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Abstract

We present a pilot data mining analysis on the subset of the Public Health Database
of Lombardia Region concerning hospital discharge data relative to Acute My-
ocardial Infarctions without ST segment elevation (NON-STEMI). The analysis
is carried out using non linear semi parametric and parametric mixed effects mod-
els, in order to detect different patterns of growth in the number of NON-STEMI
diagnoses within the 30 largest clinical structures of Lombardia Region, along the
time period 2000-2007. The analysis is a seminal example of statistical support
to decision makers in clinical context, aimed at monitoringthe diffusion of new
procedures and the effects of health policy interventions.

1 Introduction

Recent years have witnessed a growing interest in the use of performance indicators
in health-care; they may measure some aspects of the health-care process, clinical out-
comes or epidemiological incidence and prevalence of diseases. In response, a sizeable
literature has emerged questioning the right use of such indicators as a measure of qual-
ity of care, as well as stating more specific criticism of the statistical methods used to
obtain estimates adjusted for patient case-mix.
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Health-care service scheduling is strictly connected with a deep knowledge ofcur-
rent health needs; with respect to this, a total novelty is represented by thepotential
offered by the statistical data mining of administrative data-banks for collecting clini-
cal and epidemiological information. Indeed, there is an increasing agreement among
epidemiologists on the validity of disease and intervention registries based on admin-
istrative databases [2, 5, 12]. In this work we focus on growth curvesfor the num-
ber of diagnoses of Acute Myocardial Infarction without ST segment elevation(NON-
STEMI), and we explore the question as to whether they had a trend in the time interval
2000− 2007. Indeed, clinical best practice maintains that there is no evidence fora
greater incidence of NON-STEMI in this period; however, since the early 2000s a new
diagnostic procedure - thetroponin exam - has been introduced and this, by easing
NON-STEMI detection, could have produced an increased number of positive diag-
noses. Administrative data-banks can be used to check for growth in the number of
NON-STEMI diagnoses along with the adoption by clinical institutions of new diag-
nostic procedures or devices, like the troponin exam .

In this work we will illustrate a pilot data mining case study on hospital discharges
data for patients with NON-STEMI diagnosis; data come from the Lombardia Region
Public Health Database (PHD), an on going collection of data used, up to now, only
for administrative purposes. The study is part of the Strategic Program ”Exploitation,
integration and study of current and future health databases in Lombardia for Acute My-
ocardial Infarction” (AMI Project) funded by the Italian Ministry of Health and by “Di-
rezione Generale Sanità - Regione Lombardia” and started in January 2009. The major
objective of this project is the identification of new diagnostic, therapeutic and organi-
zational strategies to be applied to patients with Acute Coronary Syndromes (ACS), in
order to improve clinical outcomes. To achieve this goal Regione Lombardia authorized
the extraction from the PHD database of data concerning patients with Acute Coronary
Syndromes.

The statistical analysis is conducted along different phases. The visualevidence for
growth in the number of NON-STEMI diagnoses is firstly questioned by fitting a semi-
parametric mixed effect model, in order to capture the shape of growth curves and to test
the significance of the grouping factor effect. The relevant features emerged with this
first analysis are then modeled by means of parametric nonlinear models of decreasing
complexity, which are easier to interpret and more suited to inferential purposes.

All the analyses have been performed with the R program (version 2.10.1)[15]; the
mgcv [18] package and thenlme package [14], respectively for generalized additive
mixed models and for nonlinear mixed effects models, have been used.

2 Data mining discharge data on Acute Myocardial Infarc-
tions

In this section we describe a data mining study of the Hospital Discharge Database
(Database Ricoveri), which is one of the three main databases belonging to the Star
scheme [10] that composes the PHD of Lombardia Region. We focus on the numbers of
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hospital discharges with a diagnosis of NON-STEMI, grouped by hospitaland relative
to the 30 largest clinical institutions of Lombardia Region, during years 2000−2007.
Cases detection is performed according to the AHQR guidelines [3].

Figure 1-left panel represents the number of Acute Myocardial Infarction without
ST-elevation (NON-STEMI) diagnoses, along the time period 2000−2007, for the 30
hospitals. The total number of diagnoses in the time period 2000−2007 has a consid-
erable variability between institutions: in fact it ranges from a minimum value of 715to
a maximum of 1872. This difference is due to the different exposure of different hospi-
tals; indeed, exposure could be a confounding factor in a statistical analysis focused on
the growth trend of the number NON-STEMI cases. Hence, in order to analyze compa-
rable data, for each hospital the yearly number of diagnoses has been standardized by
the hospital total number of diagnoses in the time period 2000−2007, thus adjusting
for hospital exposure (see Figure 1-rigth panel).
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Figure 1: Left panel: Number of AMI without ST-elevation diagnoses in the period
2000 - 2007 in the 30 largest clinical institutions of Lombardia Region. Right panel:
Standardized number of AMI without ST-elevation diagnoses in the period 2000 - 2007
in the 30 largest clinical institutions of Lombardia Region. For each hospital the yearly
number of diagnoses has been divided by the hospital total number of diagnoses in the
time period 2000−2007.

The high variability between hospitals and the structure of the data grouped by hos-
pital, motivate the use of mixed effects models [13] for the analysis of these longitudinal
data. A first explorative analysis conducted by means of a simple linear mixed model,
where the standardized number of NON-STEMI diagnoses appears as a linear function
of time, with hospital as a grouping factor, shows a significant linear trend over time
(the p-value of the test on the “year” fixed effect is less than 10−14).

Since the use of a linear parametric model can be quite binding, a further enquire
into the growth trend has been conducted by fitting a semiparametric mixed effect
model. Indeed, we set̃Ni j to be the standardized number of NON-STEMI diagnoses
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for hospitali = 1, ...,30 and yearj = 1, ...,8, where j = 1 is for year 2000 andj = 8
is for year 2007, and following [17], we fit the following mixed effects semiparametric
model with respect to time

Ñi j = s(t j)+b0i +b1it j + εi j i = 1, ...30, j = 1, ...,8, (1)

wheret j is the centered time covariate (i.e.t0 = 2000−2003.5 = −3.5, t1 = 2001−
2003.5=−2.5 and so on),s is a common cubic regression spline, whileb0i andb1i are
i.i.d samples of the random variablesb0 ∼N (0,σ2

b0
) andb1 ∼N (0,σ2

b1
) respectively,

representing gaussian additive independent random effects, grouped by hospital. The
quantitiesεi j are i.i.d. samples from the random variableε ∼ N (0,σ2) representing
residual error:ε, b0 and b1 are assumed to be independent. Estimates are obtained
by maximization of restricted likelihood. Figure 2 shows the estimated growth curves
together with the original data.
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Figure 2: Estimated growth curves through model 1 together with the original data.

We fitted a semiparametric mixed effects model in order to catch a common be-
havior in the growth of normalized number of NON-STEMI diagnoses in the years
2000-2007, smoothing data and taking into account overdispersion due to the group-
ing factor. In fact, inspection of Figure 2 suggests a common “S-shaped” growing pat-
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Fixed effects estimates:
Value Std. Error

Asym 0.1544 0.0026
Tmid -2.7017 0.1368

Anova Table:
numDF denDF F-value p-value

Asym 1 209 5417.630 < .0001
Tmid 1 209 389.845 < .0001

Table 1: Fixed effects estimates and Anova table for model (2).

tern. Concerning the random effects, the estimated parameters are:σ̂b0 = 2.702∗10−07,
σ̂b1 = 0.00765 andσ̂ = 0.02297. The negligible effect of the random variableb0 sug-
gests that the curves are in fact different only with respect to their growth rate. The
greater effect of the random variableb1 is conducive to a further analysis of these data
by means of a model that captures the common growth trend while taking into account
overdispersion in the growth rates. Indeed, the following (parametric) logistic mixed
effects model accommodates for the “S-shaped” common growing pattern, pointed out
by the nonparametric analysis, while enabling the testing of its significance:

Ñi j =
Asym+αi

(1+ exp(Tmid+ τi − t j))
+ εi j, i = 1, ...30, j = 1, ...,8, (2)

wheret j is the centered time covariate, the fixed effects Asym and Tmid represent, re-
spectively, the asymptote and the inflection point of the logistic curve, whileαi andτi

are i.i.d samples of the random variablesα ∼ N (0,σ2
α) andτ ∼ N (0,σ2

τ ), respec-
tively, representing gaussian additive random effects, grouped by hospital. The quan-
tities εi j are i.i.d. samples from the random variableε ∼ N (0,σ2) and they represent
residual error. The two random effectsα andτ are assumed to be independent, and
independent ofε; all estimates are computed by restricted maximum likelihood. Table
1 shows that both fixed effects Asym and Tmid are significant.
Concerning the random effects, the estimated parameters are:σ̂α = 6.8183∗ 10−07,
σ̂τ = 0.4821 andσ̂ = 0.0287. It is then confirmed that the variability of the additive
random effect relative to the asymptote is negligible; thusαi can be removed from
model (2) without loss in model performance. On the contrary, the variability of the
random effect relative to the inflection point is large and implies a very significant effect;
this stimulates an interesting interpretation, since, in the logistic model, the inflection
point indicates the time of maximum growth speed and this, in turn, is directly related
to the timing of a growth speed significantly different from zero.

Inspection of the set of (estimated) random effectsτi, i = 1, ...,30, related to the
inflection point suggests a clustering structure that has been captured by partitioning
the set ink = 1,2, ..., clusters by means of the Partitioning Around Medoids procedure
(PAM, [11]), implemented with the euclidean distance, denoted byd. A critical point
is the choice ofk, the number of groups: an helpful method is the computation of the
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average silhouette width, and the inspection of the silhouette plot of PAM. For each
estimatedτi, let A be the cluster to whichτi has been assigned and computea(τi), the
average dissimilarity ofτi to all other objects inA,

a(τi) =
1

|A|−1 ∑
τ j∈A,τ j 6=τi

d(τ j,τi).

Now, if C is a cluster different fromA, denote by

d(τi,C) =
1

|C|−1 ∑
τ j∈C

d(τ j,τi)

the average dissimilarity ofτi from all objects inC and setc(τi) to be the smallest value
of d(τi,C) whenC is let to range over the set of all clusters different fromA. The
silhouette value s(τi) of τi is defined as

s(τi) =
c(τi)−a(τi)

max{a(τi),c(τi)}
.

Clearly s(τi) lies between−1 and 1; large values ofs(τi) support the fact that the
elementτi is well classified inA. The entire silhouette plot, i.e. the plot of alls(τi), and
the Average Silhouette Width, i.e. the average of all silhouette values, are qualitative
indexes helpful to judge and compare the results obtained by PAM for different values
of k [16].

By inspecting the silhouette plot, represented in Figure 3, the presence ofk = 3
clusters can be sustained. Indeed, fork = 3, the Average Silhouette Width is equal to
0.58 and, as a general rule, it can be asserted that a reasonable clustering structure has
been found when the Average Silhouette Width is greater than 0.5. The medoids repre-
sentative of the three clusters correspond to yearsyA = 2000,yB = 2001 andyC = 2002.
“Cluster A” denotes the institutions for which the estimated time of inflection point
Tmid+ τi in model (2) is closer to−3.1692, i.e. closer to yearyA = 2000. Analo-
gously, “Cluster B” denotes the institutions for which the estimated time of inflection
point is closer to−2.6839, i.e. closer to yearyB = 2001, and “Cluster C” denotes the
institutions for which the estimated time of inflection point is closer to−2.3014, i.e.
closer to yearyC = 2002.

In the left panel of figure 4, the curves estimated by model (2) are represented,
one curve for each hospital, together with the real data; the right panel shows the esti-
mated logistic growth curves. The thick red, black and green curves represent the three
benchmarks growth curves, i.e. medoids for cluster A, B and C, respectively.

The particular interest in analyzing the clustering structure of the random effects
related to the inflection points derives by the clinical surmise about their presence. In-
deed, it is known that from the early 2000s the troponin exam has been introduced in
hospital practices as a diagnostic device to better identify NON-STEMI events; hence,
the presence of 3 clusters for the random effectsτi could be a consequence of the differ-
ent hospital timings in the introduction and adoption of this practice. This hypothesis

6



Silhouette width si

0.0 0.2 0.4 0.6 0.8 1.0

Silhouette plot

Average silhouette width :  0.58

n = 30 3  clusters  Cj

j :  nj | avei∈Cj  si

1 :   7  |  0.67

2 :   15  |  0.62

3 :   8  |  0.43

Figure 3: Silhouette plot of PAM procedure on the estimated inflection points with
k = 3 clusters.

cannot be validated directly since the timings of adoption of the troponin exam by the
30 different hospitals included in the analysis are not available.

The previous analysis suggests a simpler model with fixed effects only, where
dummy variables represent the identified cluster structure (clusters A, B, orC). This
model is easier to interpret and communicate to clinicians; for instance, it quantifiesthe
statistical evidence of the existence of groups in terms of p-values reported in Table 2.
The model is:

Ñi j =
Asym

(1+ exp(TmidA ·1i∈A +TmidB ·1i∈B +TmidC ·1i∈C − t j))
+ εi j, (3)

wherei = 1, ...30, is the institution index,j = 1, ...,8, is the year index, andε is defined
as before. Estimates for the effects of model (3) appear in Table 2; they are all signifi-
cant. Notice that the fixed effects estimates reported in Table 2 are close to the values
identifying the inflection points of the three medoidsyA,yB and yC generated by the
analysis of model (2). Testing all possible contrasts between the three different fixed
effects related to the inflection point, always generates a p-value less than 10−4; there
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Figure 4: Estimated logistic growth curves for different medical institutions.

Value Std. Error p-value

Asym 0.1540 0.0025 < .0001
TmidA -3.9434 0.2383 < .0001
TmidB -2.6719 0.1294 < .0001
TmidC -1.9108 0.1637 < .0001

Table 2: Fixed effects estimates for model (3).

is a strong evidence of different inflection points in the three groups. Diagnostic checks
show that normality assumption of residuals can be sustained.

In conclusion, the statistical analysis advocates the presence of three groups of hos-
pitals, possibly distinguished by different timings of introduction and adoption of the
troponin test and supports the clinical tenet that in the time period 2000−2007 there
has been an apparent increase in the normalized number of NON-STEMI diagnoses that
is not due to a real increase in the disease incidence, but to a new diagnostic procedure
adopted in hospitals along different timings.

3 Conclusions and further developments

The study presented in this article is a pilot example of an advanced statistical analysis
performed on data drawn from a Public Health Database. Administrative healthcare
databases play today a central role in epidemiological evaluation of Lombardia health-
care system because of their widespread diffusion and low cost of information. Public
health care regulatory organizations can assist decision makers in providing informa-
tion based on available electronic health records, promoting the development andthe
implementation of the methodological tools suitable for the analysis of administrative
databases and answering questions oriented to disease management. The aimof this
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kind of evaluation is to estimate adherence to best practice (in the setting of evidence
based medicine) and potential benefits and harms of specific health policies. Health care
databases can be analyzed in order to calculate measures of quality of care (quality in-
dicators); moreover the implementation of disease and intervention registries based on
administrative databases could enable decision makers to monitor the diffusion ofnew
procedures (as was in troponin exam adoption example) or the effects of health policy
interventions. The unassailable benefit of the use of the PHD is the high data quality,
and the real time data availability without costs increase. This innovative perspective
was a paramount motivation for the Strategic Program “Exploitation, integration and
study of current and future health databases in Lombardia for Acute Myocardial Infarc-
tion” (AMI Project). More details about the AMI Project and the planned analyses can
be found in [1, 4, 6, 7, 8, 9].

The case study illustrated in the previous section is an example of the potential
offered by the statistical analysis of an administrative database for clinical and epi-
demiological purposes. Statistical analysis is conducted in different phases: an ex-
plorative analysis of data conducted by means of semiparametric models to guidethe
study towards an appropriate parametric model, the fit of a suitable non-linear paramet-
ric model with mixed effects estimated under the usual assumptions of random effects
and residuals normality, the criticism of this model assumptions, offered by the pres-
ence of a clustering structure in the random effects, and thus the final improvement
obtained through the introduction of appropriate dummy variables, taking into account
the identified clustering structure, and leading to a simple and significant fixed effect
logistic model.
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