vary tremendously, in this data set from 4% to 97% (O’Malley and Zaslavsky 2005). Because the missing data patterns may be related to individual members’ response tendencies, the relationship between the response pattern and the outcomes needs to be modeled.

To account for individual-level variation while avoiding direct modeling of the complicated response patterns we analyze the domain-mean responses using an approach from Fay and Herriot (1979). The variances and covariances of the domain means are expressed as functions of the domain means and other summary statistics such as the response rate. These generalized variance and covariance functions (GVCFs) were derived for CAHPS data by O’Malley and Zaslavsky (2005). GVCFs facilitate estimation of a multivariate hierarchical model by expressing the sampling covariance matrix for each domain as a function of estimates of the mean, thus avoiding direct estimation (O’Malley and Zaslavsky 2005). We use the sample estimate of the covariance of a domain-mean, like Fay and Herriot, when its expected error is smaller than that of the predictions from the GVCF.

In this study we implement both maximum likelihood and Bayesian approaches, focusing on the latter because it provides a flexible basis for inferences. Because effects of the prior on inferences for covariance matrices are not well known we consider several prior distributions. Although hierarchical modeling has recently been a subject of intense interest, often when it is applied to multivariate data the covariance structure has a specific parsimonious form, as in spatial analysis or imaging.

In the next section we describe the CAHPS data set that motivated this work. We introduce the hierarchical model for likelihood based inference in Section 3.1 and describe the GVCFs for the respondent-level component of the model in Section 3.2. In Section 3.3 several Bayesian methods with different priors for the between-domain covariance are developed. The usual inverse-Wishart prior and two priors that separately model the diagonal and non-diagonal components of the covariance are considered. Estimation methods and algorithms are described in Section 4, and results are presented in Section 5. The paper concludes with the discussion in Section 6.

2 Medicare CAHPS Data

Since 1997 a CAHPS survey has been administered to beneficiaries of U.S. Medicare managed care plans; over 1997-2001 a population of around 6 million comprised of persons over 65 (about 93%) and persons with disabilities (about 7%). Our data set consists of all respondents to the Medicare CAHPS survey during 1997-2001, encompassing 381 reporting units, each sampled in 1 to 5 years, for a total of 1195 reporting unityear combinations (we refer to these as domains) with 705,848 responses. Each reporting domain consists of the enrollees of a plan (or geographically defined portion of one) in a year. Because samples are drawn independently each year, patients may be sampled in multiple years. However, repeated sampling is rare and can be overlooked for our analysis.

Plan mean scores (perhaps after formation of composite items) on the various survey items are calculated and reported to consumers. The median total number of respondents in a domain is 474; thus, even if an item only has a 5% response rate we would still expect about 24 respondents at the median plan. Furthermore, about 96% of domains have at least 200 respondents. Therefore, we expect the distribution of the mean scores to be close to normal for the majority of plans and items.

Each year the survey included around 31 report questions that were selected to assess particular experiences of the patient, and 4 questions that elicited general ratings of care. Report items use a 4-point ordinal “frequency” scale (never/sometimes/usually/always), or a 3-point ordinal “problem” scale (not a problem/somewhat a problem/a big problem), or are dichotomous (no/yes). Rating items use an 11-point (0–10) numerical scale. Complete item wordings and additional summary statistics appear in Zaslavsky et al. (2000) and Zaslavsky and Cleary (2002).

Screener items determine which respondents did not use or need particular services or have particular needs, so they can be instructed to skip ahead in the survey. Because the values of skipped items are not meaningful, e.g., the convenience of getting durable medical equipment for a patient who reported having no need for such equipment, we do not impute missing values for ineligible respondents. Instead the plan’s score is defined as the mean response of those that appropriately responded. Almost all item nonresponse (over 98%) is due to properly skipped items.

3 Models

3.1 Hierarchical Model Structure

The relationship between the sample and population domain mean ratings for I items may be characterized by a two-stage multivariate hierarchical model. The vector of sample means of item responses for domain h (h = 1, . . . , n) is denoted Y_h, and assumed to satisfy:

Y_h ∼ [θ_h, V_h], (1)

indicating that Y_h has expectation θ_h = E[Y_h | θ_h] and covariance V_h = var[Y_h | θ_h] with distribution “in the vicinity” of a Gaussian (Normal) density. In general, Y_h may be any summary statistic; the sample mean is, however, of the most interest to us. Although Y_h could not actually be normally distributed due to boundary conditions, its distribution still is close enough to normal for most values of θ_h for purposes of our inferences.

We assume that the sampling covariance of the domain means has the form

V_h = V (θ_h, α, β), (2)

where α and β are unknown parameters, and let C_h denote the corresponding correlation matrix.

The second (structural) stage of the model describes the distribution of the mean ratings for each domain. Let A be the hyper-rectangle of the set of valid parameter values for θ_h. The model for the plan means is then given by θ_h ∼ [A; μ, Σ]. (3) The model depicts θ_h as having a distribution in the vicinity of the truncated normal denoted T N(A; μ, Σ). (For the purpose of defining a likelihood function the distribution is assumed to hold exactly.) Because the mean and variance of θ_h depend on A they do not equal their unrestricted counterparts μ and Σ.

The model given by Equations (1) – (3) follows Fay and Herriot (1979) in that we model aggregated data rather than single observations and express the second moment as a function of the first moment at the patient level. This avoids modeling patterns of missing data (from skips), which would greatly complicate the analysis. The key assumptions of this approach are that the variances and covariances can be modeled adequately as functions of the mean (i.e., that no serious bias arises from model misspecification) and that the skip patterns are independent of plan characteristics. We believe that both of these assumptions are reasonable for CAHPS data; see O’Malley and Zaslavsky (2005) for further discussion.

3.2 Generalized Variance and Correlation Functions

Design consistent estimators can generally be found using standard methods (e.g., Taylor series expansions). For example, under equal-probability sampling Ȳ_h is the design consistent estimator of θ_h. However, designbased level I sampling variance and covariance estimates are unstable when the number of responses from a domain to some or all items is small. Also they do not reflect model-based inferences about population means that differ from sample means. We instead fit models that predict the sample variances and correlations from the domain means of the associated items. A more comprehensive presentation and justification of the material summarized in this section is contained in O’Malley and Zaslavsky (2005).

Let the sampling variance and sampling covariance of the ith item and ijth pair of items in the hth domain be denoted by V_{hii} and V_{hij} respectively, and the number of respondents to item i in domain h by n_{hi}. The generalized variance function is assumed to have the form

ñ_{hi}V^{mod}_{hii} = V (θ_{hi}) = β_{1i}θ_{hi} + β_{2i}θ^2_{hi} for i = 1, . . . , I, (4) where ñ_{hi} is a scaling constant incorporating the sample size and the design effect; ñ_{hi} = n_{hi} under equal probability sampling. To account for the fact that the sample estimate of V_h is non-negative definite β_{1i} and β_{2i} are constrained to be positive.

In principle V_{hii} = ∞ when n_{hi} = 0. This does not present a problem because V_h only enters the hierarchical modeling computations as the information matrix V_h^{−1}, which is well defined when n_{hi} = 0.

We model the sample correlations because they are independent of the range of values, the response rates, and the sample sizes of the items. To account for the bounded scale of the correlations, we model the Fisher z-transform C̃_{hij} = log{(1 + r_{hij} )/(1 − r_{hij} )}, where r_{hij} denotes the sample correlation between items i and j when jointly observed at plan h. The generalized correlation function we use is given by

C̃^{mod}_{hij} = α_{0ij} + α_{1ij} θ_{hi}θ_{hj} . (5)

Although models that included θ_{hi} and θ_{hj} as additional predictors fit the data slightly better from a univariate standpoint, they are more likely to yield indefinite covariance matrices, an indication of multivariate lack of fit.

The parameters (β, α) of the GVCFs are estimated as in O’Malley and Zaslavsky (2005) and then are fixed for the remainder of this analysis. Because the GVCFs are not themselves of interest we treat (β, α) as known constants and henceforth omit references to (β, α).

The model-based sampling covariance matrix for each domain is constructed using {Ṽ^{mod}_{h11} , . . . , Ṽ^{mod}_{hII} } and C̃^{mod}_h . Sampling covariances are a linear combination of the sample covariance of the ratings for the set of respondents who answered both items, and the differences in mean responses for each item across the response state (responded or skipped) of the other item.

In general, shrinking direct estimates towards a model-based smoothed value leads to improved precision (Fay and Herriot 1979, Ghosh and Rao 1994). However, because model-based estimates are susceptible to lack of fit, for sufficiently large samples direct estimates will be more accurate than model-based estimates. Furthermore, predicted correlations from our componentwise models are not guaranteed to form a positive definite matrix whereas the direct estimates do. Thus a better estimator might be a weighted average of model predictions and direct estimates that gives model-based estimates more weight for domains with small samples and direct estimates more weight for domains with large sample sizes.

Let n_{hij} denote the number of individuals that respond to both items i and j for domain h, and Ṽ^{dir}_{hij} and Ṽ^{pdir}_{hij} = n^{−1}_{hij} n−1 ∑_h n_{hij}Ṽ dir_{hij} denote the associated direct and pooled direct covariance estimates respectively. The same notation but with C instead of V is used for the corresponding correlation matrix estimates. Then to obtain V̂_h positive definite regardless of θ_h we compute:

V̂_{hii} = t_hq_{hi}Ṽ^{mod}_{hii} + t_h(1 − q_{hi})Ṽ^{dir}_{hii} + (1 − t_h)Ṽ^{pdir}_{hii} , for i = 1, . . . , I (6)

and Ĉ_h = t_hū_hC̃^{mod}_h + t_h(1 − ū_h)C̃^{dir}_h + (1 − t_h)C̃^{pdir}_h , (7) where q_{hi} denotes the ratio of the variance of the direct variance estimate to the sum of the variances of the direct and model-based variance estimates for item i in domain h, and ū_h denotes the average of the analogous ratio over the elements of the associated correlation matrix.

Insert Figure 1 about here.

Figure 1 illustrates how the three estimators are combined. If the correlation matrix formed from the model based and direct estimates, ū_hĈ^{mod}_h + (1 − ū_h)Ĉ^{dir}_h , is positive definite we set t_h = 1. Otherwise we guarantee positive definiteness by setting t_h ∈ [0, 1) such that the eigenvalues of the resulting covariance matrix are bounded away from 0 by ϵ > 0. Because the weights ({q_{h1}, . . . , q_{hI} }, ū_h) rely solely on data within domains, they can be held constant throughout the level II computation. However, t_h depends on θ_h and so is subject to change. To avoid cyclical behavior and to improve convergence, after 10 iterations we fix t_h by setting it equal to the minimum value it attained in the preceding iterations. To simplify notation we do not explicitly refer to the model weights in the remainder of the article.

3.3 Prior Distributions for Bayesian Model

To complete a specification of the Bayesian model we specify prior distributions for μ and Σ. We assume that μ and Σ are a priori independent and that the prior for μ is locally uniform, i.e., p(μ) ∝ 1.

We first consider the inverse-Wishart prior distribution for Σ

Σ ∼ IW {b_0, (b_0 − I − 1)B_0}, (8)

parameterized so that E[Σ] = B_0. The scalar degree of freedom parameter b_0 > I + 1 can be regarded as a prior sample size. An undesirable feature of the inverse-Wishart prior is that a single degrees-of-freedom parameter controls the precision of all elements of Σ.

A general way of enabling prior precision to vary across elements is to decompose Σ into components and specify separate priors for each component. Three priors based on the separation strategy of Barnard, McCulloch, and Meng (2000) (henceforth, BMM) are now considered. Define Δ = diag(δ), where δ = (δ_1, . . . , δ_I ) and δ_i > 0, and let Φ be a positive definite matrix such that Σ = ΔΦΔ. Note that we do not constrain Φ to be a correlation matrix. The associated correlation matrix is denoted by Ω = Ω(Φ) = diag(Φ)^{−1/2}Φdiag(Φ)^{−1/2}. We assume that log(δ_i)^{iid}∼ N(s_0, v^2_0 ) for i = 1, . . . , I and consider two different families of priors for Φ.

1. An IW (b_0, I) prior for Φ. Because the diagonal elements of Φ are random variables rather than constants, Φ is essentially randomly distributed about the subspace of correlation matrices. Furthermore, (δ, Φ) is not jointly identifiable although this is not a problem in a Bayesian analysis as long as each parameter is identifiable conditional on the others. From BMM the implied marginal distribution of Ω is given by f(Ω) ∝ |Ω|^{−(b0+I+1)/2} ( ∏ i Ω^{ii}

)_{−b0/2} (9) where Ω^{ii} is the ith diagonal element of Ω^{−1}. The marginal distribution of an individual non-diagonal element of Ω, Ω_{ij} for i ≠ j, is proportional to (1 − Ω^2_{ij} )^{(b0−I−1)/2}. Therefore, setting b_0 = I + 1 yields a prior under which each off-diagonal element has a U(−1, 1) distribution (BMM). Accordingly this case is the “marginal uniform prior”. We also consider the cases b_0 = I and b_0 = 10I.

2. The prior for Ω proportional to a Dirichlet density for the eigenvalues of Ω, given by

f(Ω) ∝ p∏ i=1 λ^{(ωi−1)} i , (10)

where λ_i > 0 is the ith eigenvalue of Ω (i.e., ∑ λ_i = I) and ω is a vector of parameters such that ω_i ≥ 0.

(The corresponding prior on Φ is induced by multiplying the density by ( ∏ i Φ_{ii})^{−(I−1)/2}, the Jacobian of the transformation (diag(Φ), Ω) → Φ.) Note that E[λ_i/I] = ω_i/ω_0 where ω_0 = ∑ ω_i. If a priori we believe that the dimension of the underlying factor structure is K, we may want to express our prior beliefs through a prior that favors correlation matrices with K large eigenvalues. This is implemented by making K values of ω large and the remaining values small. In the Medicare CAHPS example we gave the first 6 eigenvalues 9 times the weight of the remaining eigenvalues; thus E[λ_i/I] = 0.117 for i ≤ 6 and 0.013 otherwise.

The priors are determined by specifying (s_0, v^2_0 , b_0, B_0, u_0, ω).

Because Φ is not restricted to a finite space, often used default priors such as the “jointly uniform” prior f(Φ) ∝ 1 and Jeffreys prior f(Φ) ∝ |Φ|^{−(I+1)/2} lead to ill-defined posterior densities. For example, for fixed μ and Φ = tΦ_0, the truncated prior N(A; μ, tΦ_0) approaches the uniform on A as t → ∞, so the marginal likelihood also asymptotes to a positive value. Hence, the posterior distribution is also improper. This is not the case for the jointly uniform prior for Ω because the space of correlation matrices is finite and so the prior is itself proper (BMM).

4 Estimation

Rather than calculating the likelihood directly under the truncated normal model θ_h ∼ N(A, μ, Σ) we use a data augmentation approach that allows us to estimate μ and Σ as the parameters of a multivariate normal distribution, augmenting {θ_h}_{1:n} ∼ N(A, μ, Σ) with enough data so that the combined data may be regarded as N(μ, Σ). Let N denote the size of the total sample (including the augmented data). To determine N we need to specify a probability distribution for the number of truncated points, N − n.

4.1 Bayesian Computation

In the Bayesian analyses we specify a prior distribution for N, the single observation unbiased prior (SOUP) for N given by p(N) ∝ 1/N (Meng and Zaslavsky 2002). Given N draws from the unconstrained N(μ, Σ) distribution n ∼ Bin(N, π(A)) where π(A) = pr(θ_h ∈ A | μ, Σ). An appealing property of the SOUP is that the posterior mean of N given n is an unbiased estimator of N. The posterior distribution of (N − n)|n, μ, Σ is the NB(n, π(A)) distribution used for the EM approach in (Dempster, Laird, and Rubin 1977). Hence, E_n[E_N [N | n, μ, Σ]] = E_n[n | N, μ, Σ]/pi(A) = N.

The complete model specified for the observed and truncated data is therefore Level I: Y_h | θ_h ∼ N(θ_h, V (θ_h)) for h = 1, . . . , n

Level II:

θ_h | μ, Σ, N ∼ N(μ, Σ) for h = 1, . . . , N, n | N, μ, Σ ∼ Binomial(N, π(A)), Level III: p(N) ∝ N^{−1}, μ ∝ 1, and Σ ∼ p(Σ).

Bayesian inferences based on this augmented model are legitimate because the original model is obtained by marginalizing over N and {θ_h}_{(n+1):N} (Zaslavsky and Meng 2005).

To fit the Bayesian models we use Markov chain Monte Carlo (MCMC) methods. Independent updates are used for θ_1, . . . , θ_n, μ, and Σ, and also for the augmented parameters N and θ_{n+1}, . . . , θ_N . Gibbs steps are used to update the parameters for which conditional posterior distributions are available, otherwise Metropolis-Hastings steps (Metropolis, Rosenbluth, Rosenbluth, Teller, and Teller 1953; Hastings 1970) are used.

4.1.1 Conditional posterior of θ_h for h = 1, . . . , n The dependence of V_h on θ_h prevents the posterior distribution of θ_h from being derived in closed form. However, the Metropolis-Hastings algorithm only requires the posterior to be known up to proportionality.

The log-conditional posterior of θ_h is

log l(θ_h) = log |V (θ_h, w)|/2 − (Y_h − θ_h)^′V (θ_h, w)^{−1}(Y_h − θ_h)/2 − (θ_h − μ)^′Σ^{−1}(θ_h − μ)/2 + c,

where c is a constant. Note that if n_{hi} = 0 we set [V (θ_h, w)^{−1}]_{ij} = [V (θ_h, w)^{−1}]_{ji} = 0 for j ∈ 1, . . . , n, so the likelihood function is well defined.

A multivariate-T proposal density with 3 degrees of freedom centered at the current value of θ_h and truncated (by rejection) to A is used to update θ_h. The multivariate-T covariance matrix parameter was set to a scalar multiple of (Σ^{−1} + V_h^{−1})^{−1}, the posterior covariance for the conjugate normal model. The scale was chosen to obtain an acceptance rate of around 0.3.

4.1.2 Conditional posterior of θ_h for h = n + 1, . . . , N and of N Because the augmented domain means are not associated with real data, the conditional posterior distribution is just the prior, i.e., θ_h ∼ T N(A_c; μ, Σ), where A_c is the complement of A, for h = n + 1, . . . , N. We simultaneously update N and {θ_h}_{n+1:N} by repeatedly drawing θ_h ∼ N(μ, Σ) until exactly n values of θ_h ∈ A have been obtained thus obtaining draws from NB(n, π(A)), where NB represents denotes negative binomial distribution and π(A) = pr(θ_h ∈ A | μ, Σ).

The total number of draws is the new value of N and the truncated values θ_h /∈ A update {θ_h}_{n+1,...,N} while the non-truncated values are discarded. This makes it unnecessary to explicitly evaluate π(A).

4.1.3 Conditional posterior of μ and Σ Because μ | N, θ, Σ ∼ N(

∑_N h=1 θ_h/N, Σ/N), a Gibbs step is used for updating μ.

Under the inverse-Wishart prior the conditional posterior for Σ is the inverse-Wishart distribution given by Σ | N, θ, μ ∼ IW [ b_0 + N, {(b_0 − I − 1)^{−1}B^{−1}_0 + N∑ h=1 (θ_h − μ)(θ_h − μ)^T }^{−1} ] . A Gibbs step is used to draw samples of Σ in this case.

Under the other priors for Σ separate distributions are specified for the scale parameters δ and the matrix parameters Φ. Recall that the diagonal matrix corresponding to δ is Δ.

The conditional posterior distribution of Φ under the inverse-Wishart prior in (9) is

Φ | N, θ, μ ∼ IW [ b_0 + N, I + Δ^{−1}

(_N ∑ h=1 (θ_h − μ)(θ_h − μ)^T ) Δ^{−1} ] .

Recall that Σ = ΔΦΔ and Ω = diag(Φ)^{−1/2}Φdiag(Φ)^{−1/2} may be computed at this point.

The log conditional posterior distributions of δ_i reduces to:

log p(δ_i) = −(N + 1) log(δ_i) − [Φ^{−1}]_{ii}V_{ii}/(2σ^2_i ) − 1 δ_i ∑ j≠i

[Φ^{−1}]_{ij} V_{ij} /δ_j − (log(δ_i) − s_0)^2/(2v^2_0 ), (11)

where [Φ^{−1}]_{ij} is the ijth element of Φ^{−1} and V_{ij} is the ijth element of ∑ h(θ_h − μ)(θ_h − μ)^T . This cannot be obtained in closed form. Instead we use a Metropolis-Hastings step with a log t proposal distribution with 3 degrees of freedom to update each component of σ separately. The location parameter is the current value of δ_h while the scale parameter is adaptively chosen to make the acceptance rate roughly 0.40, as suggested by Roberts, Gelman, and Gilks (1997).

When the prior for Σ is given by (10) we use a Metropolis-Hastings step using as the proposal density the posterior under the same prior but without the eigenvalue factor. Because the contributions from the likelihood function, and the priors on {θ_h}, μ, and δ cancel, the acceptance probability depends only on the ratio of the Dirichlet densities for the eigenvalues of Φ and the Jacobian of the transformation from Ω to Φ space, ( ∏ i Φ_{ii})^{−(I−1)/2}. Therefore, at iteration t the acceptance probability is given by:

Pr(Φ^{(t)} | Φ^{(t−1)}) = min 1, I∏ i=1 ( λ^{(t)}_i λ^{(t−1)}_i

)_{ω−1} (

Φ^{(t−1)}_{ii} Φ^{(t)}_{ii}

)_{(I−1)/2} . 4.2 Quasi-Maximum Likelihood Estimation

To obtain maximum-likelihood estimates we follow the EM algorithm (Dempster, Laird, and Rubin 1977). The E-step of the EM algorithm relies upon the conditional posterior distribution of θ_h given Y_h (if observed) and (μ, Σ). Because the dependence of V_h on θ_h inhibits closed form derivation, we use a Monte Carlo EMalgorithm. For each iteration the E-step involves running the same MCMC chain used for the Bayesian computations but with μ and Σ fixed at their current estimates. The M-step updates μ and Σ using the conditional posterior means of their sufficient statistics (functions of θ) obtained from the E-step.

Let μ^{(t)}, Σ^{(t)}, E^{(t)}_{θh} , and V^{(t)}_{θh} denote the values of μ, Σ, E[θ_h | Y_h, μ^{(t)}, Σ^{(t)}], and V [θ_h | Y_h, μ^{(t)}, Σ^{(t)}] at iteration t. The E-step evaluates the conditional posterior expectation of the sufficient statistics of μ and Σ given {θ_h}_{1:N} and N. The sufficient statistics are U(θ) =

∑_N h=1(θ_h, θ_hθ^T_h ). Therefore, at iteration t + 1 the E-step evaluates E[U(θ) | Y , μ^{(t)}, Σ^{(t)}] = N∑ h=1 ( E^{(t+1)}_{θh} , V^{(t+1)}_{θh} + E^{(t+1)}_{θh} E^{(t+1)T}_{θh} ) . (12)

Because closed form expressions for E^{(t)}_{θh} and V^{(t)}_{θh} cannot in general be obtained, we estimate them using a Monte Carlo average of a sample of values from the joint posterior distribution of θ^{(t)}_h given (Y , μ^{(t)}.Σ^{(t)}).

The M-step updates μ^{(t)} and Σ^{(t)} by solving the likelihood equations for μ and Σ to obtain μ^{(t+1)} = Ē^{(t+1)}_θ = 1 N N∑ h=1 E_θ(t+1)_h and Σ^{(t+1)} = 1 N n∑ h=1 { V^{(t+1)}

θ_h + (E

(t+1) θ_h − Ē

(t+1)

θ )(E^{(t+1)}_{θh} − Ē^{(t+1)}_θ )^T } . 4.3 Factor Analysis

Under Bayesian computation, the value of the covariance matrix of interest in our problem (i.e., where the domain means are constrained to lie between their minimum and maximum values) drawn at iteration t is given by Σ^{(t)}_A = 1 n n∑ h=1 { V^{(t)}_{θh} + (E^{(t)}_{θh} − μ^{(t)}_A )(E^{(t)}_{θh} − μ^{(t)}_A )^T } , where μ^{(t)}_A = n^{−1}

∑_n h=1 E_θ(t)_h . We denote the associated correlation matrix by Ω^{(t)}_A .

To investigate the structure of the between-domain correlation matrix Σ^{(t)}_A , we apply factor analysis to the estimated or sampled values of Ω_A. The purpose of the factor analysis reported here is to help describe the correlation structure rather than to evaluate inferences about the factors. Because the Bayesian analyses yield multiple draws of the correlation matrix inferences about its factor structure can be evaluated. To our knowledge this is the first time an exploratory factor analysis has been applied to the covariance matrix draws from Bayesian posterior distributions, as opposed to just applying it to a point estimate of the covariance.

The factor analyses are conducted using the principle factor method with squared multiple correlations as initial communality estimates, Promax rotation, and Kaiser normalization to obtain the eigenvalues of the unrotated factors and the rotated factor loadings (standardized regression coefficients). The Promax method of rotating the factors is oblique and so does not preserve the orthogonality of the factors. Because the ordering and sign of the columns of the factor loading matrix are arbitrary, we organize the columns using the following algorithm to order the columns consistently. Letting U^{(t)} denote the tth value of the factor loading matrix,

1. Set U^{(base)} = U^{(1)}.

2. For t = 2, . . . , n_{sim}:

(a) Compute the correlations between each pair of columns from U^{(t)} and U^{(base)}. (b) Match up the columns of U^{(t)} and U^{(base)} to maximize the sum of the absolute values of the correlations of corresponding columns.

(c) Re-order the columns of loadings and elements of λ^{(t)} to correspond to the re-ordering of the columns of U^{(t)} in step (2b).

(d) Reverse the signs of any column of U^{(t)} that have a negative correlation with the corresponding column of U^{(base)}.

(e) Update U^{(base)} = ((t − 1)U^{(base)} + U^{(t)})/t.

In step 4, usually each column of one matrix had the highest correlation with exactly one column of the other matrix, avoiding the need for formal optimization. At worst there were a few columns for which the optimal pairing had to be identified algorithmically.

After the elements and columns of λ^{(t)} and U^{(t)} respectively have been re-ordered, we can summarize the factor loadings by calculating averages of various quantities across the draws. For example, to compute the posterior probability that item i loads highest on the kth factor, we compute the Monte Carlo average:

pr(i ∈ f_k | Y ) = n_{sim}^{−1}

n_{sim}∑

t=1 I [ |u^{(t)}_{ik} | = max_j {|u^{(t)}_{ij} |} ] , where f_k is a set of indices representing “factor k” and I(event) is the indicator function, equal to 1 if event is true and 0 otherwise. The posterior probability that f_k is assigned a particular set of items under the maximum loading rule is computed similarly. The posterior probability that k eigenvalues of Ω_A exceed 1 (i.e., that k factors are determined by Guttman’s criteria (Guttman 1954)) is given by:

pr(nfact = k | Y ) = n^{−1}_{sim}

n_{sim}∑

t=1 I [_I ∑ i=1 I(λ^{(t)}_i > 1) = k ] . Because the loadings are summarized by a single point estimate n_{sim} = 1 for maximum likelihood estimation.

4.4 Comparison of Results Across Approaches

Because there is no easy way to compare the factor structures obtained by maximum likelihood and the several Bayesian models, statistical summaries are needed. We developed three measures. The first two measures assess the decisiveness and stability of the factor assignments within a single model, while the third is a measure of distance between the factor assignments for a pair of models.

For a single model we assess how well items separate into groups by averaging the measure underlying the Varimax criterion across the draws. Letting ũ^{(t)}_{ik} denote the scaled loading obtained by dividing u^{(t)}_{ik} by the square root of the tth draw of the communality for item i, the resulting measure is given by

Clarity = 1 n_{sim}I ∑ t,k ∑ i λ̃^{(t)4}_{ik} − 1 I ( ∑ i λ̃^{(t)2}_{ik} )_2 .

Clarity may be interpreted as the Monte Carlo average of the sum of the variances of the scaled loadings for each factor. The larger the Clarity the more spread out the (squares) of the loadings are within the factors and thus the clearer the factor structure; 0 is the minimum possible value of Clarity.

For a single model we evaluate the stability of factor assignments (under the maximum loading rule) using W = ∑ s<t w^{(s,t)}/{n_{sim}(n_{sim} − 1)}, where w^{(s,t)} is a measure of the difference in the factor assignments between draws s and t. Let s_{ij} and t_{ij} denote the ijth elements of the item-factor assignment matrices. We consider the following two measures of w^{(s,t)}:

Element: w^{(s,t)} = ∑ i,j I(s_{i,j} ≠ t_{i,j} )/(IK) and Overall: w^{(s,t)} = I ∑ i,j I(s_{i,j} ≠ t_{i,j} ) > 0 .

The difference between the measures is that Element indicates disagreement between assignments elementwise whereas Overall indicates disagreement if any of the assignments are different. The lower the value of W the greater the stability of the factor assignments. Clearly, the Overall measure is greater than the Element measure.

We evaluate the discordance of the item-factor assignments between two models as

Discordance = 100(B − W )/(1 − W )

where B = ∑ s,t b^{(s,t)}/n^2_{sim} and b^{(s,t)} is analogous to w^{(s,t)} except that the sth and tth drawn factor assignment matrices are for different models. Larger values of Discordance imply more disagreement. Because B and W lie on the unit interval Discordance has a maximum value of 100 and since it is possible for estimates of W to exceed those of B values less than 0 are possible.

Although the above measures are designed to be evaluated on the draws from the Bayesian posterior distributions, they can also be applied to the maximum likelihood estimate by treating it as a single draw. The construction of each measure assumes independent draws. For computations involving the Bayesian models we recommend performing the calculations with draws that are sufficiently far apart that they are statistically independent. (For our CAHPS data we use every 200’th draw.)

5 ANALYSIS OF CAHPS DATA SET (Outdated)

We compare estimates and other inferences of maximum likelihood and the four Bayesian models using the Medicare CAHPS 1997-2001 data.

5.1 Rates of Convergence

The EM algorithm converged in around 100 iterations (need to revise for new algorithm). Convergence was monitored by watching the increase in the likelihood function evaluated at the parameter estimates. Two of the key properties of the basic EM-algorithm are that changes in the likelihood function are monotone increasing and convergence is linear. The rate of convergence is proportional to the ratio of the changes in parameter values between successive iterations; the smaller the magnitude of this ratio the faster convergence. When the sequence of iterations nears a (local) maxima the ratio will converge to the convergence rate and the changes in the parameter values will become very small. The ratio of changes in the parameters tended to be around 0.97 for the first few iterations but reduced to 0.3 for the mean parameters and 0.08 for the covariance parameters when the algorithm converged (check if holds for MCEM algorithm).

Convergence of the Markov chain was examined using the CODA (Convergence Diagnosis and Output Analysis Software for Gibbs sampling output) software package (Best, Cowles, and Vines 1995). The behavior of the chain was monitored using trace plots (Hellmich, Abrams, Jones, and Lambert 1998) of the sequence of draws for each parameter for different starting values and random number seeds. Convergence was formally checked using the convergence diagnostics available in CODA; using Gelman and Rubin scale reduction factors (Gelman and Rubin 1992) we found that an appropriate burn-in time was 2,000 iterations. However, to be sure that the chain had passed its transient stage we used a burn-in run of 10,000 iterations before saving values for computation of inferences. Raftery and Lewis dependence factors (Raftery and Lewis 1992) indicated that our use of 50,000 iterations was sufficient to evaluate inferences to the required level of precision (a tolerance of 0.01 with 95% confidence).

Because the only non-Gibbs steps are univariate, high acceptance rates for the components of Σ were easily maintained under the marginal and jointly uniform priors. In fact the order of convergence of the MCMC chain for these models was about the same as that for the inverse-Wishart model. Because the conditional posterior for Φ could not be derived when the prior was proportional to a Dirichlet prior for the eigenvalues of Φ, the chain took longer to converge. However, the loss of efficiency was minimized by the use of a proposal density that closely approximated the true posterior.

5.2 Fitted Models

In Table 1 we report the mean and standard deviation (SD) of the plan-level mean, standard deviations, and correlations for each response scale. The mean and SD of the components of μ for each item type are very similar, while the means of the standard deviations and correlations for each item type are slightly higher for the Bayesian analyses.

Insert Table 1 about here.

5.3 Dimension of factor space

Following Guttman (1954) we estimate the number of factors by the number of eigenvalues of the unrotated loading matrix that exceed the mean eigenvalue (Table 2). A point estimate is available using maximum likelihood whereas the Bayesian approaches yield a full distribution.

Insert Table 2 about here.

The number of factors determined by the Bayesian models ranges from 2 to 5. The maximum likelihood estimate of 5 is thus at the upper end of this range suggesting that the Bayesian models support fewer factors. The model with the Dirichlet prior that favors high loadings for 5 factors and small loadings for the remaining factors yields a posterior distribution for the selected number of factors that implies fewer factors (2 or 3) than for the other Bayesian models. This result indicates that the eigenvalue prior is quite informative.

5.4 Separation of Factors

The Clarity of the fitted factor structures was estimated for each model when 4 factors were assumed (Table 3). Insert Table 3 about here.

The highest Clarity score of 68 occurred under the inverse-Wishart model while the smallest Clarity score of 55 occurred with the maximum-likelihood estimate. The Clarity scores for the four Bayesian models were very similar (ranging from 64 to 68). The inverse-Wishart prior had the highest Clarity score.

5.5 Factor structure

By far the greatest level of discordance was between the maximum likelihood and Bayesian approaches (Table 4). The maximum likelihood derived item-factor assignment matrix was not generated in any posterior draw of any Bayesian model. Hence, the maximum Overall Discordance score of 100 is attained. The only model that had a Discordance score less than 100 with the eigenvalue prior was the jointly uniform prior.

Insert Table 4 about here.

The scores for the Element Discordance measure also indicated that maximum likelihood, followed by the Bayesian eigenvalue prior model, were the most disparate methods (greater than 1 for all comparisons between these models and well less than 1 for comparisons between the other Bayesian models). The marginal and jointly uniform prior models had the lowest discordance scores (-2.31 and 0.07 respectively). This suggests that the marginal uniform prior is further from the inverse-Wishart prior than the jointly uniform prior. As for the Overall Discordance scores the results for the eigenvalue prior model are closest to the jointly-uniform prior model.

5.6 CAHPS Composite Items

Using the eigenvalue prior for Φ we computed the posterior mean loading matrix and assigned items to factors using the maximum loading rule for the 31 CAHPS report items (the 11 1–4, 11 1–3, and the nine 1–2 items). Once again four factors were assumed and we used the maximum loading rule to assign items to factors, except that if an item did not have a loading greater than 0.3 on any factor it was not assigned to a factor. In Table 5 we report the posterior mean factor loadings, their posterior standard deviations, and the posterior probability that each item is included in the factor. The assignment of items to factors based on the estimated loadings is the current CAHPS practice. Although the matrix of the probabilities that an item is assigned to a given factor is not currently used in practice we find it a useful supplement to the factor loading matrix.

Insert Table 5 about here.

1. Interpret the composites based on the factor loadings.

2. Discuss differences when the item-factor probabilities are used to group items.

6 Conclusions

In this paper we have presented statistical methodology for estimating a domain level covariance matrix when the items have different sample sizes. We focused on the estimation of the domain-level covariance matrix using a hierarchical model, assuming known variance and correlation parameters at the respondent-level, and both maximum likelihood and Bayesian approaches.

To ensure rapid convergence ad-hoc adjustments were needed to obtain maximum likelihood estimates of the hierarchical model using the EM algorithm. Although these help the EM-algorithm to converge, they can have undesirable consequences such as introducing bias. Bayesian computations avoided analytical approximations in fitting the hierarchical model. Although they take longer to converge the recent advances in computer technology constantly make such computations more feasible.

Through a variety of analyses involving the between-domain correlation matrix or the associated factor analysis, the Bayesian models were found to be more amenable to constructing useful inferences about the factor structure. Examples include the precision of the estimate of the number of underlying factors, the probability that an item is assigned to a given factor, and the uncertainty associated with measures of discordance between the item-factor assignments under different models.

The Bayesian models considered in this paper were all derived from the same matrix decomposition of Σ. There are several other matrix decompositions that could be used as alternatives to the separation strategy, including the Cholesky decomposition of Σ (e.g., Pinheiro and Bates (1996)) or its inverse (e.g., Pourahmadi (1999), Liu (1993)), and the spectral decomposition of Σ including the matrix logarithm (e.g., Leonard and Hsu (1992); Chiu, Leonard, and Tsui (1996)). However, because evaluation of the full conditional posterior distributions is more difficult with these factorizations computation is more difficult.

In future work we plan to develop and implement Bayesian methodology to test hypotheses about the structure of a domain-level covariance matrix. This will enable hypotheses about the factor structure of the items at the domain-level to be tested in addition to descriptive summaries of the covariance structure.

References

Barnard, J., R. McCulloch, and X.-L. Meng (2000). Modeling covariance matrices in terms of standard deviations and correlations, with application to shrinkage. Statistica Sinica 10 (4), 1281–1311.

Best, N., M. K. Cowles, and K. Vines (1995). Convergence Diagnosis and Output Analysis Software for Gibbs Sampling Output. MRC Biostatistics Unit, Institute of Public Health, Robinson Way, Cambridge CB2 2SR, UK.

Chiu, T. Y. M., T. Leonard, and K.-W. Tsui (1996). The matrix-logarithmic covariance model. Journal of the American Statistical Association 91, 198–210.

Crofton, C., J. S. Lubalin, and C. Darby (1999). The consumer assessment of health plans study (cahps):

Foreword. Medical Care 37, MS1–MS9.

Dempster, A. P., N. M. Laird, and D. B. Rubin (1977). Maximum likelihood from incomplete data via the EM algorithm (C/R: p22-37). Journal of the Royal Statistical Society, Series B, Methodological 39, 1–22.

Fay, R. E. and R. A. Herriot (1979). Estimates of income for small places: An application of James-Stein procedures to census data. Journal of the American Statistical Association 74, 269–277.

Gelman, A. and D. B. Rubin (1992). Inference from iterative simulation using multiple sequences. Statistical Science 7, 457–472.

Ghosh, M. and J. N. K. Rao (1994). Small area estimation: An appraisal. Statistical Science 9, 55–76. Goldstein, E., P. D. Cleary, K. M. Langwell, A. M. Zaslavsky, and A. Heller (2001). Medicare Managed Care CAHPS: a tool for performance improvement. Health Care Financing Review 22 (3), 101–107.

Guttman, L. (1954). Some necessary conditions for common-factor analyses. Psychometrika 19, 149–161. Hastings, W. K. (1970). Monte Carlo sampling methods using Markov chains and their applications.

Biometrika 57, 97–109.

Hellmich, M., K. R. Abrams, D. R. Jones, and P. C. Lambert (1998). A bayesian approach to a general regression model for roc curves. Academic Radiology 18, 436–443.

Leonard, T. and J. S. J. Hsu (1992). Bayesian inference for a covariance matrix. The Annals of Statistics 20, 1669–1696.

Liu, C. (1993). Bartlett’s decomposition of the posterior distribution of the covariance for normal monotone ignorable missing data. Journal of Multivariate Analysis 46, 198–206.

Meng, X.-L. and A. M. Zaslavsky (2002). Single observation unbiased priors. Annals of Statistics 30, 1345–1375.

Metropolis, N., A. Rosenbluth, M. Rosenbluth, A. Teller, and E. Teller (1953). Equations of state calculations by fast computing machines. Journal of Chemical Physics 21, 1078–92.

O’Malley, A. J. and A. M. Zaslavsky (2005). Variance-covariance functions for domain means of ordinal survey items. In Press: Survey Methodology.

Pinheiro, J. C. and D. M. Bates (1996). Unconstrained parametrizations for variance-covariance matrices.

Statistics and Computing 6, 289–296.

Pourahmadi, M. (1999). Joint mean-covariance models with applications to longitudinal data: Unconstrained parameterisation. Biometrika 86, 677–690.

Raftery, A. E. and S. M. Lewis (1992). How many iterations in the Gibbs sampler? In Bayesian Statistics 4. Proceedings of the Fourth Valencia International Meeting, pp. 763–773.

Roberts, G. O., A. Gelman, and W. R. Gilks (1997). Weak convergence and optimal scaling of random walk Metropolis algorithms. Annals of Applied Probability 7, 110–120.

Schnaier, J. A., S. F. Sweeny, V. S. Williams, B. Kosiak, J. S. Lubalin, R. D. Hays, and L. D. Harris- Kojetin (1999). Special issues addressed in the CAHPS survey of Medicare managed care beneficiaries. Medical Care 37, MS69–MS78.

Zaslavsky, A. M., N. D. Beaulieu, B. E. Landon, and P. D. Cleary (2000). Dimensions of consumer-assessed quality of Medicare managed-care health plans. Medical Care 38, 162–174.

Zaslavsky, A. M. and P. D. Cleary (2002). Dimensions of plan performance for sick and healthy members on the Consumer Assessments of Health Plans Study 2.0 survey. Medical Care 40, 951–964.

Zaslavsky, A. M. and X.-L. Meng (2005). Using the single observation unbiased prior in inference for truncated distributions. Work in progress.

Note: The following tables are based on shorter simulation runs than the will be used to produce the final results.

Table 1: Summary statistics of the scale of the estimated plan-level covariance matrix, and of the number of underlying factors, for the likelihood and Bayesian methods. Maximum Likelihood Inverse-Wishart Response Scale 0-10 1-4 1-3 1-2 0-10 1-4 1-3 1-2 Mean (Mean) 8.80 3.58 2.72 1.79 8.93 3.63 2.77 1.82 SD (Mean) 0.14 0.20 0.11 0.13 0.10 0.18 0.10 0.12 Mean (SD) 0.26 0.10 0.10 0.07 0.32 0.13 0.13 0.08 Mean(Cor)

0–10 0.68 0.68 0.51 0.32 0.75 0.73 0.62 0.42 1–4 0.68 0.76 0.54 0.35 0.73 0.75 0.61 0.44 1–3 0.51 0.54 0.58 0.40 0.62 0.61 0.67 0.49 1–2 0.32 0.35 0.40 0.27 0.42 0.44 0.49 0.35 Marginal Uniform Joint Uniform Rating Type 0-10 1-4 1-3 1-2 0-10 1-4 1-3 1-2 Mean (Mean) 8.87 3.61 2.75 1.81 8.91 3.62 2.77 1.82 SD (Mean) 0.09 0.18 0.10 0.12 0.09 0.17 0.10 0.12 Mean (SD) 0.31 0.13 0.14 0.08 0.33 0.13 0.15 0.09 Mean(Cor)

0–10 0.69 0.68 0.54 0.37 0.71 0.70 0.56 0.39 1–4 0.68 0.72 0.53 0.38 0.70 0.73 0.55 0.40 1–3 0.54 0.53 0.56 0.41 0.56 0.55 0.58 0.43 1–2 0.37 0.38 0.41 0.29 0.39 0.40 0.43 0.31

Eigenvalue Rating Type 0-10 1-4 1-3 1-2 Mean (Mean) 9.2 3.73 2.92 1.88 SD (Mean) 0.11 0.13 0.08 0.09 Mean (SD) 0.42 0.16 0.19 0.1 Mean(Cor)

0–10 0.79 0.79 0.70 0.55 1–4 0.79 0.82 0.69 0.56 1–3 0.7 0.69 0.73 0.59 1–2 0.55 0.56 0.59 0.46

Table 2: The number of factors (the number of eigenvalues greater than 1) for the plan-level correlation matrix.

Models Maximum Wishart Marginal Joint Eigenvalue Statistic Likelihood Uniform Uniform Minimum NA 4 4 4 2 Estimate 5 4.50 4.70 4.95 2.95 Std Dev NA 0.513 0.470 0.224 0.224 Maximum NA 5 5 5 3

Table 3: Summary statistics of the clarity of the plan-level correlation matrix for maximum likelihood and the Bayesian methods. Models Maximum Wishart Joint Marginal Eigenvalue Term Likelihood Uniform Uniform Estimated Clarity 55.25 68.89 63.98 64.80 67.40 Posterior SD (n/a) (0.574) (0.632) (0.767) (1.14)

Table 4: Summary statistics of differences in the factor decomposition between methods. Models Maximum Wishart Marginal Joint Eigenvalue Model Likelihood Uniform Uniform Maximum likelihood - 1.11 2.40 3.13 7.06 Wishart 100 - 0.436 0.354 4.20 Marginal Uniform 100 26.24 - 0.071 4.51 Joint Uniform 100 13.87 -2.31 - 3.75 Eigenvalue 100 100 100 89.87 - The measures of discordance were evaluated as Discordance = (Between − Within)/(100 − Within); the denominator is the amount of variation that potentially could arise between methods. Values above and below the diagonal correspond to the Element (simulation error 0.1%) and Overall (simulation error 1%) measures of Discordance.

Table 5: Analysis of factor loadings for jointly-uniform prior (might be worthwhile to compare with eigenvalue prior).

Posterior mean (SD) of loadings Pr(Highest loading) Item Fact1 Fact2 Fact3 Fact4 Fact1 Fact2 Fact3 Fact4 getadvc 0.895 (0.007) -0.292 (0.014) 0.02 (0.016) -0.013 (0.017) 1.00 0.00 0.00 0.00 rtnasaw 0.687 (0.022) -0.545 (0.023) -0.127 (0.028) -0.076 (0.031) 1.00 0.00 0.00 0.00 illasaw 0.804 (0.019) -0.277 (0.025) -0.032 (0.028) 0.091 (0.04) 1.00 0.00 0.00 0.00 longwait 0.602 (0.025) 0.17 (0.043) 0.412 (0.05) -0.209 (0.088) 1.00 0.00 0.00 0.00 courtesy 0.87 (0.012) -0.169 (0.023) 0.196 (0.032) -0.122 (0.052) 1.00 0.00 0.00 0.00 helpful 0.914 (0.007) -0.24 (0.009) 0.064 (0.023) -0.073 (0.03) 1.00 0.00 0.00 0.00 listen 0.869 (0.01) -0.363 (0.02) -0.089 (0.031) -0.035 (0.028) 1.00 0.00 0.00 0.00 explain 0.837 (0.011) -0.325 (0.024) -0.042 (0.036) -0.084 (0.038) 1.00 0.00 0.00 0.00 respect 0.857 (0.012) -0.344 (0.025) -0.07 (0.031) -0.045 (0.039) 1.00 0.00 0.00 0.00 enghtime 0.837 (0.013) -0.412 (0.023) -0.077 (0.03) -0.06 (0.039) 1.00 0.00 0.00 0.00 hlpflcs 0.81 (0.013) 0.32 (0.032) -0.201 (0.056) -0.331 (0.039) 1.00 0.00 0.00 0.00 happymd 0.699 (0.02) 0.149 (0.039) -0.338 (0.051) 0.209 (0.054) 1.00 0.00 0.00 0.00 probref 0.859 (0.014) -0.016 (0.026) 0.053 (0.049) 0.204 (0.034) 1.00 0.00 0.00 0.00 getcare 0.882 (0.011) -0.185 (0.021) 0.115 (0.037) 0.075 (0.029) 1.00 0.00 0.00 0.00 delays 0.902 (0.007) 0.136 (0.019) 0.008 (0.037) 0.147 (0.028) 1.00 0.00 0.00 0.00 getequip 0.782 (0.02) 0.227 (0.02) 0.041 (0.031) 0.031 (0.039) 1.00 0.00 0.00 0.00 probthpy 0.83 (0.014) 0.172 (0.027) 0.09 (0.029) 0.015 (0.042) 1.00 0.00 0.00 0.00 probhhc 0.668 (0.029) 0.077 (0.033) 0.111 (0.038) 0.019 (0.044) 1.00 0.00 0.00 0.00 probrx 0.383 (0.036) 0.474 (0.045) -0.163 (0.058) 0.113 (0.071) 0.15 0.85 0.00 0.00 probinfo 0.493 (0.033) 0.551 (0.034) -0.225 (0.05) -0.173 (0.059) 0.20 0.80 0.00 0.00 probcall 0.797 (0.017) 0.347 (0.033) -0.224 (0.052) -0.291 (0.052) 1.00 0.00 0.00 0.00 probpape 0.634 (0.025) 0.486 (0.03) -0.182 (0.055) -0.219 (0.051) 1.00 0.00 0.00 0.00 knowfact 0.682 (0.027) -0.187 (0.039) -0.198 (0.066) 0.329 (0.055) 1.00 0.00 0.00 0.00 interfer 0.439 (0.023) -0.082 (0.028) 0.176 (0.057) -0.063 (0.063) 1.00 0.00 0.00 0.00 understd 0.545 (0.037) -0.218 (0.032) -0.074 (0.054) 0.228 (0.064) 1.00 0.00 0.00 0.00 getrx 0.524 (0.036) -0.187 (0.052) 0.221 (0.056) -0.056 (0.07) 1.00 0.00 0.00 0.00 cmplnt 0.586 (0.027) 0.573 (0.028) -0.108 (0.027) 0.045 (0.034) 0.55 0.45 0.00 0.00 provide 0.65 (0.022) 0.234 (0.033) -0.081 (0.037) 0.029 (0.049) 1.00 0.00 0.00 0.00 flu1last 0.61 (0.024) 0.413 (0.037) 0.445 (0.045) 0.167 (0.062) 1.00 0.00 0.00 0.00 flu1plan 0.223 (0.052) 0.338 (0.056) -0.198 (0.097) 0.433 (0.063) 0.00 0.15 0.00 0.85 pneum 0.467 (0.027) 0.424 (0.045) 0.553 (0.041) 0.122 (0.077) 0.10 0.05 0.85 0.00

The above factor loadings are for the rotated factor pattern.

Figure 1: Diagram showing how the different estimators are combined to form a positive definite weighted average estimator.