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Abstract

Logistic regression is frequently used in analysing biomedical data, since they very often contain binary variables. Further, the situation where we have a large number
of feasible predictors to include into the model arises very often. For binary response variables, the logit model is most suitable one but it faces very similar issues as there
are for ordinary regression. The large number of possible predictors increases possible effects and interactions and makes data modelling more difficult. When modelling
data, there are two competing goals: The model should be simple to interpret and use in practice, and it should be complex enough to fit the data well.

In this work we discuss different aspects of in-hospital mortality modelling in patients from the Myocardial Infarction Registry Pilot Project. The aim of this study was
to compare diagnostic and therapeutic procedures in a population of all patients admitted with acute myocardial infarction to six municipal hospitals in the Czech Republic.
The first aspect of modelling is to reduce the overfitted logit model through a proper choice of penalization criteria. The Second aspect is to compare the model involving
several binary variables - risk factors, with the model, which involves only the count of present risk factors despite the fact, that their individual effects on in-hospital mortality
differ.

Conclusion

In our work we present possible ways to model the in-hospital mortality,
which is one of many important hospital quality measures. It was shown that
using the cumulative count of risk factors instead of the separate risk factors
themselves is of no negative effect on effectiveness modelling. However, the
interpretation of results is different. Using risk factors as separate predictors
helps to explain their effect on their own. Using the cumulative count helps to
explain the cumulative effect of risk factors. The second mentioned approach
is a little bit simpler in explaining to patients and thus probably more effective in
clinical practice and counselling. A little bit surprising result of our work is the
group with none or any known risk factors where the in-hospital mortality
seems to exceed all remaining groups. This group also consists of much more
MI cases, where the age of the patients is less than 70 years, when compared
with other RF groups. This fact may indicate possible genetic or other unknown
factors evoking earlier myocardial infarction.

Introduction

In this work we consider two approaches of modelling in-hospital mortality using
logistic regression. The available data come from the pilot registry of myocardial
infarction (MI) from the time period of 2003 - 2006. The registry comprises of all
observations of acute myocardial infarction in registry hospitals in the Czech Republic.
There were 7 participating hospitals from geographically different rural regions, some
of them participating intermittently or not through the whole period. Totally there are 2659
observations of myocardial infarction some likely to come from the identical individual
but as there is no reason to treat the patients in a different way than when they got their
previous myocardial infarction, the cases are assumed independent.

Table 1: Considered logistic regression models with coefficients estimates with their standard errors,
*p-values, model characteristics (deviance and degrees of freedom)

and information criteria (AIC, BIC).
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By looking at theAIC criterion the m2 model (n2 respectively) seems to be better
than m3 (n3 respectively) but according to the BIC criterion we prefer the m3 model
(n3 respectively) because it also reflects number of observations whereas the AIC
does not. Predictors such gender and smoking status are only considered in the m1
model (n1 respectively). It is because the effect of smoking status and gender can
be explained by the age variable as well. High proportion of men (Fig.1) is smokers
(vs. small proportion of smokers in women) and men are in average younger than
women. The smoking status is not considered as the fourth risk factor since it is the
least reliable data obtained only by asking the patient and believing his/her answer.
Due to these facts only cumulative counts of maximum three risk factors are
assumed. Since it seems not to be entirely true that the increasing number
of risk factors increases the mortality, we used the variable as a factor and not as
a continuous variable.Our interest lies on in-hospital mortality depending on risk factors or their

cumulation. The risk factors (RF) of interest are hypertension, hyperlipidaemia and
diabetes mellitus. As other predictors we included age, smoking status, gender
and additionally the year of observation. As people usually take some
pharmacotherapy when they know they have the risk factor(s), the
pharmacotherapy was not of interest in this work. Due to the missing data (with
respect to the three risk factors of interests) we only used the 2435 complete
observations. The year of observation can be regarded as a categorical or
continuous variable and since there are certain discrepancies in the mortality rate
during the whole period, we compare both methods. To compare the models we
use the Akaike (AIC) and the Schwarz's Bayesian (BIC) information criteria.
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Table 1 refers to six considered models used for modelling of in-hospital
mortality in our data. In the first three models (m1, m2, m3) we used the three
predictor variables themselves. The effects of hyperlipidaemia and hypertension
on in-hospital mortality seem to be positive whereas the effect of diabetes mellitus
is negative. The positive effect of hypertension and hyperlipidaemia can probably
be explained by the fact that patients with these risk factors are usually monitored
and the MI is successfully prevented or shifted to later age. In the second three
models (n1, n2, n3) the estimated coefficients for the cumulative counts (variable
rf3) of risk factors are negative, meaning that the group with rf3=0 has the highest
in-hospital mortality. It is also the smallest RF group in our data, it contains only
13.0 % cases whereas there is 28.7 % in group rf3=1, 34.3 % in group rf3=2 and
24.0 % in group rf3=3. In the group rf3 0 there is 62.7 % of cases where the age
of the patients is less than 70 years. In remaining RF groups this is 42.8 % (rf3=1),
38.7 % (rf3=2) and 36.7 % (rf3=3). Higher proportion of younger people in the rf3=0
group may also indicate genetic or other unknown factors evoking earlier
myocardial infarction. The in-hospital mortality seems to decrease along with the
increasing year of the MI observation (all models).
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Figure 1: Histogram of age at the time of MI by gender and smoking status. Proportion of smokers
is significantly higher in men than in women. Men are also singinificantly younger.


