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Motivating Data Example

Data Source:

Clinical quality data from eight measures publicly reported

on the Medicare Dialysis Facility Compare site in October

2018 for 7,164Medicare-certified dialysis facilities.

Clinical Measure Domains:

1. Standardized RatioMeasures: Obs./exp. hospitalization,

mortality, readmission, and transfusion events

2. Vascular AccessMeasures: Arteriovenous fistula

utilization and long-term catheter utilization

3. ProcessMeasures: Dialysis adequacy (Kt/V) andmineral

and bone disorder management (Hypercalcemia)

Figure 1: Example Clinical QualityMeasures
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Challenges

Publicly reported composite ratings are meant to provide a

global summary of quality to help patients and caregiversmake

informed decisions. However:

They are often comprised of a set of mixed continuous and

discrete clinical quality of care metrics

The individual measures that make up such ratings have a

complex correlation structure

There is often nomeasure of uncertainty associated with

the estimated ratings

Potential biases may arise due to missing data in the

observed (manifest) variables

Overview of Our Proposal

Factor analysis is anatural choice toestimate a latent 'quality

score' from a set of observed quality metrics. We propose a

flexible, unifying method that can:

Accommodate non-normal continuous measurements

Extend to data with mixedmeasurement scales

Handle missing or suppressedmanifest variable data

Maintain interpretability of the factor scores (for ranking)

Rank-Based Bayesian Factor Analysis

For Y , an n × pmatrix of observedmeasures, define a Gaussian factor model with k < p latent features as:

Y = ηΛ + ε

where η is an n × k matrix of factor scores,Λ is a k × pmatrix of loadings, and ε is an n × pmatrix of idiosyncratic noise

Considering the Gaussian copula, F (y1, . . . , yp) = Φp[Φ−1{Fi(y1)}, . . . , Φ−1{Fp(yp)}|C]with correlation matrixC, define:

ηi ∼ N(0, I), zi|ηi ∼ N(Ληi, I), yij = F −1
j (Φ (zij))

where z are latent Gaussian variables, F −1
j is the pseudo-inverse of Fj, and P (Y|C, F1, . . . , Fp) ≈ P (Z ∈ D(Y)|C)1

Thus, only the order statistics of yj; j = 1, . . . , p are needed to jointly estimate the factor structure underlying mixed data

Conjugacy allows for closed-form updates to Λ, η, and diag(σYj
)without the need forMetropolis-Hastings type approaches

Missing values in Y are initialized inZ and imputed with repeated Gibbs samples from a truncated Normal distribution

Tomaintain interpretability of the factor scores, we employ intermediate factor rotations at each Gibbs update which

eliminates the need for constraint on the loadings2

Simulation Study

A schematic of the data generated is given in Figure 2 below. A shown, we assume a three-level Normal hierarchy:

Data are simulated under assumption that the true rank

comes from several underlying correlatedmeasures

Missingness was set in 10% of the observed data

log(·), exp(·), and discrete transformations were then applied

Correlations betweenmeasures 1-6 were varied

systematically by changing the Level 3 variances

Figure 2: Data Generation for Simulation Study
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The proposedmethod performed best in the non-Normal setting withmissing data as compared to traditional factor analysis.

Results were more comparable in the Normal setting with nomissingness. These results are presented in Figure 3:

Figure 3: Simulation Results Varying theMeasure Correlations

Normal Y Normal Y with 10% Missing Non−Normal Y Non−Normal Y with 10% Missing

High Mid−High Mid−Low Low High Mid−High Mid−Low Low High Mid−High Mid−Low Low High Mid−High Mid−Low Low

−0.1

0.0

0.1

 Measure Correlations Within/Between Domains

D
iff

er
en

ce
 in

 S
pe

ar
m

an
 C

or
re

la
tio

ns

Data Results

Factor loading estimates were consistent with traditional

Frequentist approaches currently employed

Estimated facility ranks using the proposedmethod had a

94% correlation with the current ranking methodology

Estimation of facility rankings from a factor model allow for

measures of uncertainty through the posterior distribution

Figure 4: Estimated Ranks and 95%HPD Intervals
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Conclusions

In simulation, the proposedmethod shows higher

correlation with the ground truth ranking when the

manifest variables are non-normal or havemissingness

The proposedmethod allows for quantification of the

variability in estimating both the factor loadings and

scores and preservation of the underlying rankings

Consistent results in the data example favor

consideration of the proposedmethod to rank healthcare

providers with mixed-type quality data
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