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1. Introduction

Recent years have seen enormous revolutions in US health care systems due to advancements in
database systems that rapidly collect and organize massive electronic health records. Standard
operations management based medical practices have moved from relatively ad ‘hoc and
subjective to data driven decision making and evidence-based health care./ Traditional
“fee-for-service” payment methods have transitioned into models that tie .reimbursement to
outcomes such as pay-for-performance and bundled payment. The complexity and abundance of
health care data have grown thanks to the development of new.data gathering techniques as
capturing devices, sensors, and mobile applications. Subsequently, there have been more and
more incentives for hospitals to reduce costs and promote quality by using advanced data
analytics tools that help find insights from large, noisy, heterogeneous, longitudinal, and
hierarchical health care data.

Many kinds of health care data,~including clinical data, billing/claims data, and patient
specific data, involve hierarchical (nested) or clustered structures. For example, in a study of
assessing differences in mortality rates across hospitals, data is randomly collected on samples of
patients nested within_each hospital. In this application, there are two levels of the hierarchy
(level-1 for patients and level-2 for hospitals), and for each level, a set of specific covariates
exists (such as age; gender, and severity of illness at the first level; and hospital size and hospital
teaching status at the second level) that might have a relationship with the outcome. To handle
these hierarchically structured data, multilevel models (also known as hierarchical linear models,
variance components models, random-effect models, or split-plot designs) have been proposed
and applied in different fields including psychometrics, biostatistics and econometrics (Goldstein,

2011). The basic idea is to link the covariates at higher levels to the predictor variables at lower
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levels by imposing another set of regressions in which the lower-level (regression) coefficients
are explained by higher-level predictors.

The assumption of parametric form of covariates in the hierarchical linear model makes it
rather restricted. For example, in longitudinal growth studies where repeated measures of the
response variable (e.g., height) are clustered within individuals, the relation between.age and
height is often found to be exponential. To relax the linearity constraints,.covariates with
nonparametric structure (such as local regression or smoothing spline) or semiparametric
structure (such as partially linear models or varying-coefficient models).can be incorporated in
the multilevel framework at each level of the hierarchy (Goldstein, 2011). One such extension is
generalized additive mixed models, which enjoy the nonparametric properties of additive models
and distributional flexibility of generalized linear mixed models. Another more recent class of
this type is the hierarchical version of structured additive regression (STAR) models (Lang et al.,
2013) that offers a broad and rich class of complex regression containing several important
subclasses as special cases, such as generalized additive mixed models, state-space models for
longitudinal studies, geoadditive models (Kammann & Wand, 2003), and varying-coefficient
models (Hastie & Tibshirani, 1993).

As in many areas of statistical modeling and machine learning, the problem of variable
selection (also known as feature selection, attribute selection, model selection, and variable
subset selection) has become an important issue in multilevel models. Variable selection often
aims to choose a subset of relevant covariates from a possibly large set of candidates that might
include many redundant or irrelevant features. Due to its practical importance, this problem has
attracted many researchers from diverse fields, leading to a vast amount of literature on selecting

predictors of regression models. Classical methods in this area basically relied on 1) p-value
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such as stepwise deletion or 2) information criteria like AIC, BIC, and more recently focused
information criterion (Claeskens & Hjort, 2003), among others. However such approaches
usually suffer from lack of stability and perform poorly in selecting random effect components
(Breiman, 1996). In addition, they involve a combinatorial optimization comparing 2P*4
different models (p and g are numbers of fixed and covariance parameters, respectively).which.is
NP-hard and might be infeasible to solve even when p + q < sample size is fixed (Pu‘& Niu,
2006). To address such drawbacks, regularization (or shrinkage) methods have been introduced
that focus on selecting variables simultaneously with model estimation using some data oriented
penalty functions. Popular examples may include the least absolute shrinkage and selection
operator (Lasso; Tibshirani, 1996) or smoothly clipped absolute deviation (SCAD; Fan & Li,
2001) and modifications such as hierarchical or random Lasso. To get an overview of variable
selection in linear models, see the review paper.by Chen et al. (2013). Variable selection is also
of great importance in high-dimensional data such as DNA microarray or functional MRI data
(see Fan and Lv (2010) for a review). Likewise, various studies have been devoted to variable
selection in nonparametric additive. models and semiparametric linear models (see, for example,
Huang et al. (2010) and Kundu and Dunson (2013)). Multivariate variable selection has also
been investigated in a'number of studies such as (Brown et al., 1998) and (Cai et al., 2005).
Compared to classical methods that are primarily based on Bayes factors, approaches for
Bayesian variable selection are mostly built around spike-and-slab priors. The basic idea is to

introduce a binary latent variable I; associated with each regression coefficient so that the
variable is forced to be zero when J; is in the spike part, or kept unchanged if J; is in the slab part.
The posterior distribution of /; is then interpreted as marginal posterior probabilities for inclusion

or exclusion of the respective covariate. See stochastic search variable selection (SSVS) of
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George and McCulloch (1993) and mixture of Zellner’s g priors of Liang et al. (2008) as popular
examples, and a recent review paper by O'Hara and Sillanpaa (2009).

In multilevel models, however, the problem of selecting the random effects is more
complicated since it involves boundary problems that can arise from either nonnegative
constraints on fixed-effect parameters or positive semidefinite constraints on covariance.matrices.
To date, approaches for variable selection in this class mainly pertain to linear (or generalized
linear) mixed models such as the generalized information criterion of Puand Niu (2006), and
Bayesian methods of Spiegelhalter et al. (2002), among others (see'(Mailler et al., 2013) for a
review).

In contrast to variable selection, component (or function) selection deals with selecting an
appropriate subset of covariates and, at the same time, determining whether linear or more
flexible functional forms of covariates have to.be chosen. Research in this area was started by
Antoniadis and Fan (2001) who proposed a group SCAD penalty for regularization in wavelet
approximation. Lin and Zhang (2006). developed the COSSO estimator in additive smoothing
spline analysis of variance (SS-ANOVA) models with a fixed number of covariates. Recently, by
extending the nonnegative garrote estimator of Breiman (1995), Marra and Wood (2011)
developed a single step shrinkage approach for function selection in generalized additive models.

In this paper, consistent with the idea of modeling multivariate outcomes in multilevel data
structures (Goldstein, 2011, Chap. 6), we first extend hierarchical STAR models introduced in
(Lang et al., 2013) to include multivariate response variables from the exponential family
distributions. This way, we will be able to simultaneously model the relationship of several
responses on a set of structured additive predictors accounting for possible correlation among the

dependent variables. Then, we propose spike-and-slab priors for automatic variable selection and


https://www.researchgate.net/publication/243776325_Better_Subset_Regression_Using_the_Nonnegative_Garrote?el=1_x_8&enrichId=rgreq-a79e4f68-3993-473b-be92-27ad5c3a4d5c&enrichSource=Y292ZXJQYWdlOzI2OTk4NTQ0MDtBUzoxODA4OTI2MjIzOTc0NDBAMTQyMDEzOTU3MDM3MA==
https://www.researchgate.net/publication/44821370_Multilevel_Statistical_Models_Online?el=1_x_8&enrichId=rgreq-a79e4f68-3993-473b-be92-27ad5c3a4d5c&enrichSource=Y292ZXJQYWdlOzI2OTk4NTQ0MDtBUzoxODA4OTI2MjIzOTc0NDBAMTQyMDEzOTU3MDM3MA==

Downloaded by [Kai Yang] at 11:10 01 January 2015

model choice within a Bayesian hierarchical framework similar to the work of Scheipl et al.
(2012). We apply our model to real-world healthcare data obtained from the Department of
Veteran Affairs (VA). The application analyzes Patient Centered Medical Home (PCMH) project
data gathered from a large number of medical facilities during fiscal year 2011-12. Separate data
tables from 1) patient health conditions and care utilization, and 2) patient demographic
information are first combined to form patient-level data. The patient-level ‘data isfurther
aggregated to the provider and station levels to help predict patient’s total care demands on
primary and non-primary care on a yearly basis. By combining these multilevel data sources
together, our proposal can assist health professionals in making operational decisions such as
determining the number of primary care physicians based on expected clinic visits or expected
clinical workloads for those visits.

The main contributions we make in this paper include formulating a multivariate version of
the hierarchical STAR model, bridging the connection between multivariate hierarchical STAR
models and generalized latent variable models, proposing a Bayesian function selection routine
for the multivariate hierarchical STAR model based on spike and slab priors, and applying our
proposal to real-world data from the VHA medical home project to demonstrate its performance
and applicability and produce findings that convey key public and medical implications.

The rest_of the paper is organized as follows. Section 2 reviews some literature in patient
centered medical home and outlines the problem statement. Section 3 introduces some
background on structured additive regression based on Bayesian P-spline and its hierarchical
version. Section 4 describes the proposed multivariate extension to hierarchical STAR models

followed by a Bayesian variable selection procedure. Section 5 provides an illustrative
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application of our methods in VHA patient centered medical home data. Section 6 includes

concluding remarks and directions for future research.

2. Overview of patient centered medical home

The patient centered medical home has been emerged as a new model for delivery system.reform
that has potentials to improve primary care quality with better outcomes and at _lower costs. The
model is a patient-oriented team-based approach consisting of different health professionals such
as physician, registered nurse, nutritionist, and clerk that delivers accessible, coordinated, and
comprehensive care in the context of patient’s family and community-(Stange et al., 2010). The
medical home concept originated during the 1960’s in pediatrics carrier but did not find its way
to adult general practices until 2004. Theoretically, the PCMH model entails a broad set of
fundamental principles such as having a physician directed medical practice taking
responsibilities for all of the continuing care,~an enhanced access to care through open
scheduling systems with expanded hours.and personalized communications, and an appropriate
payment system that recognizes the added value provided to patients beyond the traditional
fee-for-service encounters (Rittenhouse & Shortell, 2009).

As of 2007, there were some literature examining the prevalence and effectiveness of
medical homes.For instance, Fisher (2008) outlined some recommendations for the success of
medical homes such as sharing of information across health care providers, extending the
performance measures to include patients’ experience with care and assessments of outcomes,
and establishing a PCMH based payment system that share savings among all providers involved.
Another study within the Group Health system in Seattle showed that a medical home prototype
led to 29% fewer emergency visits, 6% fewer hospitalizations, and total savings of $10.30 per

patient per month over a twenty-one month period (Reid et al., 2010). Practically, as of
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December 2009, there were about 26 pilot projects involving medical home being directed in 18
states. These includes over 14,000 physicians and approximately 5 million patients (Bitton et al.,
2010). Of interest, the VHA launched a nationwide 3-year program in April 2010 to create
PCMHs in more than 900 primary care clinics. Early results indicated dramatic improvements
such as reducing the appointment waiting time from as long as 90 days down to one.day and
decreasing the percentage of inappropriate emergency department visits from 52% to 12% (Klein
& Fund, 2011).

However, there are difficulties in fully achieving the benefits of the PCMH in practice. It is
found that many efforts are required in the PCMH model to fully leverage the electronic health
record technology and to develop new business rules<and staffing structures than initially
envisioned (Ajorlou et al., 2014; Rittenhouse & Shortell;2009). From an operations management
point of view, a key success factor in designing any healthcare delivery system is to achieve a
balance between supply and demand of care services. This issue is even more critical for the
PCMH model since the clinical supply and demand is portfolio in nature. Unlike health demands,
the supply of healthcare services can be treated as deterministic and be calculated based on head
counts and available service hours from all professional lines within a PCMH team on an annual
basis. Yet, the estimation of clinical workload portfolio based on key patient factors is a
challenging_ task, and to the best of our knowledge, our work is the first attempt tackling this

problem within'the OR/MS and IE community.

3. Background

3.1. STAR models based on Bayesian P-splines
Let (y;, x;,v;), i =1,...,n, denote the i-th sampled vector of data, where y; is the response
variable, x; = (xl-l,xiz, ...,xl-p)' is a vector of continuous covariates, and v; = (v;1,Vip, ..., Vis)'

8
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is a vector of further (mostly categorical) predictors. Structured Additive Regression (STAR)

models (Fahrmeir et al., 2004) assume that, given x; and v;, the distribution of y; belongs to an

exponential family w(y;|x;, v;, ®) = c(y;, p)exp (y"e"ij’(gi)),where b(-), c(-), 6;, and ¢ are

determined by the type of distribution. The conditional expected value u; = E(y;lxsv;) is
related to a semiparametric additive predictor n; by u; = g(n;) via a fixed (known).link function
g(+) as in generalized linear models. The additive predictor n; has the form

n = filxy) +-+ fp(xip) +vi'y, (1)
in which fi,...,f, are unknown nonlinear (possibly smooth) functions of the continuous
covariates, and v;"y represents the usual linear part of the model. Following the Bayesian version
of P(enalized)-splines (Lang & Brezger, 2004), the unknown. function f; is approximated by a

polynomial spline of degree r defined over a set of (not necessarily equally spaced) knots

=0 <t << (]’.("_1 < (}’.(j =x/"* within the domain of x;. The spline can be
expressed in terms of a linear combination of M; = k; + r B-spline basis functions evaluated at
the observation x;, that is,
£(5) = Tl BimBjm (%) (2)
Here B(-)’s are known' basis functions and f; = (B, ...,[S’ij)’ corresponds to a vector of
unknown/ regression coefficients to be estimated. By defining a (n x M;) design matrix
X;(i,m) =B (x;;), the predictor (1) can be rewritten in matrix form as
n=X;+ -+ X,B,+Vy, ®3)
where V is the usual design matrix for linear effects. Within this unified framework, components

of (2) can represent various types of model terms, such as 1) linear terms (f;(x) = B;x;); 2)

nominal or ordinal predictors (f(x;;) = By Iff x;; = k); 3) smooth functions of continuous

9
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covariates (splines, kriging effects, tensor product splines, etc.); 4) Markov random field or its
conditional specification, e.g. the conditional autoregressive model; 5) random effect models
(cluster-specific intercept or slopes); and 6) interaction terms between different effects
(varying-coefficient models, effect modifiers).

For a fully Bayesian inference when selection of variables (and functions) is not considered,
a diffuse prior p(y) o const is typically used for sampling from y. The choice.of priors‘for the
unknown functions f3, ..., f,, however, depends on the type of the covariate and the prior beliefs
about smoothness. To avoid overfitting of a particular function f;, the smoothness priors can be
written into a general form as

rk(Kj) /2
p(B1) < (3)

oxb (=5 K ), @
in which K; is a penalty matrix and sz is<the_variance parameter. The goal of K is to shrink
smoothness parameters towards zero, or penalize unexpected jumps between adjacent f;’s. In
most cases such as in the Gaussian.random field, K; is rank deficient (i.e., rk(K;) < M;), leading
to a partially improper prior for.f;. The variance parameter sz controls the amount of
smoothness and is sampled by an uninformative (conjugate) inverse Gamma hyperpriors
77 ~ IG(ay, b;).nermally with small choices for a; and b;.

3.2. Hierarchical STAR models

When data.are hierarchically structured in some levels, STAR models can be extended in a
multilevel framework to account for possible correlations within units of a cluster (or a level) in
the hierarchy. Such specification is usually expressed by imposing another regression model with

structured additive predictors to the coefficient g; in (3) as
Bi=mj+&=XjBji++XppBjp, +Vj¥; +¢ ©)

10
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Here it is assumed that &; ~ N(0,771) is a vector of i.i.d. Gaussian random variables, but more
complicated forms such as Dirichlet process mixture can be applied. Modeling higher levels of
the hierarchy are also straightforward by again setting another STAR equation to the parameters
in (5): for example, B;; =n;; +€;,l=1,..,p;,&; ~ N(O, rjzll) for level-3 regression. In this
way, the whole model can be seen as a hierarchy of complicated STAR models with (possibly)
nonlinear and smooth terms. In some applications of hierarchical models, (observations are
clustered according to their spatial (or geographical) positions. For example, in-our VA medical
home study, x; may represent the district (or zip code) in which the patient lives. This way, x;
represents a group indicator taking values of ¢ € {1, CJ} Then a regular way to model such
cluster specific heterogeneity is to assume f;(c) = S~ N(O, rjz) with design matrix X; being a
0/1 incidence matrix of dimension n X C;. Note that this-approach is also taken when modeling
random intercepts in multilevel structure. In other applications, we may study how the effect of a
covariate is modified according to changes in the levels of a third variable. Such interactions can
happen among the covariates at one given level or across multiple levels. As an instance in our
case study, we are interested in how possessing a particular comorbid condition can moderate the

relationship between patient age and healthcare demand. Here, it is presumed that x; is a

OO

X ) f x].(l) is continuous and x].(z) is categorical, their

two-dimensional term as Xj = (

interaction is'modeled by fj(xj) = h(xj(l))xj(z), and the associated design matrix is given by

diag(xf),...,x,(f)))(j(l), in which X" is the usual design matrix for spline basis function

evaluated at the observation x].(l). If both covariates are continuous, a more flexible approach can

be based on two dimensional P-spline, in which the unknown interaction surface can be

approximated by the tensor product of the corresponding one-dimensional B-splines as

11
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sz

]j-(xj(l),xj(z)) = infz 1Zmz:l3j,m1m23j,m1(x,-(1))3j,m2(xj(z))-The related design matrix X; is
then n X (Mlj : sz) and it consists of products of basis functions. The appropriate priors for

!
B; = (ﬁj,ll; ...,ﬁj,Mlezj) are commonly found in spatial statistics.

Another common application in multilevel analysis is related to random slopes that appear
when combining regression equations of higher levels with the lower levels to form a compound
representation (Goldstein, 2011, Chap. 2). For example, in our case study-of the VA medical
home project, we would like to model the heterogeneity in the slope-of relationship between

healthcare demand and patient’s age among all PCMH teams. Then, a random slope with regard

to index variable xj(l), which indicates the teams here, can be incorporated as f;(x;) =

h(xj(l))xj(z) with h(xj(l)) = Bjc ~ N(0,77). Following this, the design matrix X; is given by

diag (xf), e x,(f))Xj(l) where Xj(l) is a 0/1 incidence matrix.
4. Proposed methods

4.1. Multi-response hierarchical STAR model

When we want to simultaneously study multiple response variables, a multivariate model should
be developed to capture additional correlations among different measurements. One key
advantage of such modeling lies in its ability to control the type | error rate better as compared to
carrying out.a.series of univariate tests. In the context of multilevel analysis, different responses
can be incorporated by placing them in a separate “response” level at the lowest level of the
hierarchy. A series of d dummy variables, one for each response, is then defined and entered into
regression equations of higher levels. For simplicity, we first focus on the three-level structure,

response™ within patient; within (medical home) team;, with regular predictors, and then

12
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show how this can be extended to the STAR context. A model with more than three levels is just

a straightforward extension of what we propose here.

Suppose there are H response variables in the lowest level. We define d®) = 1if response

hij

h'-th is modeled and zero otherwise (Goldstein, 2011, Chap. 6). Let x,;; and z, ; denote p-th

and g-th covariate in the patient level and team level, respectively. Let u,

(h ) and u(h ) represent

h'-th random intercept and h'-th random slope of the p-th predictor in the patient level,

one-to-one. Then we model the outcome as

Ynij =

h') o(h' h'
Swedis B + S disy) Sp

n' n'
INY, d;(u'j) Z§=1 Zgzl z(),q) XpijZqj T 2n'

Up,j
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Up ;

e
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~ N(O' 'Qu)' -Qu
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The first term in (6) shows the grand mean for each of the response variables followed by
patient level predictors and team level predictors, then cross-level interactions (effect modifiers)
are included followed by random slopes and then random intercept terms, and finally patient
level residuals are included. Note that there is no level-1 residual specified since level-1 exists
only to define the multivariate structure. The random effects are defined in (7) with-a general
unstructured covariance ,, that contains the pairwise covariances between each set.of these
random effects for the intercept and slopes within each of the responses and between the
response variables. The patient level residuals are defined in (8) with eovariance structure Q,
that would include all variances and covariances between patient level residuals. Taking a matrix

form, we can rewrite (6) as
n' ’ n' T hY (R

hij hij Yj hij €ij

where we have

T T n' n' n' n' T
Z] = [1'Zl,j""'ZQ,j] ’Xij = [1,x1‘l‘j,...,Xp,L'j] ’U]( ) = u( )u( ) u( )] (10)

— Mo FLj o TR
[ (R —=(h) —(h")]
o B B,

sy L )

fB(h’) _|~ 1,1 Pl - (11)
;. (h")
_EQ ﬁ1,Q ﬁp,Q |

=(n') —(h") . . . . .
Note that 5, ..., B, in the first row of (11) show regression coefficients for patient level

predictors while ﬁl(h’), ...,ﬁg") placed in the first column of (11) indicate coefficients for team

level variables.
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To extend this within the STAR framework where the covariates are represented by a linear

combination of B-splines basis functions, we simplify (6) for a particular outcome h’ as
h h' () h' ' h n'
y,fl,) ﬁé )+Z ('3 +uz(;,j))xp,ij+z 1:8( )Zq,j +Xp 1Zq 1 zgq)xpuij +u( )+

sf]" ) forh' =1,..,H. (12)

We assume that, for response h’, patient level covariate x,,, p = 1, ..., P is represented by a set of

— — . ] _ —
Mp( - k,, + 7 polynomial spline of degree r over k, + 1 knots g(h) < Cl(h) - <
kj(hl) .. R R (hl)
& . Similarly, team level predictor z,,q =1,...,Q is represented by M,*""’ =k, +1
ot gy _ ke ()
polynomial splines of degree r over a domain defined by, <{q "<, . Hence,

a hierarchical STAR model with a multivariate response has the form

I

(h ) !
(') _ H@") () ) & N (h") p(h")
Ynij° =B "t X 1Zm1 1 ('Bmlp + uml,p,1> mip\Xp, u) + Z m2 1 Bmzq Bm,q (Zq,j) +

mlmzpq mip

h' R’ ) R’ hy L,
5=1Z 1Zm1—1 Zmz 1 ( A )(xpu)B( q(ZqJ)+u( )+5( L n=1,..H (13)

_ (1) _ - 2(1) (1)(1'1)
U ; Tug S
~.N(0,Q,), Q, = 5 : (14)
(H) (1H) 2(H)
u Ty
| MP(H),P,j_ | o(ﬁ (H) ) uﬁp(H),P
(D7 _
Gy 0.52(1) Us(l)(H)]
~N(0,Q,), Q, = : : | (15)
£ _0.8(1)(1'1) O'EZ(H) |

-l]-

15



Downloaded by [Kai Yang] at 11:10 01 January 2015

In (13), B(-) and B(-) represent basis functions and B-spline coefficients, respectively. Random
effect splines are defined in (14). For a particular outcome, the patient level random effects
present each patient’s deviance from the average intercept u, ; and from the average slope of
each the splines (ul‘j, ...,uml,p,j). The patient level covariance matrix includes the pairwise
covariances between each set of spline random effects for the intercept and slopes within each of
the response variables as well as between the response variables. The patient level residuals are
defined in (15) with covariance structure Q.. Although covariances described in (14) and (15)
are in general unstructured format, special forms such as Toeplitz or Kronecker type structure
can be taken based on different applications.

Following section 3.2, the interaction effect between patient level and team level covariates

is modeled with varying coefficient h(xp,i j)zq, ; if.z is categorical, or through nonparametric two
dimensional surface fitting of f(xp,zq) by the tensor product of two univariate B-splines as in

(13), if z is continuous. If variable selection is not looked at, the most commonly used priors for

the latter case are established with the next four nearest neighbors on a regular lattice as

2(h")

(" - 14 (h") (r" (r" (r" Tpq
m1mZPQ| N (4 (:B(ml—l)mzpq + :B(m1+1)m2pq + :Bml(mz—l)pq + :Bml(m2+1)pq) ’o4 >’ (16)

— (n' ’ . . . .
form, =2,..,.M ) _ 1,m, = 2,..M, ™) — 1. This can be seen as a direct generalization of a

14
first-order-random walk in one dimension. Other types of priors such as Kronecker product of
penalty matrices of the main effects K,,, ; = K, ;®K, ; can also be applied (see Lang & Brezger,

2004).

4.2. Relationship with a structural equation model

16
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Here we show how the multilevel spline model with a multivariate response can equivalently be
represented and estimated in the structural equation modeling framework. For simplicity we
choose a model with only level-2 predictors, but this can be extended to more general cases with
higher level predictors and possible interactions such as the one we developed in Section 4.1. In
addition, we pick the linear spline model as a special case to help better understand the-approach,
but this can easily be generalized to other types of splines like the one we exploit in this paper.
Generally structural equation models (SEM) involve two specific parts. with distinct

objectives: a measurement equation and a structural equation (Kline,/2011). In the measurement

equation, each of the responses yj(h) loads on the latent variables ngh'),m =0,1,..,M®). The

intercept term for response A’ is fo(h') and the loadings for any of the measurements y].(h') on this

latent variable are 1. The other M) factors serve ‘as the slopes for each piece on domain x,

defined by the linear splines

§ . (h")
0 lf Spj S S(m—l)rp
, 'y . (R , (h")
ST(rZP)f =< Spj T San-1)p IS tm-1)p < Spj < Smp 17
) ) - (')
D > S 1fsp j > Smp
\

Applying the same M®) 41 pieces, m = 0,1, ..,M®@) as above, the measurement equation

can be.written-as

h’

yj( )=
(h") (r'y _ (" (r") D (h")

foo + Zm:s,(,,z;)s%j (Sm’p S(m_l)'p) fm " F Zm:s((z:ll)‘p<spj<sr(,’;;3 (Sp] S(m—l),p) fm

X wh Of,,(lh )4 g ), forh' =1,..,H;forp=1,..,P. (18)
MiS(m_ 1) pZSpj J
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Any rescaling of (18) proportional to the loadings can be employed as well. To see how this is

equivalent to the multilevel spline model, an additional subscript showing patients, i, is included

and (ﬁ(h )+ ufffz}]) is substituted for each of the f(h ). This gives

() _
yl]

(h" (h" (h" _ () (h" (h)
(180 + um,pj) + Zm-s(hl)SS (Smp S(m 1), p) (ﬁ + U p]) + Z (h ) <sp]<s(h ) (SP]

>m,p =°pj (m 1),p

('B(h)+u(h))+g.(hl)

(n" ) (R
Stm- 1)p) (ﬂ Uy m) +2 mes) mpj ij

(mo1)p=Spi

_ (r" (h") ®" _(h") (" (h) (h" 1 _ . _
—(ﬁ +umm)+ZM mm(ﬁ +ump])+eij ,forh'. =1,...,H;forp =

1,..,P, (19)
which can be derived from (13) with spline B(-).defined in (17) and excluding terms that contain

level-3 covariates z,’s

The structural equation part of the SEM characterizes the mutual relationships between the

factors. It can be shown that the coefficient for the univariate relationship between any two

(h1) (hz)

factors, f,,(f;l) regressed on f,,(l’zl Is'identical to that between two random effects u,, ', and u,,

by substituting (ﬁ(h )+ u(h )) for each of the f(h )

(hq) £(h2) (h1) 4o, (h1) plh) o (h2) (h1)  (h2) (h1)(h2)
(h)(hy) _ cov(f fm ) COV( mlp m1pﬁmzp mz:P) _ cov(uml’p,umzlp) _ Tm11m230 (20)

h - h h - h - 2(h )
™ () B (A R O N R

in ‘which_the numerator and denominator can be found from (14). Similarly, other regression
coefficients derived from the relationship between factors can be demonstrated to be equal to
those between random effects.

A number of works have investigated the equivalence of linear multilevel models and SEMs

in the literature (Rabe-Hesketh et al., 2004; Steele, 2008). Yet, it should be pointed out that
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nonlinear multilevel models and generalized linear multilevel models do not always have
identical parameterization within the SEM framework. Our goal here is to provide a basis for
replacing a multivariate linear multilevel spline model with a standard SEM so that specific
strengths of SEM analysis can be captured and they might help improve upon our multilevel
analysis. Examples of such strengths may include the ability to explicitly model measurement
errors through multiple indicator latent factor, and testing within-level and across-level
mediation which are not straightforward in multilevel analysis. Also our attempts here can
further be utilized in a way to parameterize and estimate generalized STAR models within a

standard SEM framework.
4.3. Bayesian function selection

In real world data sets with complex hierarchical structures, choosing a suitable subset among
many potential predictors and at the same time determining their appropriate shapes (smooth vs.
linear) and interaction effects is a challenging and important task. For example, in our case of the
VA medical home study, we wantto select a small group from a set of 30 comorbidity indicator
variables and to determine whether-the effect of patient age and patient care assessment need
score on the response variables are nonlinear or linear, whether an interaction between age and
some of the comorbidities exists, and whether a district-specific heterogeneity arising from the
location of medical facilities is necessary. To this end, we apply spike-and-slab prior structure
for selecting-single effect variables as well as grouped coefficients combined with smoothing
parameters that represent particular model terms. The main idea of such an approach is to assume

a mixture prior for each g; = (B4, ...,ﬁij)’ with one part being a narrow spike around the

origin that imposes very strong shrinkage on the coefficients and the other part being a wide slab

that forces very little shrinkage on the coefficients (Ishwaran & Rao, 2005). The posterior

19



Downloaded by [Kai Yang] at 11:10 01 January 2015

mixture weights for the spike (or slab) component of a specific coefficient or coefficient batch
can be interpreted as the posterior probability of its exclusion from (or inclusion in) the model.
According to Section 4.1, we note that any multi-response hierarchical STAR model of form
(13) can be written in a unifying formy = n + £ where n = ny + X; 8, + -+ + X, B, with
showing offset terms (e.g., grand means of multivariate responses) and effects that are-not under
selection procedure. Then the conventional spike-and-slab prior structure .is given-by the

following hierarchical Bayesian model
prior
,Bj|6j,p]Z ~ N(o, vjz) with vjz = pf(Sj,

prior
§ilo ~ wh(6;) + (1 —w)I,,(5;), (21)

prior

pi ~ T (apby),

prior

and w .~ Beta(a,, b,,).
This structure is called Normal-mixture of inverse Gammas (NMIG) prior that places a bimodal
prior on the hyper-variance vj2 of the coefficients that leads to a spike-and-slab type prior on the
STAR coefficient themselves. I, (+) is an indicator function that takes 1 in z and zero otherwise
and v, is a very small-positive constant. This way, & will be 1 with probability w and close to
zero with probability (1 — w). Hence, the implied prior for (hyper-)variance uj2 is a bimodal
mixture of inverse Gamma distributions, with one part focused on very small values—the spike
with'§; = vo—and a second diffuse part with more mass on larger values—the slab with §; = 1.
The mixture weights w , in addition, follow a Beta prior that captures any prior knowledge about

the sparsity of coefficient 5; (Scheipl et al., 2012).
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It is found that prior structure (21) does not work well for coefficient batches in the STAR
models that are associated with spline basis functions or random effects. Briefly, the problem is
that a small hyper-variance for a batch of coefficients entails small coefficient values and vice
versa. This problematic dependence between a vector of coefficients and their associated
hyper-variances makes the MCMC sampler unlikely to switch between basins of-attraction
around the two spike and slab modes. To reduce the dependence, a multiplicative parameter
expansion for f; is recommended that improves the mixing properties<of §; and boosts the
shrinkage characteristics of the resulting prior compared to (21). The.idea is to expand f; as

prior

B = a;E; where scalar a; ~ NMIG(vO, w, ap,bp) is given as,(21), and it is independent of Z;.
Elements of the M;-dimensional vector E; are then assigned as

Ejm|rjm ~ N(rj-m, 1), Tim ~ %Il(rjm) +§1_1(rjm), j=L.,pom=1,.,M; (22)
which corresponds to a mixture of two.i.i.d Gaussian density with mean +1 and equal mixture
weights. The current approach resolves the mixing problems of §; since the Markov blankets of
both &; and p; now include only &; with dimension one instead of the vector ;.

The MCMC posterior inference and component selection is performed by a block-wise
Metropolis-within-Gibbs'sampler which reduces to a standard Gibbs scheme when responses are
Gaussian (see Appendix A). The full conditional densities (FDC) for parameters w, pf, 8;, and
conditional means r = (r{, l: 1, ..., £) of normal variables EZ|r; ~ N(r;,1),; = 1 are given in
closed form regardless of the choice of exponential family for the responses (Appendix A). The

full conditionals of a and Z are based on the conditional design matrices

X, = Xblockdiag(&,, ..., £,) and Xz = Xblockdiag(1,, ..., 1., )@, Where 1, is a e x 1 vector
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of ones and X = (Xl, ...Xp) is the concatenation of the designs for the model terms as in (2).
Under the Gaussian assumption of the responses, these are given as follows

al -~ N(u,, X,) where

-1
Zq = (5 XLX, + diag(6pD) "),y = SZ XLy (23)

and
E| - ~ N(uz, Xz) where
_(Lyr -t (Lyr
ZE—(¢X5X5+I) ,u]—Z&(¢XEy+r). (24)
If the response variables are not Gaussian, the penalized iteratively. reweighted least squares
(P-IWLS) is used within a Metropolis-Hastings iteration to sample from a and Z (Scheipl et al.,

2012). The posterior inclusion probability P(6j N 1|y) can then be employed to decide upon

insignificant, intermediate, and important model-terms.

5. Application to VA patient centered medical home data

5.1. Description of data set

The data we use in this study:is gathered from a large number of VA medical facilities across the
nation that undertook a patient centered medical home (PCMH) project as a way to reform their
health care delivery system. The goal of our study here is to predict patient’s annual care
demands on primary care and non-primary care with the help of patient level and provider level
attributes. Since patient data files are recorded separately, we first combine data tables belonging
to patient health conditions (such as comorbidities) and patient care utilization (such as health
care workload) with those tables associated with patient demographic and socioeconomic
information in order to form a patient level data. This patient level is further aggregated to the

provider level and station level data to create a three level hierarchical structure. At each level of
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the hierarchy we have a set of risk factors that are selected based on relevant medical literature
and confirmed by a group of VA health professionals.

We collected a random sample of 10,000 outpatients from 260 VA medical facilities through
the nation during fiscal years 2011-12. All patient visits to primary care and women’s health are
assembled for a total capture period of one year. Visits from other primary care related clinics,
such as internal medicine or geriatric primary care, are excluded from the analysis because health
services requested by such visits are generally not rendered through medical homes; instead they
are fulfilled by a specific physician, a licensed practical nurse, or a registered nurse.

Study variables

We identify and calculate two response variables for health care workloads generated by each
unique patient during the fiscal years 2011-12. Particularly, we use Relative Value Unit (RVU)
to measure the primary care and non-primary. care workloads generated by a specific patient
(Dummit, 2009). The RVU schema has been widely used for reimbursement and each value is
assigned to a particular service (as defined by a coding system called Current Procedural
Terminology or CPT) rendered by a provider. The values are adjusted by geographic regions so
that, for example, a 99213 CPT code (refers to office/other outpatient services) performed in
Manhattan is worth more than when performed in Dallas. Simply put, the primary care RVU
represents the ‘resources needed to provide all primary care services of a patient during a year,
and-non-primary care RVU refers to all of the non-primary care workload during the year, which
could be from one or many visits to outpatient care units. One advantage of using RVUs in our
approach as opposed to simple face-to-face visit counts lies in its ability to further accommodate

workloads that are generated by telephone encounters.
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The predictor variables are organized in three levels: level-1 is the patient level, on which
patient’s demographic and socioeconomic attributes are included; level-2 is the PCMH team
level, on which covariates such as assigned provider’s experience and frequency of times that the
patient has changed his/her assigned provider are collected; and level-3 is the VA facility level,
on which only one continuous covariate, zip-code based distance between patient’s-home and
his/her assigned facility, is collected. The detailed descriptions of the variables and data types
along with their summary statistics are shown in Table 1. In the table, enrollment priority is
assigned based on the veteran’s severity of service-connected disabilities and the VA income
means test: groups 1, 2, 3 are generally veterans with service«connected disabilities of > 50%,
between 30% and 50%, and between 20% and 30%, respectively; 4, catastrophically disabled
veterans; 5, low income or Medicaid; 6, Agent Orange or-Gulf War veterans; 7, non-service
connected with income being below HUD:-(The US Department of Housing and Urban
Development); and 8, non-service connected with income being above HUD. Care assessment
need score is a general illness severity measure ranging from 0 (lowest risk) to 99 (highest risk)
that reflects the likelihood of hospitalization or death. Accxx indicators are aggregated condition
categories determined based on the various ICD-9-CM (International Classification of Disease,
ninth version, Clinical Modification) codes that are assigned to a patient at each visit during the
fiscal years 2011-12. Note that acc codes are not mutually exclusive as most patients have more
than-one acc assigned during a year. Acc 28 is related to neonatal diseases and is absent in the
studied population.

Descriptive statistics
Descriptive statistics are summarized in Table 1. In brief, vast majority of the outpatients are

male and elderly living near their assigned VA medical facility. The most commonly occurring
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condition is screening (about 92%) followed by nutritional diseases (about 70%) and heart
diseases (about 66%). In order to find the distribution of the response variables, we build
Quantile-Quantile plots of primary care and non-primary care RVUs against parametric densities
with positive support such as Gaussian, lognormal, chi-squared, Gamma, and Weibull. In
addition to QQ plots, we checked the approximate fit by the maximum likelihood method. Based
on both criteria, the lognormal distribution is found the most proper choice for. both responses.
The QQ plots for primary care and non-primary care RVUs along with bootstrapped point-wise
confidence envelopes at a 0.95 accuracy rate are displayed in Figure 1 and-Figure 2, respectively.
Preprocessing
To preempt numerical problems in model fitting, the data is preprocessed as follows:
a) Missing values in CAN score, provider’s experience, patient marital status, and facility
distance are imputed with the hot-deck method (Andridge & Little, 2010).
b) Error values in age (e.g. greater than 130) and distance (e.g. greater than 1500 miles) are
identified and removed.
c) The scale of distance and length of stay are changed to natural logarithm since their
distributions are strongly positively skewed (skewness greater than two), which can lead to
volatile estimation results on a standard scale.

Following these steps, the number of records was reduced to 9,935.
5.2:-Modeling

We use natural logarithm transformation for both response variables (primary care relative value
unit or ‘pcrvu’ and non-primary care relative value unit or ‘npcrvu’) in order to convert them into

Gaussian. We distinguish four levels of hierarchy: responses (level-1) are nested in patient;
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(level-2), patients are nested in PCMH team; (level-3), and PCMH teams are nested in VA

medical facility, (level-4). The following four level hierarchical STAR model is suggested:

Level — 1: yl.(j’,lc’) = dl(]llz In(pcrvu) + dszlz In(npcrvu)

Level — 2:In(pcrvu) = 11181) + fgl)(age) + fgl)(los) + fgl) (can) + fgl) (age)accl + -+
S (age)ace3o + £ (can, los) + -+ VYD 4 ¢
= 178" + XM 4. DY@ 4 g
Level — 2: In(npervu) = 198 + XPBP 1 ... 1y @y@ 4 @

Level — 3: 17(()1)

= 11188 + fgll) (prov.exp) + f((fz) (prov. fte) + ff)g (prov.chng)

+ fg‘li (prov.pos) + f(()ls) (prov.exp)prov.pos + -+ + Vgl)ygl) + egl)

1 1 1 1 1
= 1)+ XD+t VA )
Level — 3: 75" = 193 + X7 B+ + Py + e
Level — 3: Bgl) = fgll) (prov.exp) + Vgl)ygl) + sgl) = Xg11) Bgll) + Vgl)ygl) + egl)

Level — 3: ﬁgz) = fgzl) (prov.exp) + ng)y;z) + sgz) = ngl) ﬁgzl) + ng)ygz) + egz)

Level — 4:1750=VG¥50 + €00

Level — 495y =VAyH + ) (25)

The top-level equation contains the two responses. The level-2 equations are STAR models
for logged primary and non-primary care workloads that are regressed on possibly nonlinear
effects of patient age, care assessment need score, and length of stay using P-splines. We also
include interaction effects between age, CAN score, priority, and all disease types, and between

CAN score and length of stay with a two dimensional surface. The categorical covariates on the
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patient level along with their possible interactions are encoded as dummy variables and
subsumed in VO with parameters y). Note that here we use the same set of effects for both
response regressions, but this may change in other applications with a bivariate response. The
first and the second level-3 equations model patient-specific offset by the team level covariates

such as provider experience and its interaction with provider position plus random intercepts eg).

In addition, the linear or index terms on this level such as provider position are included. in Vg).
The third and the fourth level-3 equations model slope-specific heterogeneity of age plus
additional linear terms Vg'), and random slopes sg). Finally team-specific intercepts are modeled

through level-4 equations containing the logarithm of average facility distance V, and facility

random intercepts sg)o

5.3. Analyses
We perform sensitivity analysis for .component selection with regards to different
hyperparameter settings, i.e. %, =0.00025,0.005,0.01 and (a,,b,) = (5,25), (5,50), (10, 35).

We also evaluate the prediction performance of models with and without higher level hierarchies

based on deviance values obtained for a test subset containing 1,000 observations.

5.4. Results

The maximal model contains approximately 121 model terms with 640 coefficients in total. The
hyperparameters are set to (a,, b,) = (1,1), (ap,bp) = (5,25), and v, = 0.00025. Since we
convert our responses to Gaussian, a very flat hyperprior ¢ ~ I'"1(107%,107%) is chosen for the

error variance. The estimates are constructed on MCMC samples from ten parallel chains with a

burn-in run of 1,000 iterations each, followed by a sampling phase of 15,000 iterations, with
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every tenth iteration used. For modeling smooth terms we use cubic P-spline basis functions with
20 equidistant inner knots over the range of the covariates plus second-order difference penalties
penalizing deviations from linearity. For linear/polynomial terms we use orthogonal basis
functions of the associated degree without an intercept. For modeling index effects we employ
dummy variables with sum-to-zero contrasts. The correlation structures of the randem effects
(‘team-ind’ and ‘fac-ind’) are set to identity here, but more complex classes. such as
autoregressive or spatial correlations can also be applied.

The model terms with posterior inclusion probability P(6j = 1|y) greater than 0.10 are listed
in Table 2 for the primary care relative value unit and in Table'3 for the non-primary care value
unit. Compared with the non-primary care RVU, the model for the primary care RVU is rather
sparse with only 10 terms with inclusion probability farger than 0.10. In both models, including
the team and facility random intercepts accounting for hierarchical heterogeneity turns out to be
imperative. Four other terms are also common in the two models, that is, linear part of CAN
score, marital status, whether the. patient has been diagnosed with a musculoskeletal or
connective tissue condition, and whether the patient has had a screening or history of disease. In
terms of disease variables, the non-primary care additive predictor is almost entirely dominated
by cancer, eye, mental, skin, ear/nose/throat, and injury/poisoning, while nutrition/metabolic and
heart diseases are more prominent in the primary care additive predictor. The posterior mean of
the nonparametric additive predictor n associated with a number of selected effects along with 90%
credible intervals are illustrated in Figures 3-5 for the primary care RVU, and in Figures 6-9 for
the non-primary care RVU. As shown in Figure 3, the care assessment need score effect on the
primary care RVU is increasing from about -0.2 to +0.2 with a zero effect around 50. However,

on the non-primary care RVU, the CAN score has a greater effect changing from -1 to +1 (Figure
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6). The effects of comorbidities are shown in Figures 4 and 8. As expected, having a comorbid
condition is always associated with greater clinical workload in both primary and non-primary
care settings. The interaction effect of CAN score and priority on the non-primary care RVU
(Figure 9) shows that patients in priority groups such as 5 and 6 are likely to generate more
workloads as their CAN scores increase. Yet, patients in other groups like 8 and-2 have a
decreasing trend with regards to increasing in CAN score. The interaction effect of age and
provider position on the non-primary care workload is oscillating with a direction change around
the age of 58. The effect of length of stay on the non-primary care workload s much higher than
all other covariates. Its interaction with priority group is also illustrated in Figure 10 showing a
large positive effect in group 7 and a large negative one in‘group 6.

In the test set containing 1,000 independent patients; the selected covariate set is the same as
in Table 2 for the primary care RVU, except that there is no interaction effect identified; for the
non-primary care workload prediction, the model includes exactly the same terms as shown in
Table 3. This finding assures the stability of our approach and reinforces its internal validity (or
reproducibility) with related samples underlying a same population.

We then perform predictive performance evaluation with different hyperparameter settings.
To this end, the mean posterior deviance %Z{ —ZZ(yIn(t),qb(t)), the average of twice the
negative log-likelihood of the observations over the saved MCMC iterations, is calculated and
saved. Results confirm that the prediction accuracy is very robust across all the parameter
combinations for both primary care and non-primary care workloads. However, variable
selection is sensitive to varying hyperparameters, especially to the choice of v,. Generally, we

observe that very small values of v, allow small effects to be included in the model, while larger
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values of v, perform more conservatively. The model sparsity is found to be more sensitive with
regard to v, than toward (a,, b,).

Examining hierarchical versus nonhierarchical modeling, we notice that the mean posterior
deviance is much smaller when we include random intercepts from level-3 and level-4
hierarchies. Specifically for the primary care RVU in the test set the reductions in deviance.are
186 and 53 units with regards to the team and facility intercepts, respectively with the null
deviance equal to 1932. For the non-primary care workload these cuts are found.to be 197 and 64
units. Ignoring the hierarchical structure of data, which introduces nested correlations among
observations, can result in a biased prediction of both outcomes. Finally, in terms of prediction
quality, the reduced models consisting of the selected covariates produce about 68% and 73%
predictive R-squared (see Appendix B) for the primary:care workload and the non-primary care

workload, respectively, showing a practically good fit.

6. Conclusion

In this paper, we propose a Bayesian function selection approach based on spike and slab priors
for the hierarchical structured additive models with a multivariate response. The prior setting
adopted in our work:is a.-Bayesian hierarchical structure with a bimodal density on the
hyper-variance of the coefficient blocks with one part being a narrow spike around the origin and
the other jpart being a wide slab. We demonstrate how one can parameterize a special class of
multi-response hierarchical structured additive model, that is, a multivariate linear multilevel
spline. model, within a standard structural equation modeling framework, and thus bridge the
connection between multivariate multilevel STAR models and generalized latent variable models.

We then apply our methods to patient centered medical home data obtained from a large

number of VA medical facilities during fiscal years 2011-12. Our work is the first attempt to
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develop a portfolio based demand prediction model for patient centered medical home within the
OR/MS or IE community. We aggregate three levels of hierarchical data including information
from outpatients, the medical team responsible to render the care to the patients, and the VA
facilities. We find that the sets of chosen predictors introduced by the model are different for the
primary care and the non-primary workloads. Our findings also confirm that taking hierarchical
heterogeneity into account is associated with better prediction accuracy, especially when-the data
has more than two levels.

Some methodological directions based on our approach can be investigated in future research.
One challenging extension would be to develop Bayesian model choice and component selection
for multi-response hierarchical auto-logistic or auto-Poisson regressions particularly used in
ecology or hierarchical seemingly unrelated regressions‘in economics. Another direction can be
Bayesian function selection in semiparametric_quantile regressions with non-normal random

effects modeled by Dirichlet process mixture.
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Appendices

Appendix A

The MCMC algorithm in Section 4.3 is described as follows.

Initiate p2(©, §©, @, (@, and B (via IWLS if the response is non-Gaussian)
Calculate (@, 2@, x©
for iterationst =1, ...,T do

for blocks 4 =1, ..., 4, do
update aﬁ) by its FCD (formula (23) if Gaussian or IWLS if non-Gaussian)

set X(Et) = Xblockdiag(1,y, ..., 1, )a®
1
update ), ..., 7 via their FCD: P( ®© - 1| ) = (1 + exp( 2"“))) JA=1..,L

for blocks 4 =1, ..., 6z do

update E, £ by its FCD (formula (24) if Gaussian or IWLS if non-Gaussian)

for model terms j = 1w, p do

M.
5 O, = M o DT
rescale €; jand a; ~ by &; — 1.”"|JE,-1-| E and a; — lM] i
set X = Xblockdiag(2(”, .., 2
y glE1 - Ep
date p?®, ..., p2® from their FCD: p>® b, “
Up atep ) ,pp romt eII‘ '0] | + + == 28(t)
5O 2(t)
® (® - . P(s)7=1]) (1 vo) %
update (S . ,(Sp from their FCD: m 2 ex p ~""0) 2(t)

update w® from its FCD: w®| - ~ Beta(a,, + X¥ 1,(5,“) , by, + X 1, (6;“))
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if y is Gaussian then

(t) - . (t) -1 n Z?(yl_nl(t))z
update ¢ from its FCD: p| - ~T 7" ay + 7, by + ————

Appendix B
The predictive R-squared can be defined similar to model based R-squared in order to assess the

linear correlation between outcome y, and its prediction y,,. It is bounded tothe interval [0,1]. If

we denote the arithmetic means of the observed and predicted outcomes as y, and y,,

respectively, the predictive R-squared is given as Rj = 2 (. 79p) Vo.i7%0) . Note that,

5 520050

unlike the model based R-squared, the Rj cannot be interpreted as percentage of variance
explained because the decomposition of variance holding for estimated values ¥ does not apply

for predicted values y,,.
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Table 1: Description of the predictors and response variables included in the study (n = 10,000)

Variable Description Summary statistics
Patient level
predictors
gen Gender Male (93.55%), Female (6.45%)
age Age (years) Mean: 61.74, StdDev: 15.19, Min: 20, Max: 98
mar Marital status Married (55.41%), Not married (15.43%),
Previously married (28.62%), Unknown(0.54%)
ins Insurance status Insured (58.46%), Not insured (41.54%)
emp Employment status Active military service (0.15%), Employed full time
(21.03%), Employed part time (5.07%), Not
employed (37.18%), Retired (33.19%), Self-
employed (2.41%), Unknown (0.97%)
prio Enrollment priority Group 1 (24.86%), Group 2 (8.23%), Group 3
(12.35%), Group'4 (2.78%), Group 5 (27.58%),
Group 6 (4.44%), Group 7 (2.62%), Group 8
(17.14%)
los Length of stay (days) Mean: 0.88, StdDev: 6.18, Min: 0, Max: 210
can Care assessment need score Mean: 55, StdDev: 28.01, Min: 0, Max: 99
team-ind Index of PCMH team 1301 categories; 800000054 (0.06%), 1000003172
(0.05%), ...
accl-ind Has been diagnosed with Yes (12.45%), No (87.55%)
infectious or parasitic
condition?
acc2-ind Has been diagnosed with Yes (10.28%), No (89.72%)
malignant neoplasm?
acc3-ind Has been‘diagnosed with Yes (10.79%), No (89.21%)
benign/in situ/uncertain
neoplasm?
acc4-ind Has been diagnosed with Yes (28.7%), No (71.3%)
diabetes?
acch-ind Has been diagnosed with Yes (70.01%), No (29.99%)
nutritional or metabolic
disease?
acc6-ind Has been diagnosed with liver  Yes (5.07%), No (94.93%)

disease?
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Table 1—continued

Variable Description Summary statistics

acc7-ind Has been diagnosed with Yes (33.84%), No (66.16%)
gastrointestinal condition?

acc8-ind Has been diagnosed with Yes (59.93%), No (40.07%)
musculoskeletal or connective
tissue condition?

acc9-ind Has been diagnosed with Yes (10.22%), No (89.78%)
hematological condition?

acc10-ind Has been diagnosed with Yes (5.25%), No (94.75%)
cognitive disorders?

accll-ind Has been diagnosed with Yes (23.25%), No (76.75%)
substance abuse?

accl2-ind Has been diagnosed with Yes (37.38%), No (62.62%)
mental condition?

accl3-ind Has been diagnosed with Yes (0.89%), No (99.11%)
developmental disability?

accl4-ind Has been diagnosed with Yes (16.73%), No (83.27%)
neurological condition?

accl5-ind Has been diagnosed with Yes (1.4%), No (98.6%)
cardio-respiratory arrest?

accl6-ind Has been diagnosed with heart  Yes (66.36%), No (33.64%)
disease?

accl7-ind Has been diagnosed with Yes (6.25%), No (93.75%)
cerebrovascular condition?

accl8-ind Has been diagnosed with Yes (11.69%), No (88.31%)
vascular condition?

accl9-ind Has been diagnosed with lung  Yes (18.12%), No (81.88%)
disease?

acc20=ind Has been diagnosed with eyes  Yes (38.66%), No (61.34%)
condition?

acc21-ind Has been diagnosed with ears,  Yes (37.82%), No (62.18%)
nose, and throat condition?

acc22-ind Has been diagnosed with Yes (15.89%), No (84.11%)
urinary system disease?

acc23-ind Has been diagnosed with Yes (21.9%), No (78.1%)

genital system disease?
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Table 1—continued

Variable Description Summary statistics
acc24-ind Has been diagnosed with Yes (0.19%), No (99.81%)
pregnancy-related condition?
acc25-ind Has been diagnosed with skin Yes (23.69%), No (76.31%)
or subcutaneous condition?
acc26-ind Has been diagnosed with Yes (15.09%), No (84.91%)
injury, poisoning, or
complications?
acc27-ind Has been diagnosed with Yes (59.95%), No (40.05%)
symptoms, signs, or ill-defined
conditions?
acc29-ind Has been diagnosed with Yes (1.44%), No (98.56%)
transplants, openings, or
amputations condition?
acc30-ind Has been diagnosed with Yes (92.08%), No (7.92%)
screening/history?
Team level
predictors
fac-ind Index of PCMH facility 260 categories; Dallas VA Medical Center (0.84%),
San Diego Community-based Outpatient Clinic
(0.64%), ...
prov.pos Assigned provider position Primary care physician (68.74%), Nurse
practitioner (15.90%), Attending physician (8.87%),
Assistant physician (6.49%)
prov.exp Assigned provider experience Mean: 8.55, StdDev: 7.79, Min: 0, Max: 41
(years)
prov.chng # times'the patient has changed  Mean: 0.75, StdDev: 0.90, Min: 0, Max: 9
his/her assigned provider
prov.fte Provider full time equivalent Mean: 0.85, StdDev: 0.24, Min: 0, Max: 1
Facility
level
predictors
fac.dist Distance between patient’s Mean: 79.910, StdDev: 744.3, Min: 0.018, Max:

home and his/her assigned
facility (miles)

12430
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Table 1—continued

Variable Description Summary statistics

Patient level

response

variables

pcrvu Primary care relative value unit  Mean: 3.96, StdDev: 2.82, Min: 0.17, Max: 36.74

npcrvu Non-primary care relative value Mean: 14.93, StdDev: 22.83, Min: 0.06, Max: 371.6
unit
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Table 2: Posterior means of marginal inclusion probabilities for primary care relative value unit

Term P(8; = 1]y)
Team, random intercept 1.000
Facility, random intercept 0.762
Care assessment need score, linear 0.614
Has been diagnosed with screening/history, factor 0.583
Has been diagnosed with symptoms, signs, or ill-defined conditions, factor 0.335
Has been diagnosed with nutritional or metabolic disease, factor 0.309
Has been diagnosed with musculoskeletal or connective tissue condition, factor ~ 0.282
Has been diagnosed with heart disease, factor 0.247
Marital status 0.105
Linear (age) : smooth (prov.exp) 0.100
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unit
Term o p(g=1]y)
Team, random intercept 1.000
Care assessment need score, linear 1.000
Age, linear 1.000
Age, smooth 1.000
Has been diagnosed with benign/in situ/uncertain neoplasm, factor 1.000
Has been diagnosed with eyes condition, factor 1.000
Has been diagnosed with mental condition, factor 0.999
Has been diagnosed with skin or subcutaneous condition, factor 0.998
Facility, random intercept 0.998
Care assessment need score, smooth 0.997
Has been diagnosed with symptoms, signs, or ill-defined conditions, factor 0.993
Has been diagnosed with screening/history, factor 0.978
Has been diagnosed with malignant neoplasm, factor 0.976
Enrollment priority, factor 0.953
Has been diagnosed with ears, nose,and throat condition, factor 0.946
Has been diagnosed with injury, poisoning, or complications, factor 0.851

Has been diagnosed with musculoskeletal or connective tissue condition, factor ~ 0.805
Linear (care assessment need score) : factor (enrollment priority) 0.537
Marital status 0.394
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Figure 1: QQplot of primary care relative value unit with 95% confidence bands
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Figure 2: QQplot of non primary care relative value unit with 95% confidence bands
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Figure 4: Effects.of different comorbid conditions on the primary care predictor with 90%
credible intervals
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Figure 5: Effects of different facility on the primary care predictor with 90% credible intervals
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Figure 6: Linear (top) and nonlinear (bottom) effects of care assessment need score on the non

primary care predictor with 90% credible intervals
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Figure 7: Linear (top) and nonlinear (bottom) effects of age on the non primary care predictor
with.90% credible intervals
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Figure 8: Effects.of different comorbid conditions on the non primary care predictor with 90%

credible intervals
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Figure 9: Interactio ffects of care assessment need score and enrollment priority (top), age and
assigned @ osition (bottom) on the non primary care predictor with 90% credible

in
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Figure 10: Interaction-effects-of length of stay and enrollment priority (top), and effect of marital
status (bottom) on the non primary care predictor with 90% credible intervals. (‘nmarried’ and

‘pmaried’ stand for not married and previously married)
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