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Assessing the Stability of Classification Trees Using Florida Birth Data 
 

Abstract 
 
Using 1998 and 1999 singleton birth data of the State of Florida, we study the stability of 

classification trees. Tree stability depends on both the learning algorithm and the specific data 

set. In this study, test samples are used in statistical learning to evaluate both stability and 

predictive performance. We also use the resampling technique bootstrap, which can be regarded 

as data self-perturbation, to evaluate the sensitivity of the modeling algorithm with respect to the 

specific data set. We demonstrate that the selection of the cost function plays an important role in 

stability. In particular, classifiers with equal misclassification costs and equal priors are less 

stable compared to those with unequal misclassification costs and equal priors. 
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1. Introduction 

Classification and regression trees (CART), like other statistical learning machines, allow 

us to predict a response variable from a collection of covariates, possibly of different types 

(continuous or discrete). In addition, the structured model associated with recursive partitioning 

has the advantage of intuitive interpretation. We note that any interpretation resulting from 

CART is not equivalent to establishment of causality, although the analysis may suggest new 

hypotheses similar to those suspected a priori. Research, however, has shown that tree structures 

obtained from recursive partitioning are not stable in many cases (Last et al., S2002). To improve 

the prediction, researchers have proposed resampling techniques which produce aggregated 

predictions (Breiman, 1996). With such an approach, however, a simple and intuitive structure 

may be lost. In this paper, we consider the issue of stability from several perspectives. 

One perspective involves the use of validating or testing samples to assess stability of 

classification trees and evaluate their predictive performance. The stability depends on both the 

learning algorithm and the specific data set. For some data sets, the results could be very stable 

with respect to the CART algorithm. Test samples can be used to evaluate stability (Zhang, 

1998), especially when test and learning samples share some common inherent features. We also 

note that sensitivity analysis is closely related to the study of stability. Sensitivity analysis aims 

to provide an understanding of how the variation in the numerical or other type of output from a 

modeling or computational procedure depends on the variation in the input. 

Bootstrap, a well established statistical resampling technique, essentially does data self-

perturbation on the input. The corresponding variation in the resulting trees measures the 

sensitivity of the modeling algorithm with respect to the specific data set. Although the final tree 

generated by the learning algorithm may be unstable, some sub-structures within trees, especially 

those closer to the root, might be relatively more stable. Another perspective involves the use of 
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the bootstrap technique to generate multiple samples which are used to build tree structures. 

Then, we measure stability of sub-structures by counting their frequencies among trees obtained 

from test samples or from samples subjected to data self-perturbation. 

The selection of the cost function plays an important role in stability. When penalties on 

misclassifications are unequal, depending on the severity of the departure from equal 

misclassification penalties, we observe that final trees generated by CART tend to become more 

stable (Kitsantas et al., 2005). Thus, stability can be controlled to some extent by the selection of 

the cost function. We take into consideration the cost function in both perspectives. These issues 

are investigated using a birth data set. The data were obtained from birth certificates recorded in 

Florida during 1998 and 1999. Singleton births with a gestational length of 22 to 42 weeks were 

divided into low (<2500g) and normal birth weight (≥2500g). Geographical regions or health 

districts formed by the Florida Bureau of Epidemiology (FBE), Figure 1, were also used to 

further categorize births. There are seven regions including Panhandle, Northeast, North Central, 

Tampa Bay, South Central, Palm Beach-Broward and Dade-Monroe.  

In Section 2, we summarize a number of studies that have assessed stability issues related 

to tree models. A preliminary study which involves the use of the bootstrap methodology in 

assessing stability among classification trees using both continuous and discrete variables is 

presented in Section 3. A condensed version of this research is given in Kitsantas et al. (2005). 

Section 4 provides information about the datasets utilized in investigating independent-tested 

classification trees for a two-and-three class outcome variable. We also provide results related to 

the application of the bootstrap approach for these specific tree models.  The conclusions of this 

study are presented in Section 5.  

2. Approaches to assessing stability of tree models 
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Numerous measures that assess the reliability and stability of classifiers have been 

developed in order to enhance the accuracy of unstable regression and classification trees  

(Breiman, 1996; Breiman, 1998; Wernecke et al., 1998; Dannegger, 2000; Stein et al., 2001). 

These measures of reliability and stability rely mainly on resampling techniques such as the 

bootstrap since direct analytical inference about the distributions involved is difficult due to the 

hierarchical dependent structures of tree models. For instance, Breiman (1996) introduced 

bagging or bootstrap aggregation as a method to alleviate some of the instability related to 

CART. Bagging generates multiple versions of a classification rule and averages these trees to 

obtain an aggregated predictor that has a reduced variance. Alternatively, the boosting procedure 

(Freund and Shapire, 1997) draws the sample for the next tree based on the performance of prior 

trees. A problem with these predictor aggregation techniques, however, is the loss of a simple 

structured predictor.  

In order to alleviate this problem, Wernecke et al. (1996) suggested a counting algorithm. 

According to this procedure, the population is divided into K subsamples. Each of these K 

samples is eliminated once and a classification tree is constructed using the remaining K-1 

samples. The quality of the tree is assessed on the basis of the removed objects. Stein et al. 

(2001) built on this method to further validate the characteristic combination of covariates by 

introducing a validation procedure at every node. A node-level stabilizing procedure along with 

tree stability diagnostics has also been developed by Danneger (2000). These node-level 

stabilizing procedures, however, have been applied mainly to survival classification trees that 

involve a two-class outcome variable. 

Furthermore, Zhang (1998) investigated the use of tree-based methods for analyzing 

multiple binary responses. In examining the predictive performance and stability of the multiple 
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response trees, the researcher split the dataset into building and validating sets. The validating set 

was completely independent of the building set which was involved only in building the selected 

tree structures. This out-of-sample comparison of tree models leads to unbiased statistical 

inference related to predictive performance and stability issues (Zhang, 1998).  

In this study, we assess stability issues in classification trees using mainly bootstrapping 

and Zhang's (1998) approach based on independent validating samples. Specifically, 

classification trees are constructed for a two class-outcome variable using four decision rules 

which are characterized by different sets of misclassification costs and priors. Stability issues 

related to predictive performance, tree structure, and variable selection are evaluated. We expand 

this approach to a three-class outcome variable. We further investigate stability patterns among 

classification trees by applying the bootstrap methodology.  

3. Assessing classifier stability via the bootstrap  

3.1 Characteristics of the data and methodology 

We investigated stability patterns among classification trees using the bootstrap 

methodology. Specifically, these analyses were performed to determine the stability of classifiers 

that included both continuous and discrete variables. Tree models were built based on equal 

misclassification costs and equal prior probabilities. The study population was composed of 

195,564 births recorded in the State of Florida during 1998. In this analysis, 19 predictors were 

considered as potential risk factors of low birth weight. The 19 variables were gender of infant, 

plurality, mother's age, race, education, marital status, smoking during pregnancy, number of 

cigarettes per day, alcohol consumption, number of drinks per day, weight gain during 

pregnancy, month of pregnancy prenatal care began, number of prenatal visits, medical history of 

pregnancy, abnormalities of newborn, congenital anomalies of newborn, number of previous live 

births (parity), number of previous live births now dead, and number of previous terminations. 
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The outcome variable consisted of two levels namely, normal (birth weight ≥2500g) and adverse 

births (birth weight <2500g). 

S-plus (Insightful, 2000) was used to generate 100 bootstrap samples (n = 30,000) with 

replacement from a random sample of 30,000. The random sample of 30,000 was generated 

without replacement from the original data file of 195,564 birth records. All of the 100 

bootstrapped samples were then exported into the CART Software (Salford Systems, 2000) and 

trees were constructed. The Gini Index was used as a criterion for selecting the best splits as 

preliminary analyses revealed that tree structures and predictive tree accuracies were similar 

whether the Gini or twoing criteria were used. We assumed equal misclassification costs and the 

test sample estimation was utilized. 

The two basic components of the stability evaluation procedure were information 

extraction and estimation. We first isolated and then estimated the frequency of a variable 

sequence or pathway in a tree that led to a particular outcome (adverse or normal births) using 

scripts in the Perl computing language. For ease of interpretation of the trees and results of this 

paper, we remind the reader that a split value of a feature variable is the best one to divide a node 

in the sense of giving the largest decrease in node impurity, and a  pathway consists of a 

sequence of splitting rules. For formal definitions of these well-known notions, see Breiman et 

al. (1984). 

3.2 Results 

Figures 2 and 3 each present a sample tree constructed from bootstrap replicates. Each 

tree was composed of two panels and ten pathways leading to ten terminal nodes. In both 

samples, the leftmost panel consisted mostly of cases that did not experience medical 

complications during their pregnancy and included four pathways, while the rightmost panel was 
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composed of cases that had health problems and included six pathways. These patterns emerged 

in all 100-classification trees. 

Table 1 shows all 100 tree-pathways including their terminal nodes, splitting values, and 

the class by which each terminal node was characterized along with the number of times the 

pathways appeared. The first four pathways, which were observed in the left panel of the tree 

structure, occurred in all trees. All of them had the same split values except one variable, namely 

weight gain. There was one classifier with a split value of 20.5lbs, while the rest of the trees (99 

trees) had a split value at 20.0lbs. A less consistent pattern was observed on the rightmost panel 

where multiple variations were common for the sixth through the eleventh pathway (Table 1). In 

addition, for this panel, we observe that only one pathway which included the variables of 

medical history of pregnancy, followed by education and number of terminations was found to 

be present in all trees (terminal node 5). 

The findings presented here shed some light on tree stability. By examining the 100 trees, 

it has been found that there was less variability on the left panel, which contains mainly normal 

birth weight cases. The right panel, however, could be characterized as an area of high 

variability. The task of investigating variability among classification trees is clearly an important 

one, and needs further investigation. 

4. Assessing classifier stability via an independent test sample 

4.1 Characteristics of the data and methodology 
 

The study population consisted of 181,690 and 182,807 singleton births that occurred 

during 1998 and 1999 respectively. Both of these datasets were derived from birth certificates 

recorded in Florida. The outcome variable consisted of two categories, namely adverse births 

which were characterized by short gestational length (22-36 weeks) and low birth weight 
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(<2500g), and normal births (37-43 weeks, ≥2500g). Maternal characteristics that were available 

for analysis and consequently investigated as potential risk factors included ethnicity  (Black, 

White, Hispanic and Other), age (<18, 18-34, and >34), education (<9, 9-11, 12, 13-16, and ≥17 

years), marital status (married, single), tobacco use (yes or no), prenatal care (adequate if it was 

started in the 1st trimester, inadequate if it started in the 2nd or 3rd trimester), health problems 

experienced by the mother during pregnancy (yes or no), weight gain during pregnancy (<20lbs, 

20-40lbs, and >40lbs), and parity (primipara, low which is defined as one  birth prior to current 

one, and high defined as two or more births). The distribution of the 1998 population 

characteristics was similar to the 1999 birth cohort. The seven geographical regions or health 

districts formed by the FBE were also used to further categorize births. Figure 1 presents the 

counties that constitute each region.  

We used the software CART (Salford Systems, 2000) to build the classification trees. 

Classification trees were constructed for each region based on four rules (A, B, C, and D) which 

were characterized by different sets of misclassification costs and prior probabilities. We 

introduced a set of misclassification costs ( | )c i j  which indicate the cost of misclassifying a 

class j object as a class i object and satisfy: (i) ( | ) 0,c i j ≥  i j≠ ; and (ii) ( | ) 0,c i j =  .i j=  For 

rule A, the prior probabilities were equal (e.g., 0 1 1 2π π= = ), while the misclassification costs 

were 0 (1| 0) 1,c c= =  and 1 (0 |1) 1.c c= =  In rule B, misclassifying a low birth weight outcome 

(class = 1) was more costly than misclassifying infants whose weight was normal (class = 0). A 

penalty of 2 was assigned to class 0 if the process misclassified a class 1 subject (low birth 

weight outcomes) as class 0 (normal births). For this rule, the prior probabilities were equal, and 

the misclassification costs assigned were 0 (1| 0) 1,c c= =  and 1 (0 |1) 2.c c= =   
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Classification trees were also built for rule C, which was characterized by mixed priors 

( 0 0.714,π =  1 0.286π = ) and equal misclassification costs ( 0 1 1c c= = ). Mixed priors are 

computed based on the average of the equal priors and empirical priors (the distribution of the 

classes of the dependent variable in the sample). Finally, in rule D, prior probabilities were 

mixed ( 0 0.714,π = 1 0.286π = ) and misclassification costs were unequal ( 0 1,c =  1 2c = ). The 

test sample estimation method was used.  

Table 2 provides information on classifier prediction performance in terms of sensitivity 

and specificity for each of four decision rules which vary according to the choice of the priors 

and the choice of the cost structure. Although no general conclusions can be deduced from the 

results of the four rules of Table 2, the table illustrates that prediction performance, as measured 

by sensitivity and specificity, depends on the cost structure and the choice of priors. Sensitivity 

increases as the cost of misclassifying a low birth weight baby increases relative to the other 

misclassification cost. In addition, the use of the empirical priors increases specificity while 

reducing sensitivity in comparison with the equal priors case. Furthermore, if the goal of the 

study is to achieve a predesigned specificity and sensitivity, one can try to achieve this goal by 

selecting appropriate priors and misclassification costs. 

Classification trees built based on rule A and B were constructed for the seven FBE 

geographical regions. We chose these classifiers since they had some of the highest sensitivity 

values. These trees were constructed using a learning and test sample from the same data set 

(year 1998). Classifier stability for these tree models was first evaluated using an independent 

validating sample based on Zhang's idea (1998). In this process, we used two separate data sets; 

the learning sample which consisted of data collected in the year of 1998; and an independent 

validating or test sample that included data from 1999.  
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We applied the independent validating technique to a three-class outcome variable to 

further examine tree stability in the case of a non-dichotomous variable. The outcome variable in 

this case consisted of three classes: preterm and low birth weight (22-36 weeks, <2500g) denoted 

by class 0, term and low birth weight (≥37 weeks, <2500g) denoted by class 1, and normal births 

(≥37 weeks, ≥2500g) denoted by class 2. The same independent variables were utilized in this 

approach as in the two-class example where the 1998 birth cohort was used. In building these 

trees, the prior probabilities were set equal, while the misclassification costs were as follows: 

( | ) 0,c i j = ;i j= (1| 0) 3,c = (2 | 0) 3,c = (0 |1) 2,c = (2 |1) 2,c = (0 | 2) 1,c =  (1| 2) 1c = .  

We also named this rule B since it has unequal misclassification costs and equal priors. The test 

sample estimation was also utilized in the construction of these tree-models. 

The costs displayed are chosen to represent situations where misclassifying a "preterm 

and low birth weight" outcome as either a "term and low birth weight" or a "normal" is three 

times as undesirable as misclassifying a normal outcome as either a "preterm and low birth 

weight" or a "term and low birth weight" and misclassifying a "term and low birth weight" into 

either of the other two categories is twice as undesirable as misclassifying a "normal". While this 

cost structure is certainly reasonable, some other scientists or health providers might naturally 

assign different costs. There is of course always a partially subjective aspect in assigning such 

costs. 

 It is also important to note that in both cases, two-or-three class outcome variable, we 

have not found optimal misclassification costs or optimal procedures since we did not consider 

all possible choices of misclassification costs and thus no optimization or optimal property was 

established. We only get indications from these comparisons about the values of sensitivity and 

specificity.  
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4.2 Results 

Figures 4 and 5 present tree classifiers which were built based on rule A for the 

Panhandle region. The tree model in Figure 4 was constructed using a learning and test sample 

from birth data recorded in 1998, while the model in Figure 5 was built with a learning sample 

from 1998 and an independent test sample from 1999 data. Comparing these two figures shows 

that both trees have the same structure, with the exception that the classifier in Figure 5 has one 

different split. This split is found at the last daughter node where marital status was replaced by 

prenatal care in the independent-tested-sample classifier.  

A seven terminal node tree was also built for the Northeast region (Figure 6). For this 

region, the independent-tested tree in Figure 7 matched the profile of the original tree in Figure 

6, with the exception that marital status was replaced by prenatal care in the independent-tested-

sample model. Larger differences were observed between the original and independent-tested-

sample trees for the North Central region where the entire right side of the tree of Figure 8 was 

pruned in the classifier that was tested by an independent sample (Figure 9). The left side of both 

trees remained the same and included the same splitting variables. 

The most unstable classifier was observed for the Tampa Bay region. Both the structure 

of the classifier and the selection of the variables were different between the original tree 

displayed in Figure 10, and the independent-tested-sample tree, Figure 11. Similarly, the 

classifiers in Figures 12 and 13 had different structures and few differences in variable selection. 

The classifier for the Palm Beach-Broward region (Figure 14) had similar structure and splitting 

variables with the independent-tested-sample tree in Figure 15. Differences between these two 

models were observed at the lower levels of the classifiers where tobacco use was replaced by 

parity in the independent-tested tree. For the two classifiers of the Dade-Monroe area (Figures 16 
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and 17), we observe that although the structures were similar, there were differences in the 

number of nodes and the location of terminal nodes. 

We also assessed the stability of classifiers that were built based on rule B using an 

independent validating sample (tree models not shown). Overall, the decision rule B classifiers 

were more stable than the rule-A models. That is, unequal misclassification costs tend to produce 

more stable models compared to models with equal misclassification costs. The epidemiological 

implications of such differences will be discussed in a different study. 

We also display the independent-tested classifiers which were built for a three-class 

outcome variables using unequal misclassification costs and equal prior probabilities, namely 

rule B. For illustration purposes we only present two classifiers that were built for the Panhandle 

region, Figures 18 and 19. Figure 19 presents a nine-terminal node tree that was built based on 

data that originated from the Panhandle region, and an independent sample as a validating set 

(data recorded in 1999 for the same region). Comparing this Figure with Figure 18, we find that 

both trees have the same structure, with the exception that the classifier in Figure 19 has an extra 

terminal node. All splits involved approximately the same predictors except for the two nodes at 

the lower levels of the independent-tested tree, where marital status replaced parity, and 

education was replaced by parity. 

We also used the 1999 data as a learning sample and the 1998 data as a test sample. The 

construction of classification trees for assessing stability performance was based on rule A. 

When we used the 1998 data as the test sample and the 1999 data as the learning sample, we 

observed similar structure, variable selection and splitting among various classifiers. Overall, 

changing the learning set did not appreciably alter the structure of most of the trees.  

4.3 Bootstrap approach in assessing stability of rule A and B classifiers 
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Using the 1998 birth cohort and variables as those described in section 4.1, we further 

investigated stability patterns for the two-class case among classification trees for rules A and B 

via the bootstrap methodology. Two hundred bootstrap replicates were generated from each of 

the seven regions. Tree-based models were applied to each replicate. The Gini index and test 

sample estimation were used in building these trees. Stability was examined in terms of 

obtaining the same variables or variable splits and structure across different bootstrap replicates 

generated from the same data set. We observed classification trees that were built based on rule 

B to be far more stable than the ones constructed using rule A. Rule B tree-structures were 

similar in variable selection and structure. Although the variable selection was similar across 

these classifiers, there were occasions where the same variables were displayed at different 

locations. 

5. Conclusions 

Classification trees offer a competitive and easily interpretable alternative to the 

traditional tools of parametric regression. Decision-tree algorithms, however, are known to be 

unstable. Commonly, the symptoms of instability include variations in the predictive accuracy of 

the model and in model topology (Last et al., 2002). According to Last et al. (2002), instability 

can be revealed not only by using disjoint sets of data, but even by replacing a small portion of 

validating or training cases. In this study we have assessed stability among classification trees 

using independent test samples and bootstrap replicates.  

The construction of various decision rules based on varying misclassification costs and 

equal priors allowed the exploration of stability issues related to tree structure, variable selection 

and predictive performance. We observe that penalizing a process based on the importance of 

misclassifying diseased cases as non-diseased can affect the structure of the tree models and their 

predictive performance. For instance, trees built based on rule A had a greater degree of variation 
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(less stable) compared to rule B which was characterized by unequal misclassification costs. 

These results suggest that researchers who are using the classification tree technique to identify 

risk groups in the medicine or public health fields need to take into consideration the influence of 

misclassification costs in both predictive performance and tree structure. Investigating these 

issues along with splitting criteria may lead to the production of honest classifiers. 

Furthermore, misclassification costs, whether they were equal or not, did not influence 

the hierarchy of the top splitters (variable selection). This in turn had an effect on the distribution 

of risk groups between the two classification tree sets. That is, risk groups located near the top 

(up to the third or fourth daughter node) of a tree model were more likely to be characterized by 

the same splitting variables in both sets of classifiers, A and B. Variation in variable selection 

was observed in the lower branches of the trees. 

Rule B classification trees were smaller in size relative to rule A trees. According to 

Breiman et al. (1984), when a class has higher misclassification costs in comparison to other 

classes, then the tree construction process will tend to guard this class from misclassification. 

This tends to ignore a more effective separation between the lower cost classes, resulting in a 

smaller tree size.   

In our studies, instability was more likely to occur when classification trees were built 

with equal misclassification costs and equal priors. The use of unequal misclassification costs, 

however, reduced instability in our examples. Specifically, the independent-tested rule B 

classifiers were more stable compared to independent-tested rule A models. In addition, when 

rule-A tree models were applied to bootstrap replicates, we observed that these models were 

unstable. Stability continued to exist among rule B classifiers that were constructed using 

bootstrap replicates. Topological differences of a minimum effect were observed in variable 
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rankings within certain regions for rule B bootstrap replicates. These results pertain to tree 

models built exclusively with a set of categorical variables. 

Some indications that can be drawn from the methodologies related to investigating 

stability issues among trees and with the data sets we utilized are: (i) classifiers that included 

both categorical and  continuous variables and were built with equal misclassification costs and 

priors were overall stable; (ii) classifiers with unequal misclassification costs and equal priors 

(rule B) were judged stable regardless of the assessing technique utilized (bootstrap replicates or 

independent test samples); (iii) classifiers with equal misclassification costs and equal priors 

(rule A) were more likely to be judged unstable when stability was assessed by bootstrap 

replicates; (iv) interchanging the learning set did not appreciably alter the structure in most of the 

classifiers; and (v) the “motif” sub-structure revealed from bootstrap trees may bring us insights 

into the scientific problem under investigation.
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Figure 1. The seven geographical regions 
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Table 1. Frequencies and class outcomes of 100 classification trees 
 
Terminal 
Nodes 

Pathways*  Split Value** Class  Frequency  
 

1 Medical history of pregnancy No medical problems 0 100 
 Mother’s age ≤ 20.5   
 Weight gained during pregnancy ≤ 31.5   
 Weight gained during pregnancy ≤ 20.5 or ≤ 20.0   
     
2 Medical history of pregnancy No medical problems 1 100 
 Mother’s age ≤ 20.5   
 Weight gained during pregnancy ≤ 31.5   
 Weight gained during pregnancy >20.5 or >20.0   
     
3 Medical history of pregnancy No medical problems 0 100 
 Mother’s age ≤ 20.5   
 Weight gained during pregnancy > 31.5   
     
4 Medical history of pregnancy No medical problems 0 100 
 Mother’s age >20.5   
     
5 Medical history Medical problems 0 100 
 Mother’s education ≤ 12.5   
 Number of terminations ≥ 2.0   
     
6(a) Medical history of pregnancy Medical problems 1 21 
 Mother’s education ≤ 12.5   
 Number of terminations ≤ 1.0   
 Month of pregnancy prenatal care began ≥ 8.0   
     
6(b) Medical history of pregnancy Medical problems 1 29 
 Mother’s education ≤ 12.5   
 Number of terminations ≤ 1.0   
 Number of live births (parity) ≤ 1.0   
     
6(c) Medical history of pregnancy Medical problems 0 29 
 Mother’s education ≤ 12.5   
 Number of terminations ≤ 1.0   
 Number of live births (parity) ≥ 2.0   
 Plurality ≤ 2.0   
     
6(d) Medical history of pregnancy Medical problems 1 29 
 Mother’s education ≤ 12.5   
 Number of terminations ≤ 1.0   
 Number of live births (parity) ≥ 2.0   
 Plurality > 2.0   
     
7(a) Medical history of pregnancy Medical problems 0 99 
 Mother’s education >12.5   
 Plurality ≤ 1.0   
     
7(b) Medical history of pregnancy Medical problems 1 99 
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 Mother’s education >12.5   
 Plurality ≥ 2.0   
     
8(a) Medical history of pregnancy Medical problems 0 1 
 Mother’s education > 12.5   
 Plurality ≤  2.0   
     
8(b) Medical history of pregnancy Medical problems 1 1 
 Mother’s education > 12.0   
 Plurality > 2.0   
     
9(a) Medical history of pregnancy Medical problems 1 30 
 Mother’s education ≤ 12.5   
 Number of terminations ≤ 1.0   
 Weight gained during pregnancy ≤ 32.0   
     
9(b) Medical history of pregnancy Medical problems 0 30 
 Mother’s education ≤ 12.5   
 Number of terminations ≤ 1.0   
 Weight gained during pregnancy > 32.0   
 Mother’s race White   
     
9(c) Medical history of pregnancy Medical problems 1 30 
 Mother’s education ≤ 12.5   
 Number of terminations ≤ 1.0   
 Weight gained during pregnancy > 32.0   
 Mother’s race Other   
     
10(a) Medical history of pregnancy Medical problems 1 20 
 Mother’s education ≤ 12.5   
 Number of terminations ≤ 1.0   
 Mother’s age ≤ 19.5   
     
10(b) Medical history of pregnancy Medical problems 0 20 
 Mother’s education ≤ 12.5   
 Number of terminations ≤ 1.0   
 Mother’s age > 19.5   
     
11(a) Medical history of pregnancy Medical problems 1 20 
 Mother’s education ≤ 12.5   
 Number of terminations ≤ 1.0   
 Month of pregnancy prenatal care began > 1.0   
 Child’s gender male   
     
11(b) Medical history of pregnancy Medical problems 0 20 
 Mother’s education ≤ 12.5   
 Number of terminations ≤ 1.0   
 Month of pregnancy prenatal care began > 1.0   
 Child’s gender female   
* A pathway is a sequence of splitting rules in a classification tree. 
** A split value is the best value of a feature variable to divide a node to give the largest decrease in node 
impurity. 
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Table 2. CART analyses using four decision rules 
 
 Rule A 

π0 = π1 = ½ 
c0 = c1 = 1 
 
Specificity*    Sensitivity** 

Rule B 
π0 = π1 = ½ 
c0 = 1 c1 = 2 
 
Specificity    Sensitivity 

Rule C 
π0 = 0.714  
π1 = 0.286 
c0 = c1 = 1 
Specificity   Sensitivity 

Rule D 
π0 = 0.714  
π1 = 0.286 
c0 = 1 c1 = 2 
Specificity   Sensitivity 

Panhandle 58.1              70.4 38.3               88.0 95.5             13.4 77.9              49.7 
Northeast 54.2              75.5 40.5               87.7 90.1             31.9 75.1              55.3 
North Central 57.6              71.5 31.0               89.4 95.1             18.2 74.6              51.1 
Tampa Bay 62.8              70.1 30.6               90.9 94.2             20.2 74.6              50.7 
South Central 69.4              57.7 32.0               89.3 91.7             25.9 81.2              43.3 
PB-Broward 63.8              63.2 27.4               92.1 94.9             14.7 73.2              51.5 
Dade Monroe 59.9              64.6 19.9               92.7 93.7             19.6 64.6              59.9 
 
*Specificity is the probability that a normal birth is correctly classified. 
**Sensitivity is the probability that an adverse birth is correctly classified. 
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Figure 2. A sample of a bootstrap classification tree. The single asterisk indicates the class 
name, while the double asterisk indicates the terminal node number. In each node, the 
notation 0 stands for normal births, and 1 indicates adverse birth outcomes (learning 
sample = 30000 and test sample = 14820).
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Figure 3. Another sample of a bootstrap classification tree. The single asterisk indicates the 
class name, while the double asterisk indicates the terminal node number. In each node, the 
notation 0 stands for normal births, and 1 indicates adverse birth outcomes (learning 
sample = 30000 and test sample = 14820). 
 
 



 22

 
 
Figure 4. Classification tree of Panhandle - rule A. The single asterisk indicates the class 
name, while the double asterisk indicates the terminal node number. In each node, the 
notation 0 stands for normal births, and 1 indicates adverse birth outcomes (learning 
sample = 13,949 and test sample = 6,837).
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Figure 5. Independent-tested classification tree of Panhandle - rule A (learning sample = 
20,786, year = 1998 and test sample = 20,837, year = 1999) 
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Figure 6. Classification tree of Northeast - rule A. The single asterisk indicates the class 
name, while the double asterisk indicates the terminal node number. In each node, the 
notation 0 stands for normal births, and 1 indicates adverse birth outcomes (learning 
sample = 13,025 and test sample = 6,393). 
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Figure 7. Independent-tested classification tree of Northeast -rule A (learning sample = 
19,418, year = 1998 and test sample = 19,303, year = 1999).
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Figure 8. Classification tree of North Central - rule A. The single asterisk indicates the 
class name, while the double asterisk indicates the terminal node number. In each node, the 
notation 0 stands for normal births, and 1 indicates adverse birth outcomes (learning 
sample = 19,512 and test sample = 9,673). 
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Figure 9. Independent-tested classification tree of North Central - rule A (learning sample 
= 29,185, year = 1998 and test sample = 29,713, year = 1999). 
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Figure 10. Classification tree of Tampa Bay - rule A. The single asterisk indicates the class 
name, while the double asterisk indicates the terminal node number. In each node, the 
notation 0 stands for normal births, and 1 indicates adverse birth outcomes (learning 
sample = 18,640 and test sample = 9,199). 
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Figure 11. Independent-tested classification tree of Tampa-Bay -rule A (learning sample = 
27,839, year = 1998 and test sample = 28,083, year = 1999).
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Figure 12. Classification tree of South Central - rule A. The single asterisk indicates the 
class name, while the double asterisk indicates the terminal node number. In each node, the 
notation 0 stands for normal births, and 1 indicates adverse birth outcomes (learning 
sample = 15,604 and test sample = 7,709). 
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Figure 13. Independent-tested classification tree of South Central- rule A (learning sample 
= 23,313, year = 1998 and test sample = 23,358, year = 1999). 
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Figure 14. Classification tree of Palm-Beach Broward - rule A. The single asterisk 
indicates the class name, while the double asterisk indicates the terminal node number. In 
each node, the notation 0 stands for normal births, and 1 indicates adverse birth outcomes 
(learning sample = 20,899 and test sample = 10,377).
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Figure 15. Independent-tested classification tree of Palm Beach-Broward - rule A (learning 
sample = 31,276, year = 1998 and test sample = 31,519, year = 1999). 
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Figure 16. Classification tree of Dade-Monroe - rule A. The single asterisk indicates the 
class name, while the double asterisk indicates the terminal node number. In each node, the 
notation 0 stands for normal births, and 1 indicates adverse birth outcomes (learning 
sample = 20,002 and test sample = 9,871). 
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Figure 17. Independent-tested classification tree of Dade-Monroe -rule A (learning sample 
= 29,873, year = 1998 and test sample = 29,994, year = 1999). 
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Figure 18. Classification tree of Panhandle - rule B. In each node, the notation 0 stands for 
the class Preterm and LBW outcomes, 1 indicates Term and LBW outcomes, and 2 
indicates Normal Births (learning sample = 13,949 and test sample = 6,837). 
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Figure 19. Independent-tested classification tree of Panhandle - rule B (learning sample = 
20,786, year = 1998 and test sample = 20,837, year = 1999)
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