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Abstract Studies of variations in health care utilization and outcomeinvolve the analysis of multi-
level clustered data. These analyses involve estimation of a cluster-specific adjusted response, co-
variates effect and components of variance. Beyond reporting on the extent of observed variations,
these studies examine the role of contributing factors including patients and providers character-
istics. In addition, they may assess the relationship between health-care process and outcomes. In
this article we present a case-study, considering firstly a Hierarchical Generalized Linear Model
(HGLM) formulation, then a semi-parametric Dirichlet Process Mixtures (DPM), and propose their
application to the analysis of MOMI2 (MOnth MOnitoring Myocardial Infarction in MIlan) study
on patients admitted with ST-Elevation Myocardial Infarction diagnosys. We develop a Bayesian
approach to fitting data using Markov Chain Monte Carlo methodsand discuss some issues about
model fitting.
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bioinformatics

1 Introduction

Over recent years there has been a growing interest in the useof performance in-
dicators in health-care; they may measure some aspects of the health-care process,
clinical outcomes or disease incidence. The purpose of the present work is to show
how advanced statistical methods can be employed in the analysis of complex data
coming from such clinical registers. Several examples, avaiable in clinical litera-
ture (see for example [15]), make use of clinical registers to evaluate performances
of medical institutions, because they enable people concerned with the health-care
governance to plan activities on real epidemiological evidence and needs and eval-
uate performance of structures they manage.

The disease we are interested in is the Acute Myocardial Infarction with ST-
segment Elevation (STEMI): it consists of a stenotic plaquedetachment, which
causes a coronary thrombosis and a sudden critical reduction of blood flow in coro-
nary vessels. This process causes a widespread necrosis of myocardial tissues and
leads to an inadequate feeding of myocardial muscle itself.STEMI is character-
ized by a great incidence (650 - 700 events per month have beenestimated only in
Lombardia Region) and serious mortality (Italy 8%). Concerning infarction, both
survival and quantity of myocardial tissue saved from damage depend strongly on
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time saved during the process. In this work, we will focus on survival outcome. Time
has indeed a fundamental role in the STEMI health-care process. Let us call “Symp-
tom Onset to Door time” the time since symptoms onset up to thearrival at ER, and
“Door to Balloon time” (DB time) the time since the arrival atER up to the surgical
practice of Percutaneous Transluminal Coronary Angioplasty (PTCA). Clinical lit-
erature strongly stresses the connection between in-hospital survival and procedures
time (see [3], [12], [14]): 90 minutes for Door to Balloon time in case of primary
PTCA is the actual gold standard limit suggested by the American Hearth Associa-
tion (AHA)/American College of Cardiology (ACC) guidelines (see [2]). Anyway,
the presence of substantial variations in the delivery of outcome of health-care has
been documented extensively in recent years. In subsequentsteps, researchers study
the effects of variations in health-care use on patients outcomes; they examine the
relationship between measure of the process, which define regional or hospital prac-
tice patterns, and measure of outcome, such as mortality andso on.

Data on health-care use have a multilevel structure, usually with patients at first
level and hospitals forming the upper-level clusters. A key-analytic goal is to provide
cluster-specific estimates of a particular response, adjusted for patients characteris-
tic. Another key-goal is to derive estimates of covariates effects, such as differences
between patients of different gender or between hospitals.Hierarchical regression
modelling provides a general analytic approach that can accomplish these goals.
The main purpose of the article is to set in a Bayesian framework the problem of
modelling the outcome by means of relevant covariates, taking into account overdis-
persion induced by the grouping factor. We illustrate the analysis on a subset of data
collected in the MOMI2 survey on patients admitted with ST-Elevation Myocardial
Infarction (STEMI) diagnosys in one of the structures belonging to the Milan Car-
diological Network. For this analysis, patients are grouped by the hospital they are
admitted to for their infarction. We use Markov Chain Monte Carlo simulation of
posterior distribution of parameters and discuss model checking proposed by Al-
bert and Chib [1]. Finally, we are actually considering the application of Dirichlet
Process Mixture to the model, in order to find out a hospital classification based on
Bayesian non parametric techniques (for further details see [8]).

2 The dataset

A net connecting the territory to hospitals, by a centralized coordination of the emer-
gency resources, has been activated in the Milan urban area since 2001. The aim of
this organizal policy is the setting of a register on STEMI tocollect also process indi-
cators (Symptom Onset time, first ECG time, DB time and so on),in order to identify
and develop new diagnostic, therapeutic and organizational strategies to be applied
by Lombardia Region, hospitals and 118 organization (the National free number for
medical emergencies). To reach this goal, it is necessary tounderstand which or-
ganizational aspects can be considered as predictive in reducing time to treatment.
In fact, organizal policies in STEMI health-care process include both 118 and hos-
pital, since a subject affected by an infarction can move to the hospital by himself
or can be moved to the hospital by 118 rescue units. In order tomonitor Milan
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Cardiological Network activity, times to treatment and clinical outcomes, the data
collection MOMI2 was planned and made, during six periods corresponding to six
monthly/bimestral collections, on STEMI patients admitted in one of the hospitals
belonging to the Network. For these units, information concerning way of admis-
sion, demographic features (sex, age), clinical appearance (presenting symptoms,
Killip class at admittance, which quantify in four categories the severity of infarc-
tion), received therapy, Symptom onset times, in-hospitaltimes (first ECG times,
DB times), hospital organization (Fast Track, admission during On/Off hours) and
clinical outcome (in-hospital survival) have been listed and studied.

The whole MOMI2 survey consists of 840 statistical units, but in this work we
only focus on patients undergone primary PTCA (i.e. PTCA without any previous
pharmacological treatment, which are 537) and belonging tothe third (Jun 1st -
Jul 31th 2007, 154 pt.) and fourth (Nov 15st - Dec 15th 2007, 93pt.) collections
only. Among the resulting 247 PTCA-patients, we selected those who had their
own hospital admission registered also in the Public HealthDatabase of Lombardia
Region, in order to confirm the reliability of information collected in the MOMI2

register. Therefore, the dataset finally considered consists of 240 patients.
Previous analyses on MOMI2 survey (for further details see , [9], [10] and [11])

pointed out age, the logarithm of Symptom Onset to Balloon time (logOB) and
Killip of patient as significant factors in order to explain survival probability from a
statistical and clinical point of view.

3 Model and Prior Elicitation

We considered a generalized mixed-effects model for binarydata from a Bayesian
viewpoint. For any patienti = 1, . . . ,240,Yi is a Bernoulli random variable with
mean pi, which represents the probability that thei-th patient survived after a
STEMI event. In the rest of the paper,y denotes the vector of all responses
(y1, . . . ,yn). The pi’s are modelled through a logit regression with covariates,xi :=
(1,xi1,xi2,xi3) which represent the age, the Symptom Onset to Ballon time in the
log scale (logOB) and the Killip class, respectively, of thei-th patient in the dataset.
The Killip class is binary here, corresponding to 0 for less severe (Killip class equal
to 1 or 2) and 1 for more severe (Killip class equal to 3 or 4) infarction. Moreover,
the age and the logOB have been centered. This model has been elicited in [10].
Since the patients comes fromJ = 17 different hospitals, we assume the following
multilevel model, with the hospital as grouping factor witha random effect on it:

Yi
ind
∼ Be(pi), i = 1, . . . ,240, (1)

logit(pi) = log
pi

1− pi
= β0+β1xi1+β2xi2+β3xi3+bk[i], (2)

wherebk[i] represents the hospital effect of thei-the patient in hospitalk[i]. We will
denote byβ the vector of regression parameters(β0,β1,β2,β3). It is well-known that
(1)-(2) has a latent variable representation, which can be very useful in computing
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the Bayesian inferences, as well as in providing medical significance: conditioning
on the latent variablesZ1, . . . ,Zn, Y1, . . . ,Yn are independent, and, fori = 1, . . . ,n,

Yi =

{

1 if Zi ≥ 0

0 if Zi ≤ 0
, (3)

Zi = xT
i β +bk[i]+ εi, εi

iid
∼ fε , (4)

being fε(t) = e−t(1+e−t)−2 the standard logistic density function.
Concerning prior elicitation, we make the random-effects assumption for the hos-

pitals the patients were admitted to, that is the hospital effect parametersb j ’s are
drawn from a common distribution; moreover, we assume symmetry among the
hospital parameters,i.e. b1, . . . ,bJ can be considered as (the first part of an infinite
sequence of) exchangeable random variables. Via Bayesian hierarchical models, not
only we will model dependence among the random-effects parametersb, but it will
also be possible to use the dataset to make inferences on hospitals which do not have
patients in the study. As usual in the hierarchical Bayesianapproach, the regression
parameterβ and the hospital parameter vectorb := (b1, . . . ,bJ) are assumed a priori

independent, withβ ∼ MN(µβ ,Vβ ),b1, . . . ,bJ |σ
iid
∼ N (µb,σ2),σ ∼U(0,σ0).

Here the uniform prior onσ is set as an assumption of ignorance/symmetry of the
standard deviation of each hospital effect. We fixedµb = 0 regardless of any in-
formation, since, by the exchangeability assumption, the different hospital have the
same prior mean (fixed equal to 0 to avoid confounding withβ0). The Gaussian
prior for β is standard, but its hyperparameters, as well as the hyperparameter of
the prior distribution forσ , will be given informatively, using available informa-
tion from other MOMI2 collections. We have in fact enough past data to be rela-
tively informative through prior hyperparameters: they were fixed after having fitted
model (1)-(2), with non-informative priors for model parameters (β ,b andσ ), to
“similar” data (i.e. the remaining four MOMI2 collections MOMI2.1, MOMI2.2,
MOMI2.5, MOMI2.6). Therefore we fixedµβ = (3,0,0.1,−0.7)T , which are the
posterior means of the regression parameters under the preliminary analysis. The
matrixVβ was assumed diagonal,Vβ = diag(2,0.04,0.5882,3.3333), which, except
for the second value, are about 10 times the posterior variances of the regression
parameters under the preliminary analysis (0.04 is 100 times the posterior variance,
in order to consider a vaguer prior forβ1). The prior hyperparameterσ0 was fixed
equal to 10, a value compatible with the support of the posterior distribution forσ in
the preliminary analysis. Posterior estimates ofβ ,b andσ proved to be robust with
respect toµβ andV (we fixed a non-diagonal matrix, assuming prior dependence
through the regression parameters via the preliminary analysis).

4 Data Analysis and Results

In this section we illustrate the Bayesian analysis of the dataset described in Sec-
tion 2, but first we give some details on computations. All estimates were com-
puted via a Gibbs sampler algorithm; the model was implemented in WinBUGS (see
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http://www.mrc-bsu.cam.ac.uk/bugs/ and [13]). The first 100,000 it-
erations were discarded, retaining parameter values each 80 iterations to decrease
autocorrelations, with a final sample size equal to 5,000; werun the chains much
longer (for a final sample size of 10,000 iterations), but thegain in the MC errors was
relatively small. Some convergence diagnostics (Geweke and Heidelberger-Welch)
were checked, together with traceplots, autocorrelationsand MC error/posterior
standard deviation ratios for all the parameters, indicating the MCMC algorithm
converged. Code is available from the authors upon request.

Summary inferences about regression parameters andσ can be found in Table 1.
It is clear that the marginal posterior ofβ1 andβ3 are concentrated on the negative
numbers, confirming the naı̈ve interpretation that an increase in age, OB or Kil-
lip class decreases the survival probability. The negativeeffect of the log(OB) is
weaker, even if the posterior median ofβ2 is −0.16; anyway it is necessary to be
included, as suggested by clinical knowhow. Moreover the posterior mean ofβ0+b j

is between 2.90 and 4.78, yielding to a high posterior estimates of the survival prob-
ability from any hospital, as we could expected since the unbalanced composition
of the dataset.

intercept β0 3.8160 0.5704
age β1 -0.07920.0324

log(OB) β2 -0.15270.3326
killip β3 -1.50900.8159

rand. eff. σb 1.1770 0.7417

Table 1 Posterior means and standard deviations of the regression parameters andσ .

In Table 2 are reported

p̃ j = min{P(b j > 0|y),P(b j < 0|y)}, j = 1, . . . ,J, (5)

together with the signum of the posterior median of theb j ’s. Low values of ˜p j

denote the posterior distribution ofb j is far from 0, so that thej-th hospital signifi-
catly contributes to the (estimated) regression interceptβ0+b j. Credibility Intervals
corresponding to ˜p j can be constructed, and hishlight that hospital 9 has a positive
effect, while hospital 10, 11 and 15 have a negative effect onthe survival probability.

b1 b2 b3 b4 b5 b6 b7 b8 b9 b10 b11 b12 b13 b14 b15 b16 b17

0.27 0.40 0.32 0.25 0.44 0.41 0.49 0.49 0.18 0.17 0.12 0.28 0.28 0.44 0.17 0.26 0.29
+ + + + - + + + + - - + - + - - +

Table 2 Values of ˜p j and the signum of the posterior median of each hospital parameters.

We are interested in predictions, too. This implies (i) considering the posterior pre-
dictive survival probability of a new patient coming from anhospital already in-
cluded in the study, or (ii) the posterior predictive survival probability of a new
patient coming from a new(J+1)th hospital. We have, forj = 1, . . . ,J,

P(Yn+1 = 1|y,x,b j) =

∫

R5
P(Yn+1 = 1|β ,b j,x)π(β ,b j|y)dβdb j, (6)
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for a new patient with covariate vectorx coming from thej-th hospital, and

P(Yn+1 = 1|y,x) =
∫

R5
P(Yn+1 = 1|β ,bJ+1,x)π(β ,bJ+1|y)dβdbJ+1, (7)

π(β ,bJ+1|y) =
∫

R
+

π(bJ+1|σ)π(β ,σ |y)d σ , (8)

whereπ(bJ+1|σ) is the priorpopulation conditional distribution. Figure 1 displays
medians and 95% credibility intervals for the posterior predictive survival probabil-
ities (7) of fourbenchmark patients coming from an hospital already in the study:
(a) mean age (64 years), mean OB (303 min.) and less severe infarction; (b) age
and OB as patient(a), but with severe infarction;(c) elder age (80 years), mean OB
and less severe infarction;(d) age and OB as patient(c), but with severe infarction.
The last credibility interval (in red) corresponds to the posterior predictive survival
probability 7 of a benchmark patient coming from anew random (J+1)-th hospital.
We can see that Killip influence survival more strongly even than age does: in fact,
from left to right panels (same age, killip increased) the CIs get longer and longer,
more than they does observing panels up to down (same killip,age increased).
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Fig. 1 Posterior median and 95% credibility intervals of the posterior predictive survival probabil-
ities for 4benchmark patients from each hospital in the study and from anew random hospital (the
18-th red CI). The green square represents the posterior mean.

Finally we computed thelatent Bayesian residuals for binary data as suggested in
[1]. Thanks to the latent variable representation (3)-(4) of the model, we can con-
sider therealized errors

ei = Zi − (x′iβ +bk[i]) i = 1, . . . ,n,

obtained solving (4) w.r.t.εi. Then the posterior distribution ofei is obtained follow-
ing the procedures proposed in [1]. We have
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π(ei|y,β ) =







φ(ei)

Φ(xT
i β ) I(ei >−xT

i β ) if yi = 0
φ(ei)

−Φ(xT
i β ) I(ei <−xT

i β ) if yi = 0
,

and for each patient the posterior distribution is comparedwith the logistic prior
for indications of possible departures from the assumed model and the presence
of outliers (see also [4]). Therefore, it is sensible to plotcredibility intervals for
the marginal posterior of eachei, comparing them to the marginal prior credibil-
ity intervals (of the same level). Figure 2 display the posterior distributions of the
Bayesian residuals for each observations, where the red line in the plot denotes the
prior marginal distribution (logistic).

Fig. 2 Posterior distribu-
tions of the latent Bayesian
residuals against the fitted
probabilities. Theblue and
black lines correspond to ob-
servationsyi = 0 andyi = 1,
respectively. Thered line is
the marginal prior distribution
(logistic).
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From the picture, it seems that there are no outlier among thepatients who survived,
while we see variability among the dead patients as far as posterior location and
dispersion is concerned.

5 Conclusions

In the present work we suggested how hierarchical models canbe employed in the
analysis of clinical data with a multilevel structure. These data arise from clinical
registers integrated with administrative databanks, and analyses carried out on them
could provide a decisional support to people concerned withcardiovascular health-
care governance. We set in a Bayesian framework the problem of modelling sur-
vival outcome by means of relevant covariates, taking into account overdispersion
induced by the grouping factor, i.e. the hospital where eachpatient has been admit-
ted to. The model has been employed to study the effects of variations in health-care
use on patients outcomes, since it points out the relationship between measure of the
process and measure of outcome. We also provided cluster-specific estimates of sur-
vival, adjusted for patients characteristic, and derived estimates of covariates effects,
using Markov Chain Monte Carlo simulation of posterior distribution of parameters
and discussing model goodness of fit through latent residuals method proposed by
Albert and Chib [1].
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Finally, as further step of analysis, we are actually considering the application of
Dirichlet Process Mixture of Normal to the random effect distribution, in order to
find out a hospital classification based on Bayesian non parametric techniques (for
further details see [8]).
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