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Abstract 

Aim To show the benefits of data mining in health care manage-
ment. In this example, we are going to show a way to raise aware-
ness of women in terms of contraceptive methods they use (do not 
use). 

Methods Goal of the data mining analysis was to determine if 
there are common characteristics of the women according to their 
choice of contraception (typical classification problem). Therefore, 
we decided to use decision trees. We have generated a CHAID 
model in “Statistica”, based on the database that was formed as a 
result of an Indonesian research that was conducted in 1987. The 
sample contains married women who were either not pregnant or 
did not know if they were pregnant at the time of the interview. 
The database consists of 1473 cases. Also, an extensive internet 
search was conducted in order to detect a number of articles cited 
in scientific databases published on the subject of data mining in 
health care management.

Results It has shown that the most important variable in case of 
women’s choice of contraceptive methods is – a husband’s profes-
sion. Also we retrieved 221 articles published on the application of 
data mining in health care. 

Conclusion The goal of the paper is achieved in two ways: first, 
retrieving 221 articles published on the subject we have proved the 
benefits of data mining in the health care management. Second, 
the decision tree method is successfully applied in explanation of 
women’s choice of contraceptive methods.
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INTRODUCTION

Data mining is a term that describes different 
techniques used in a domain of machine learning, 
statistical analysis, modeling techniques and data 
base technologies that can be used in different in-
dustries. With a combination of these techniques, 
it is possible to find different kinds of structures 
and relations in the data, as well as to derive rules 
and models that enable prediction and decision 
making in new situations (1). It is possible to 
perform classification, estimation, prediction, 
affinity grouping, clustering and description and 
visualization (2). As a consequence, data min-
ing has become an essential part of planning the 
companies’ strategies, as a way to increase their 
profits, retain and gain their markets. 

Data mining can be used for segmentation 
of customers; product design improvement; un-
derstanding and prediction the customers’ prefer-
ences. Data mining can be applied in all branches 
of industries, such as: telecommunications, retail, 
production, banking and others (3). However, 
data mining is also widely applied in public sec-
tor, e.g. tax evasion, education, and health care 
management (4). 

The goal of this paper is to investigate ap-
plicability of data mining in health care manage-
ment. We shall try to achieve this goal in two 
ways: first, a research on published papers on 
applications of data mining in health care man-
agement has been conducted. Second, data min-
ing method is applied in the explanation of the 
choice of contraception with the usage of deci-
sion trees. 

METHODS

Applications of data mining in health care – lit-
erature survey

In order to determine typical applications of 
data mining in health care a extensive literature 
search was conducted. Following scientific da-
tabases were searched: Emerald Insight, Wiley 
Interscience, MedCare, ABI/Inform and PubMed. 

Research was conducted during January 2007, 
and it retrieved 221 articles on usage of data min-
ing in health care. We have retrieved those arti-
cles by searching the above mentioned scientific 
data bases with usage of two key words: “data 
mining” and “health care”. Titles of the articles 
were analyzed by usage of association rules that 
analyse the most frequently used words. By the 
analysis of those most frequently used words, dif-
ferent areas of data mining applications in health 
care management were detected.

Data mining process

There are two basic styles of data mining: 
hypothesis testing and knowledge discovery (8). 
Hypothesis testing is a top-down approach that 
is used when a confirmation or a rejection of an 
already defined hypothesis is needed. The other 
style is knowledge discovery (relevant for this 
article). It is a bottom-up approach and it is used 
when we want to find something that we do not 
know searching available data. It can be directed 
or undirected. There is no target field in undirect-
ed knowledge discovery. Instead, what we want 
from a computer is to recognize the schemes 
within the data that are of some importance. If 
we are using directed knowledge discovery, our 
goal is to define a value of a certain field (based 
on other fields), that is, to direct the computer 
to show us the way in which to predict, classify 
or explain the relations that have already been 
found.

Data mining is a rather complicated process 
that has to be planned very carefully in order to 
be successful. It has to be organized within one 
of the proposed rigorous procedures. One of the 
procedures describes seven stages of data min-
ing (3): identification of a research problem, data 
selection, data preparation, choice and transfor-
mation of variables, modeling, validation of the 
model, and model application. 

Other procedure is described by Berry (8): 
identification of the source of reclassified data, 
data preparation, selection of an appropriate 
technique, partitioning of data into training, test 
and evaluation sets, building a computer model 
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(based on the training set), tuning of the model 
(applying the test data set), model evaluation (us-
ing the evaluation data set), taking action (based 
on the results), effects assessment (of the action 
taken), and repeated processing of the new data. 
However, there are numerous obstacles that stand 
in the way to take the appropriate action, con-
cerning (8): inappropriate data format, wrong use 
of appropriate fields in databases, lack of func-
tionality during data collection, organization fac-
tors (resistance to changes), and time limitations. 
Because of that, it is necessary to approach every 
step with great attention, regardless on which 
procedure is chosen.

Decision trees

Decision trees are powerful and popular 
tools for classification and prediction. They are 
so appealing because they are easily understood, 
as they can be graphically presented as trees 
as well as in the form of rules (in English or in 
SQL). Most popular algorithms are CHAID (Chi-
squared automatic induction), CART and C4.5 
(later version of ID3 algorithm) (8). For the pur-
pose of this paper, CHAID is going to be more 
thoroughly explained. 

Decision trees are turned upside down and 
built from the root at the top toward the leaves at 
the bottom. The nodes of a tree represent ques-
tions; an answer to one question determines which 
question will be asked next. The process starts in 
the root node, where a record is tested and the 
result of the test determines lower node where the 
process will proceed. It is an iterative process that 
is repeated until the record reaches a leaf, which 
represents one class of the data. Every node in the 
tree represents a test of some case attribute, and a 
path that leads from root to the leaf represents a 
rule that was used for classification, that is, every 
branch that is derived from that node represents a 
possible value of that attribute.

Various algorithms are used to choose tests 
based on how well the tests separate target class-
es. Choosing a different set of tests, or even a 
different sequence of the same set, results in a 

different tree are not the same. That means that 
when a test is chosen and subset partitioning is 
made, most of the algorithms do not go back and 
question alternative possibilities as a means to 
choose the simplest (smallest) tree (9). This is a 
property of „greedy algorithms“; most of the al-
gorithms for building decision trees fall into this 
category.

Decision trees can be binary, ternary, etc. de-
pending on a count of different answers. A binary 
tree is the one that, for instance, answers the ques-
tion with „yes“ or „no“, so that every leaf has two 
„child“ nodes, and the answer determines which 
way the data will go to the next level. If the data 
has m attributes, the maximum height of a tree 
will be m. Figure 1 represents a binary tree. 

Algorithms that are used for building deci-
sion trees start with a search for the test which 
does the best job in splitting the data between the 
categories. On every other level of a tree, sub-
sets that are created in the previous step are be-
ing split by a test that does the best job for them. 
Some rules are better than the others so we are 
able to estimate the percentage of the cases clas-
sified incorrectly. Also, some leaves have very 
few records while others have a lot.

We can measure effectiveness of a tree as 
a whole with its application to new data and by 
viewing the percentage of the data that is cor-
rectly classified. In every node, we can measure: 
a number of records that enter the node, the way 
that these records will be classified if that was 

Figure 1. Example of decision tree structure
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the leaf node, the percentage of records that are 
correctly classified in that node (8). Sometimes 
we can increase the predicting power of a whole 
tree by pruning its weaker branches, but CHAID 
algorithm does not follow that method. 

CHAID algorithm

In the application of data mining in explain-
ing women’s choice of contraceptive methods, 
we used CHAID algorithm. Therefore, we shall 
explain it in great detail. 

CHAID is the oldest algorithm of the men-
tioned tree, and it was firstly published by Har-
tigan in 1975. It is derived from the AID (Au-
tomatic Interaction Detection) with a purpose 
to detect statistical relations between variables 
(which is done by building a decision tree) and it 
has been used for classification (8). 

As mentioned above, CHAID is different 
from other algorithms because it follows preprun-
ing method, that is; it tries to stop the branching 
before the over fitting (inability to generalize the 
results based on training set to other data) occurs. 
Another difference is that CHAID works only 
with categorical variables so it is necessary to 
break the ranges in the continued ones, or replace 
them with classes. 

The key to CHAID lies in its first two letters 
that mark the test of significance that is X2 (chi 
square test). CHAID uses X2 test to make a deci-
sion about merging the fields that do not create 
statistically significant differences in the values 
of a target field. After that, it splits every group 
with three or more fields with binary splits, and if 
some of these splits generate a statistically signif-
icant difference in outcomes, CHAID retains that 
split. Next, X2 test is being used again, and the 
field that generates the groups that differentiate 
the most (according to that test) is being chosen 
as a splitter for that node. The tree is growing un-
til there are no more splits that lead to statistically 
significant differences in classification. Precise 
level of significance determines the size of a tree 
and its value as a classifier (8).

RESULTS

Literature survey on usage of data mining in 
health care management

Table 1 contains different categories of data 
mining applications in health care. The biggest 
number of papers is on drug development and 
research (12%), data modeling for health care 
applications – e.g. nursing (11%), and executive 
information systems for health care (10%). Pub-
lic health informatics applications are described 
in 9% of articles, and e-governance structures in 
health care is subject of 8% of articles. Forecast-
ing treatment costs and demand of resources is 
presented in 7% of articles. Other articles contain 
less than 5% of the sample. However, there is ap-
proximately one forth of the articles that could 
not be classified in homogenous category. 

We shall give some examples of the catego-
ries that are probably not clear at the first sight. 
Articles on executive information systems for 
health care contain a myriad of statistical and 
financial reports on patients, claims, physicians, 
DRGs, staff, departments, utilization and outliers 
(5). Public health care informatics contains topics 
like: reducing disparities in morbidity and mor-
tality for minority populations; improving health 
outcomes among children; designing online data 

Table 1. Categories of data mining applications in health care 

Category No of articles  (%)

Drug development and research 27 (12)

Data modeling for health care applica-
tions – e.g. nursing 24 (11)

Executive Information System for 
health care 22 (10)

E-governance structures in health care 18 (8)

Public Health Informatics 20 (9)

Forecasting treatment costs and demand 
of resources 15 (7)

Demonstration of data mining software 
applications in health care 11 (5)

Anticipating patient’s future behavior 
given their history 9 (4)

General papers on data mining 9 (4)

Usage of data mining for diagnosis 9 (4)

Health Insurance 4 (2)

Other 53 (24)

Total 221 (100%)
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collection and analysis tools; providing distance 
learning opportunities; creating interactive health 
education tools, such as games and simulations; 
helping communities to identify and analyze their 
public health concerns; facilitating scientific col-
laboration across disciplines and physical dis-
tances, and evaluating health programs and poli-
cies (6). Finally, e-governance structures in health 
care cover topics like: health-related information 
on the web; electronic forums for patients to inter-
act, electronic prescription systems, peer-to-peer 
computing applications in healthcare, and e-com-
munities and their dynamics in healthcare (7). 

Decision tree on the choice of contraceptive 
method

The database consists of 1,473 cases. Vari-
ables of interest are: women’s age, education 
(1=low, 2, 3, 4=high), husband’s education 
(1=low, 2, 3, 4=high), number of children ever 
born, religion (0=non Islamic, 1=Islamic), em-
ployment (0=not employed, 1=employed), hus-
band’s profession (1=low, 2, 3, 4=high), index of 
living standard (1=low, 2, 3, 4=high), exposure to 
media (0=good, 1=not good), method of contra-
ception used (1=no usage, 2=long term method, 
3=short term method). 

In the example of „choice of contraceptive 
method“, CHAID did the first split on „husband’s 
profession“, which was obviously the most im-
portant. In ID=1, CHAID started with 1,473 
cases where non usage of contraceptive methods 
prevailed, and it split the data into two signifi-
cant groups. Women whose husbands work on a 
hierarchically low places were grouped in ID=2 
group (436 instances) and other 1,037 cases were 
placed in ID=3 group. In both groups, non us-
age of contraception prevails, but it is important 
that in ID=2 group, the long term method usage 
is significantly higher than in ID=3 group. Fur-
ther on, ID=2 group have been  broken down by 
number of children, on ID=4 group (number of 
children is less or equal to 2) where there are 187 
instances where non usage prevails, and ID=5 
group (number of children greater than 2) that has 

249 women that mostly use a long term method 
of contraception. ID=5 group have been broken 
down by woman’s’ education (ID=17 and ID=18) 
where the left side of the tree ends. ID=17 group 
represents 82 women with high education where 
non usage of contraception prevails, while ID=18 
group represents 157 women that mostly use long 
term method. 

Hierarchically higher ranks of employment of 
husbands (ID=3) have been broken down by „ed-
ucation“ into „very low“ and „low“ (ID=6) that 
has 442 instances where non usage prevails. ID=6 
is further divided on ID=9 and ID=10 (according 
to „media exposure“ ) that has been ranked as 
„high“ (ID=9, sample of 363 women) where „non 
usage“ prevails and „high“ (ID=10, sample of 79 
women) where „non usage“ also prevails. 

ID=7 has 329 women that mostly do not use 
contraception and it has been split by „woman’s 
age“ into two groups ID=11 and ID=12. ID=11 
has 218 cases that are younger than 32 years, 
and usage of short term methods prevails in this 
group. Furthermore, it has been broken down by 
„working status of a woman“ on ID=13 (YES) 
and ID=14 (NO). There are 50 working women 
in ID=13 where „non usage“ prevails. In ID=14, 
there are 168 women currently unemployed, 
and the short term methods are preferred here. 
ID=14 has been split by „husbands’ profession“ 
on ID=15 and ID=16. ID=15 includes women 
whose husbands work on a medium level of hier-
archy, and there are 167 cases where a short term 
method prevails. It is interesting that if a hierar-
chical level grows on high, there is one woman in 
ID=16 that uses a long term method. Once again 
we have the „husbands’ profession“ as a very im-
portant variable. If we go up the tree on ID=12, 
we will notice a group that has 111 women, where 
„non usage“ prevails. Furthermore, ID=8 counts 
266 women who mostly use short term methods. 

Model evaluation

In order to establish how well the model is 
working, we created a „Disagreement Table for 
a Predicted Variable“ that shows a percentage of 
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prediction deviation (Table 2) and “Goodness of 
Fit “ tables that show how many cases are classi-
fied correctly/incorrectly (Table 3, Table 4). 

We can see that the predictions for „non us-
age“ are correct in 109 instances, only  9 cases 
have been incorrectly classified as long term and 
57 for short term. For „long term method“ it is 

right in 35 cases, while the other 50 cases were 
incorrectly placed (26 for non usage and 24 for 
short term). In short term prediction, CHAID has 
well predicted 50 cases and 71 incorrectly (51 for 
non usage and 20 for long term). 

In Table 3 we can see disagreement percent-
age in CHAID model, 41.4% for „non usage“, 
45.3% for long term method and 61.83% for 
short term method. In case of observed variable, 
disagreements are as follows: for „non usage“– 
37.71%, for „short term – 58.7%, and for long 
term – 58.8% (Table 4).

DISCUSSION 

With assistance of the decision tree we have 
managed to get some valuable information that 
we could not have noticed at first glance with use 

of classic charts. One of these data is that the key 
variable is „a hierarchical position of a husband on 
working place“. To some point it is understandable 
since the data consists mostly of women that belong 
to Islamic religion, where husband’s domination is 
common. That is why we are mostly concerned with 
the population of women whose’ husbands work 
on a hierarchically „low“, „medium“ or „higher“ 
position (excluding „high“). Recent Australian 
reports confirm that even developed countries dis-
cuss issues of a women’s choice of contraception 
or even of willingly having sex. Another thing of 
importance is the “role power” of motherhood, 
as it provides a certain status of maturity (giving 
sense of control over a mother’s and child’s life to 
a woman, as well as over her income) especially in 
depressed areas (11). If we look at ID=10 in Figure 
2, we can argue that the dominance of husbands 
prevails in cases of woman’s low education and her 
low exposure to the media (which is of high impor-
tance concerning non usage when ID=6, ID=7 and 
ID=8 are compared).

Another thing that could be relevant is the 
number of „ever born children“, meaning that sig-
nificant changes in percentages of contraceptive 
methods used occus after second child, when long 
term method prevails. Third significant variable, 
„woman’s education“, has a significant influence 
when level of education is increasing („non us-
age“ declines and „long term“ method increas-
es). Although there is a significant progress in 
contraceptive use in developing countries, some 
trends indicate the existing need of education and 
adequate supply of contraceptive mix that has to 
be met by policy makers, program managers and 
donor agencies. These trends for example, show 
a very low use of condoms (as a short term meth-
od) despite the global AIDS epidemic and efforts 
to promote abstinence, being faithful and using 
condoms.  Some argue that individuals in com-
mitted relationships resist condom use because it 
is often perceived as a sign of infidelity (12). 

„Women’s age “also has an important role 
in this case, since, until the age of 32, women 
mostly use short term methods and after that 
„non usage“prevails. 

Table 2. Frequency table for predicted variable “Method of 
contraception” by CHAID

 Observed Predicted No
1 Non usage Non usage 109
2 Non usage Long term    9
3 Non usage Short term  57
4 Long term Non usage  26
5 Long term Long term  35
6 Long term Short term  24
7 Short term Non usage  51
8 Short term Long term  20
9 Short term Short term  50

Table 3. Disagreement table for predicted variable “Method 
of contraception” by CHAID

 Method Deviation percent
Non usage 41.39785
Long term 45.3125
Short term 61.83206

Table 4. Disagreement table for observed variable “Method of 
contraception” by CHAID

  Method Prediction by CHAID
Non usage 37.71429
Short term 58.67769
Long term 58.82353
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Further on, CHAID has divided a population 
of women younger than 32 according to their 
„status of employment“, where working women 
mostly do not use contraception and unemployed 
women mostly use short term methods.

According to the report of the International 
Conference on Population and Development, 
methods of contraception vary according to indi-
vidual’s/couple’s age, parity, family size prefer-
ence and other factors (13). Although the fam-
ily opposition, fear, cost and insufficient supply 
are closely correlated with choice and usage of 
contraceptives, reports show that availability of 
contraceptive mix has a much higher influence, 
as well as medical barriers, unneeded eligibil-
ity criteria, poor public information and lack of 
training or biases among program staff regarding 
certain methods (14).

According to these results, we think that the 
health care management could raise the aware-
ness  of women conducting a campaign for con-
traceptive products. A marketing strategy should 

focus on short term contraceptive products, and 
a promotion of products should target the popu-
lation of women whose education is very low, 
whose husbands do not work on hierarchically 
low positions, and whose exposure to the media 
is not good (Figure 2, ID=10).

Put in a broader sense, not only by applica-
tion of CHAID algorithm, but by other data min-
ing techniques, (such as neural networks, memory 
based reasoning, clustering, link analysis, generic 
algorithms, market basket analysis), data mining 
is applicable in health sector in numerous ways. 
Searched articles show that data mining can be 
successfully applied in 1) drug development and 
research, 2) executive information system, 3) e-
governance structures, 4) public health informat-
ics, 5) forecasting treatment costs and demand of 
resources, 6) anticipating patient’s future behav-
ior given their history, 7) usage of data mining for 
diagnosis, 8) nursing, and 9) health insurance. 

There are some limitations of this study con-
cerning both literature survey and decision tree 

Figure 2. CHAID decision tree for the choice of contraceptive method
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model developed. Although, we have searched 
many scientific databases, there are many com-
mercial applications of data mining in health care 
that are not included in this review. Therefore, 
one has to be careful in interpreting the results 
of this analysis. However, it is by no means an 
illustration of what is going on in the field of data 
mining applications in health care. 

Decision trees have many advantages, and 
some of them are visible in the decision tree 
described in this article. They are easy to under-
stand, can be easily converted to a set of decision 
rules, can classify both categorical and numerical 

data, there are no  priory assumptions about the 
rules that determine output attribute. However, 
there are also some important disadvantages of 
the decision tree method that have to be taken 
into account while explaining the determinants of 
a women’s decision on contraception. Because of 
instability of the decision tree algorithms slight 
variations in the data can result in different at-
tribute selection at each branch node. Therefore, 
very different set of rules can be produced based 
on the slightly different data set used. In addi-
tion, decision trees can be quite complex, which 
makes the interpretation of the rules rather com-
plicated and problematical. 
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