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Abstract 

 
The primary objective of disparities research is to 

model the differences across multiple groups and 
identify the groups that behave significantly different 
from each other. Independently generating various 
decision trees for different subsets of the data will not 
allow us to study the impact of the various attributes 
on these different subgroups. We propose a novel 
technique for inducing similar decision trees for 
different subpopulations and also develop a new 
distance metric between two decision trees which 
measures the difference in the underlying data 
distributions of these subgroups. The proposed 
framework is evaluated by analyzing the racial 
disparities in breast cancer. Our method was able to 
rank different populations with respect to the disparity 
and detect the attributes that are most responsible for 
such differences. 
 
1. Introduction 

 
According to National Cancer Institute, health 

disparities are differences in the incidence, prevalence, 
mortality, and burden of cancer and related adverse 
health conditions that exist among specific population 
groups in the United States [8]. These population 
groups may be characterized by gender, age, ethnicity, 
education, income, social class, disability, geographic 
location, or sexual orientation. There are many factors 
that influence disparity. In the context of racial 
differences in the United States, it is found that African 
Americans, Native Americans, and Latinos have higher 
incidence of chronic diseases, higher mortality, and 
poorer health outcomes compared to the white 
population [9]. Cancer incidence rate among African 
Americans (AA) is 10% higher than Caucasian 
Americans (CA) [10]. It is also reported that AAs and 
Latinos have approximately twice the risk compared to 
the CAs for developing diabetes. Minorities also have 
higher rates of cardiovascular disease, HIV/AIDS, and 
infant mortality than CAs [10]. There has also been 

some research work in locating disparity among 
populations from different geographic locations. Some 
works describe the overall cancer incidence, mortality, 
and prevalence, age-adjusted temporal trends, and age-
specific incidence patterns in selected geographic 
locations [11]. Disparity analysis on different 
demographic and socio economic factors such as race, 
socio-economic position, sexual practice, age, access to 
clinical trials, literacy, disability, immigration status, 
insurance, and geography have been studied [12]. Most 
of the disparity analyses are centered on socio 
economic factors. A recent study of 20,000 cancer 
patients [13] in the United States found that AAs 
compared to the European Americans are less likely to 
survive breast, prostate and ovarian cancers even when 
equal care is given. This suggests that other biological 
factors may be important for this racial disparity. One 
of main goals of disparities research is to model the 
differences across multiple groups of patients and 
identify those populations where these groups behave 
differently.  

In this paper, we will build novel predictive 
modeling tools to capture racial disparities in breast 
cancer. Breast cancer is the most common cancer and 
the second leading cause of cancer death among US 
women [14]. For several decades, researchers have 
documented disparities across several domains in 
breast cancer risk, incidence, screening, diagnosis, 
treatment, survival and mortality. There is tremendous 
public support, especially among women, for 
increasing efforts to find a cure for the breast cancer. 
However, these efforts are unlikely to play a significant 
role in addressing disparities in risk, treatment, and 
mortality unless there is a better understanding and 
recognition of specific factors leading to disparities. 

We develop a new method for modeling differences 
across subgroups. In this work, we used a decision tree 
model to measure dissimilarity between groups of data, 
which in turn are portions of a larger dataset. The 
traditional solutions in the field of disparities research 
partially addresses the dissimilarity issue, but fails to 
provide any comprehensive technique in terms of the 
prediction models. They build basic statistics of the 
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2. Differential Predictive Mode
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2.2.2. Path component of the similarity score. We 
also assign a similarity score to each attribute by 
performing path-wise analysis. Since the C4.5 
performs a Depth First Search (DFS) to construct the 
tree, it explores a path fully down to the leaf node and 
then backtracks to an earlier node which is not fully 
expanded, thus adding a new path. Our algorithm also 
proceeds in the same manner. 
     While constructing T1 using our algorithm, let us 
consider a path þ. The objective here is to make paths 
of T1 as similar as possible to the paths of T. Hence, 
higher scores are assigned to the attributes that would 
help to form similar paths. To ensure this, our 
algorithm compares the current path þ of T1 with every 
path in the reference tree T. Attributes in those paths 
(other than the attributes already in þ) are assigned a 
similarity score proportional to the similarity of that 
path with þ; which is measured by the number of 
attribute-outcome pairs common in both the paths. If 
every attribute-outcome pair of þ appears in a path of T 
then the assigned score for that path is the maximum 
(which is 1). Attributes may appear in different paths 
of T, yielding different scores for a single attribute. In 
such cases, the maximum of these scores is assigned to 
that attribute. If þ is empty (at the very beginning when 
we start with the root) then no score for path 
component is assigned. Tree T (Fig 2) has 16 paths and 
the current path in T1 (þ) has 3 attributes (1, 2, 3). P4, 
P5, P11, P12 are four different paths in T having all the 
three attributes. So, the other attributes of these four 
paths: 5, 6, 9 get a score of 1. In P1, P2 there are 2 
attributes (1, 2) common with þ. So, attributes 4 and 8 
are scored 2/3. For paths P7, P8, P9, the attribute 7 is 
given a score of 2/3. Attribute 5 has already been 
weighted with a higher score. Other attributes are 
scored in the same manner. 

After the level and path components of the 
similarity score are computed, these two components 
are added for every attribute. This aggregated score is 
then normalized to get Ś. 

 
2.3. A Continuum of Tree Models 

 
First, we will discuss our algorithm for measuring 

the tree distance for any two decision trees T1 and T2. 
Then, we will show the use of this distance measure in 
generating a continuum of tree models from the 
reference tree. 

For measuring the tree distance, we compare the 
attributes at the same level of two trees T1 and T2. At 
each level, both the trees contribute a distance 
parameter that adds up to the overall distance. The 
distance parameter for the tree T1 is the ratio of the 
number of attributes of T1 that are not common in the 

same level of T2, to the number of attributes of T1 at 
that same level.  There is a similar distance parameter 
for T2. If a tree is deeper than the other tree, then only 
the deeper tree contributes for the distance parameter at 
the deeper level of that tree, where there are no 
attributes at the same level in the other tree. The 
overall distance is averaged by the total number of 
distance contributions made by both the trees. Each of 
these contributions has a maximum value of 1. So, the 
average distance will also have a maximum value of 1. 
If the trees are exactly the same, then the distance will 
be zero. 

For generating a continuum of similar models, we 
will use our algorithm in the following manner: Let us 
consider the problem of measuring the disparity of two 
groups. The dataset corresponding to these two groups 
are D1 and D2 respectively. Let T be the reference tree 
built on the dataset D1 ׫ D2. For a fixed w, we would 
build a tree for D1. In the process of the tree 
generation, we calculate the level and the path 
components of the similarity score repeatedly in order 
to determine the attribute for splitting. At the end of the 
tree generation process, we measure its distance from 
the reference tree T. Thus, for different w values, we 
will get a continuum of tree models for D1. Among 
these models, a single model whose distance from T is 
the minimum will be chosen. Similarly, we build a 
model of continuum for D2 and select the optimal 
model. Finally, the distance between these two optimal 
models is obtained by calculating their distance 
directly from each other. This distance is a measure for 
the difference between D1 and D2. 

 
3. Experimental Results 

 
The dataset is assembled retroactively for this study 

and contains data records from over 34,000 women 
diagnosed with primary invasive breast cancer in the 
Detroit area during the years 1995-2006. All of the 
patients in the analysis were residents of the tri-county 
Detroit metropolitan area (Wayne, Oakland and 
Macomb counties) at the time of diagnosis. The tumor 
behavior of these women is either in situ or malignant. 
The women are diagnosed with a first primary invasive 
breast cancer identified through the population based 
Metropolitan Detroit Cancer Surveillance System 
(MDCSS). MDCSS is one of founding members of the 
NCI Surveillance Epidemiology and End Results 
(SEER) program. We used the socio-economic status 
(SES) data at the census tract level to improve the 
precision of the SES estimates [6]. The strength of 
such large data sets such as the SEER database 
however is in the large number of cases and the long 
follow up available [7]. 



3.1. Data Preprocessing 
 
In our dataset, the patients who had died from breast 

cancer during the years 1995 to 2006 are considered 
for further analysis. Also, the patients with cancer 
stage 0, 4 and Caucasian American (CA) patients with 
Hispanic ethnicity are excluded. Hence, the final 
population for analysis consisted of 3649 women out 
of which 2459 (67.39%) were CA and 1189 (32.61%) 
were AA. 

The attribute “Survival Time Months” indicates the 
number of months the patient survived after diagnosis. 
The survival months of the patients are divided into 
four classes: 

1. Class1 (0-2 years). 
2. Class2 (2-5 years). 
3. Class3 (5-9 years). 
4. Class4 (> 9 years). 

 
We used these four different categories as the class 

labels for evaluating the proposed differential 
predictive models. Most of the attributes were 
categorical with a finite set of values. Only 8 out of the 
141 were numeric/continuous variables. (e.g. ‘Survival 
Months’, ‘Age’ etc). The coding used was the 
American Joint Committee on Cancer (AJCC) TNM 
edition 3 (1988) coding scheme to categorize patients 
by T stages (1, 2, 3, 4) and N stages (1, 2, 3). Cases 
were histologically grouped by labeling those with the 
International Classification of Diseases for Oncology 
(ICD-O-2) code. For building the continuum of trees, 
we have chosen a subset of most informative attributes 
to improve the performance of the models, to alleviate 
the effect of the curse of dimensionality [15], and to 
enhance generalization capability which also improves 
the interpretability of the model. 
 
3.2. Disparity Analysis 

 
We performed two different kinds of disparity 

analysis between the CA and AA population in the 
context of poverty and age. For measuring the disparity 
between the CA and AA population within different 
age groups, we divided the dataset into the following 4 
age groups:  (1) 20 – 50 years, (2) 50 – 65 years, (3) 65 
– 75 years and (4) greater than 75 years. The intervals 
are chosen such that we can contrast women likely to 
pre-menopausal and post-menopausal stage, as well as 
the old women (>75 years). 

For each patient in the dataset there were 141 
attributes that describe different types of information 
about the patient. Based on the expert’s suggestion we 
have selected the following 19 attributes which are 
grouped into four major categories: 

1. Demographic information: "Age", "Marital 
Status", “Year”. 

2. Tumor characteristics:  “T Value”,  “N Value”, 
“M Value”, “Tumor Size”, “ER”, “PR”, 
“Histology”, “Laterality”, “Primary Site”, 
“Regional Nodes positive”, “Stage”. 

3. Treatment: “Radiation”, “Surgery”. 
4. Census Tract Socio-economic Status (SES): 

“Median Household income”, “Primary Payer”, 
“Poverty”. 

 
Within each age group; while generating the trees 

for each of the racial groups, we varied the value of w 
to obtain a tree whose distance to the reference tree (in 
that age group) is the lowest. In our experiments, we 
have taken 100 different values for the parameter w 
ranging from 1.0 to 0.01 with decrements of 0.01. For 
any given group, accuracy at w=1 is equivalent to the 
accuracy of the tree induced by the standard C4.5 on 
that particular group. The accuracies for the models 
were calculated by 10 fold cross-validation. In Fig. 3, 
the deviation between maximum and minimum 
accuracy is not high (2.01% and 0.24% respectively). 
Hence, for each group, any of these 100 tree models 
(corresponding to 100 w values) can be regarded as a 
good representation of the data. 

 

 
Fig 3: Parameter w vs. accuracy for both 
groups (dashed-CA, solid-AA) in Age group 1. 
w is on the x axis and the accuracy (in 
percentage) is on the y axis. 
 

Fig. 4 plots different tree distances from the 
reference tree against different w values for the two 
groups (CA and AA) in age group 1 (20-50 years). 
During the tree generation process, the tree with the 
smallest distance from reference tree is considered to 
be the group model. We found the optimal CA model 
at w = 0.25. At this w, the distance of this tree with the 
reference tree (tree model for both CA and AA data in 
the age group 1) is 0.322. The optimal AA model is 
found at w = 0.41 and the corresponding distance is 
0.46. We chose these two models and calculated the 
distance between them using our algorithm. 
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Fig 4: Parameter w vs. tree distance for both 
groups (dashed-CA, solid-AA) in age group 1. 
w is on the x axis and tree distance is in the y 
axis. 
 

From Table 1, we see that the distance between the 
racial groups is highest in age group 3 (65-75 years) 
and is the lowest for age group 4 (>75 years). It means, 
in age group 3 the characteristic of CA and AA patient 
groups is most dissimilar while in age group 4 it is 
most similar. Table 1 also lists the p-values. We used 
the t test to calculate the two sided p-values at the 
significance level of 0.05. For each group, the 
numerical values of the survival months are used to 
calculate the p-value. p-value is the probability of 
observing a difference as large as has been observed 
under the null hypothesis [16]. In our test, the null 
hypothesis is that the samples are drawn from the same 
population. From Table 1, we see that all the p-values 
except the one for age group 4 are statistically 
significant (e.g. smaller than the significance level of 
0.05). In other words, the observed difference in age 
group 4 is not statistically significant. The observed 
difference as large as it is in age group 3 has a 
probability of 4.9272ൈ10-4, which is greater than that of 
all other age groups. This is another evidence for the 
two racial groups being most dissimilar in age group 3. 
However, in order to determine the difference in the 
data distribution, analysis based on p-value is not 
reliable. Because, p-value captures the differences in 
the data distribution with respect to only one attribute. 
In this case, it is the survival month. But, we are 
interested in a multivariate comparison. Moreover, 
many statisticians are not excited about such 
interpretation of p-values (e.g. the concept of 
‘significant’ and ‘very significant’ results by 
comparing the magnitude of p-values). They consider 
every result as either statistically significant or not 
statistically significant at a particular significance 
level. The novelty of our approach is that it captures 
the disparity of groups through comparison of 
multivariate models. 

 
 
 

Table 1: Distances between the CA and AA 
models in different disparity groups. 

Disparity Groups Distance p-value 

Age 20-50 years 0.642328 3.3042ൈ10-6

50-65 years 0.504311 4.1244ൈ10-9 

65-75 years 0.662227 4.9272ൈ10-4 

>75 years 0.446609 >0.05 

Poverty <0.07 0.569196 0.0376 

>0.07 0.3881 8.7781ൈ10-5 

 
While comparing the two trees corresponding to the 

two racial groups in age group 4, it is found that there 
are 6 attributes that appears either in the tree model of 
CA or in the tree model of AA, and not in both. These 
are: “Poverty”, “Marital Status”, “T”, “Surgery”, 
“Median Household Income” and “N”. These are the 
most responsible attributes for the disparity. To verify 
if this is a significant result, a decision tree model is 
learnt for age group 4 taking the “Race” attribute as the 
class label. This tree has 4 attribute levels. “Median 
Household Income” appears in the root and both of its 
children are the attribute “Poverty” appearing in the 
next level. Thus, besides finding out the extent of 
different behavior of the groups in different regions; 
our algorithm is also capable of pointing out the 
attributes responsible for such differences. 

A similar analysis in the context of poverty gives us 
the results listed in Table 1. The two racial groups are 
more dissimilar in poverty < 0.07 than in poverty > 
0.07. 0.07 is the median of the poverty values in the 
data. Hence, poor CA and AA patients are more similar 
in terms of their survival model. They are more 
dissimilar when they are not poor. It indicates that the 
lower survivability of AA population can not be 
attributed only to the poor economic status. Even in 
affluent economic conditions they behave significantly 
different. 
 
4. Conclusion 

 
In this paper, we propose a new method of 

differential predictive modeling and propose a solution 
to the problem by developing a continuum of tree 
models. We demonstrate the usefulness of this new 
approach by modeling the racial survival disparities in 
the breast cancer data. Since the problem posed in this 
paper has not been studied in the literature, there is a 
great potential to build other reliable solutions. We can 
use other metrics like entropy or misclassification error 
rate as the split criteria and make a comparative study 
of the suitable split measures. We also plan to study 
other classification and regression models in this 
framework. 
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