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MOTIVATION

The author has been working on Regression and Classification Tree (CART) models for a long time
(see Banks et al, Fridriksson et al, Deliyski et al). This paper tries to answer two new research questions.
First, are the CART models comparable to more traditional and standard statistical models like logistic
regression, and second, are there any advantages to using the CART models.

METHODS

The logistic regression models are standard statistical tools and they can be found in all graduate texts
on statistical methods (e.g. Agresti 2002).

Recursive partitioning methods and CART in particular (Steinberg and Colla, 1995, 1997, Breiman et
al., 1984) are part of the data mining family of instruments. Data mining is usually defined as process of
identifying valid and understandable, previously unknown, and complex patterns in data. CART is a non-
parametric binary recursive partitioning method, which is a very powerful discovery tool for data with
complex structure. Data mining and CART in particular are very effective with large datasets with hun-
dreds of thousands of cases. A decision tree (classification or regression) is structured as a sequence of
simple questions, and the answers to these questions trace a path down the tree. The end node reached by
each case determines the classification or prediction made by the model.

The target variable for a classification tree is categorical (usually with small number of categories), and
for a regression tree it is continuous (or ordinal with large number of categories). The goal is to partition
the data into relatively homogeneous terminal nodes. The building of the tree structure starts with the first
binary split on the most important variable. Then, this "parent" node is split again, etc. The tree with all
possible nodes is then pruned in order to get the optimal tree. The optimality is determined by minimizing
classification error while producing a parsimonious model. The splitting criterion is Gini impurity coeffi-
cient (or similar) and the optimality is based on the predictive accuracy and the penalty for larger trees. On
each node the variable that gives the best split (smallest error) is included in the tree. At each node CART
produces a list of "competitors" and "surrogates". The former are the predictors which have slightly higher
error rate than the chosen variable and the later are the predictors that split the node in a similar way re-
garding the target variable.

Since some trees may be very sensitive and not robust, an internal validation process is employed in
building the optimal tree. Usually a 10-fold cross-validation is used to validate the tree. This procedure
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ensures independent predictive accuracy for the optimal tree, and the confidence that the resulting tree can
be reasonably generalized and used for a completely different set of data. CART is very robust to outliers
and other distribution problems and very effective for assessing the reliability of new data predictions.
CART is very effective in finding context dependence and high order interaction effects. One variable can
appear many times in a tree in different contexts. CART works very well with data in which the baserate
of the target variable is very low.

Once the tree is built and internally validated, the importance of each variable can be ascertained. At
each splitting point, both the most influential variable and its surrogates are determined by CART. With
standard statistical models, the importance of one variable is often "masked" by another variable. For ex-
ample, in a model using a stepwise procedure, the surrogates would be dropped out of the equation and
their actual importance would be obscured. CART solves this "masking" problem by taking into account
the improvement measure not only for the primary splitter, but also for the surrogates. The variable impor-
tance score is calculated by "looking at the improvement measure attributable to each variable in its role as
a surrogate to the primary split. The values of these improvements are summed over each node, totaled for
the tree, and scaled relative to the best performing variable" [Steinberg/Colla 1997] forming the variable
importance measure. The variable with the highest score is set to 100% and the remaining variables are
scaled relative to this variable.

THE STUDY

The original findings were presented in Fridriksson, Frank and Vesselinov (2005). In the current paper
we are using the results from the 2005 paper to compare them to the results from a new logistic regression
model based on the same variables.

The original study was based on stroke patient data provided by the South Carolina (SC) Office of Re-
search and Statistics. The database comprises of the whole patient population in SC for the 1996-2000
period. All patients who were admitted in hospitals in SC with a diagnosis of stroke were included. The
study responds to the acute need to identify and explain the utilization of rehabilitation services (Horn et
al., 2000, Rosenfeld, 2002) and who are the people receiving these services. This is extremely important
because the primary goal of individuals, who experience disabling stroke, is recovery of the basic skills
necessary for effective executions of independent activities of daily living. The purpose of the original
study was to investigate the factors associated with utilization of Speech and Audiology Services (SpAS)
provided to stroke patients.

Hospital records are very rich source of information but they are not adequately used for research in
part because hospital records present certain statistical problems. First, the missing data can impede the
estimation of standard statistical models. Second, the nature of the data implies interactions of very high
order. In the presence of hundreds of variables there is no satisfactory solution for this problem through
standard statistical models. Third, some predictors might be relevant to particular subset of patients but not
to all of them, a problem known as "context dependence" which is very hard to accommodate with the
standard statistical models. Fourth, outliers and other distribution anomalies cause some problems to the
parametric statistical methods, while the CART method deals with them without a glitch and without re-
moving or rescaling them. Fifth, due to the extremely large number of observations the standard statistical
models usually end up with most predictor variables being statistically significant and included in the final
model even after a stepwise selection which makes the interpretation of the results very cumbersome.

RESULTS

The full CART model of SpAS is presented in the Appendix. As we can see there are only 6 levels of
the model. This means that we can classify a patient based on 1 to 6 questions or variables. These ques-
tions ( except the first one: emergency, non-emergency) may be different for the different paths. Below is
presented the first level of the model.
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Figure 1. CART Level 1

It shows that overall 11.7% of all patients have received SpAS. Of them, only 0.1% of the patients in
the emergency rooms have received these services. The nonemergency patients are enjoying much better
services with 16.2% of them receiving SpAS. The second level of the model is presented on Figure 2.
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Figure 2. CART Level 2

This means that of all non-emergency patients the largest amount of services receive the ones that
stayed 13 or more days in the hospital (42.2%) and the least the patients that stayed for only 1 or 2 days in
the hospital (3.0%).

The next 4 levels are interpreted similarly.

There are 20 end nodes altogether. Some of them exhibit high level of service utilization and some ex-
hibit low level of SpAS.

Table 1
Patterns for SpAS for Stroke Patients

Node (#) | SpAS (%) Patients who received a low amount of SpAS ...
1 2.8 Stayed one or two days in hospital in inpatient setting.
3 33 Stayed 3-5 days in hospital on their first visit without major diagnosis.
3y 6.3 Stayed 3-5 days in hospital as inpatient, on their second or later visit.
7 8.2 Stayed 6-12 days in hosp, on 1% or 2™ visit as inpatient, no major diagnosis.
Patients who received a high amount of SpAS ...
2 39.6 Stayed 1-2 days in hospital in rehabilitation.
13 47.8 Stayed 6-12 days in hospital on their third or later visit in rehabilitation.
6 56.4 Stayed 3-5 days in hospital in rehabilitation on their 2nd or later visit.
9 65.4 Stayed 6-12 days in hospital. on their first or second visit in rehabilitation.
20 78.7 Stayed 13 or more days in rehabilitation.
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COMPARISON'

The quality of classification models like CART and logistic regression models is traditionally assessed
by the following criteria presented in Table 2.

Table 2

Criteria for Evaluation

Predicted value
True (Actual) Value 0 (No SpAS) 1 (Yes, SpAS)
0 (No SpAS) A &
1 (Yes, SpAS) B D

Sensitivity = D/(C+D) or Sensitivity=True Positive/All Positive;

Specificity=A/(A+C) or Specificity=True Negative/All Negative;

False Negative = B/(A+B); False Positive = C/(A+C)

Total Correct = (A+D)/(A+B+C+D) :

The results of the comparison between the CART model and the logistic regression model for SpAS
are presented in Table 3.

Table 3
Comparison Results
Criteria (%) CART Model Logistic Regression
Sensitivity 72.9 77.5
Specificity 70.2 451
Total Correct 70.6 7355
False Negative 4.4 3.8
False Positive 25.0 249
ROC Area Under the Curve (AUC) 79.0 84.0

AUC is the overall criterion that is usually used for comparison and any classification model with AUC
about 70% or more is considered adequate. The ROC for the CART model is presented in Figure 3.
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Figure 3. ROC for the CART Model

' The full logistic regression model includes 15 stepwise selected variables. It is not presented here because of the
page limitations but it is available from the author upon request.
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CONCLUSION

The results of the comparison of the CART model and the logistic regression model show that they are
comparable and both have good statistical qualities. The only problem with both models is that the false
negatives are about 25 % but this is due to the fact that the baserate is relatively low, 11.7 %.

The advantages of the CART models are that in addition to the predicted values we can trace a path of
development to each particular end node. For example, it was expected that the longer the patients stay in
the hospital the bigger the probability of receiving SpAS (e.g. Node 20). But there are some unexpected
and revealing results as well. For example there is a group of people (Node 2) who spent only one or two
days in hospital but they received considerable amount of SpAS.

In conclusion, CART models should be used in similar circumstanced in addition to or instead of the
standard statistical models like the logistic regression models because they perform on average at least as
well as the standard models and in addition they give the researchers a chance to discover the different
paths that patients go to receive the different prediction scores.
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APPENDIX
CART Model of SpAS
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