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Abstract

This study examined the characteristics of the knowledge discovery and data mining algorithms to
demonstrate how they can be used to predict health outcomes and provide policy information for
hypertension management using the Korea Medical Insurance Corporation database. Specifically, this study
validated the predictive power of data mining algorithms by comparing the performance of logistic
regression and two decision tree algorithms, CHAID (Chi-squared Automatic Interaction Detection) and
C5.0 (a variamt of C4.5), since logistic regression has assumed a major position in the healthcare field
as a method for predicting or classifving health outcomes based om the specific characteristics of each
individual case. This comparison was performed using the test set of 4,588 beneficiaries and the training
set of 13,689 beneficiaries that were used to develop the models. Oh the contrary to the previous study,
CHAID algorithm performed better than logistic regression in predicting hypertension, but C5.0 had the
lowest predictive power. In addition, CHAID algorithm and associaiion rule also provided the segment
characteristics for the risk factors that may be used in developing hypertension management programs.
This showed that data mining approach can be a useful analytic tool for predicting and classifying health
outcomes data.
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1. INTRODUCTION

Healthcare organizations are generally characterized
as an information-intense organization. Knowledge-
intensive technology is vital to these information-
intense organizations as knowledge is becoming more
important in healthcare organizations these days,
with the impact of technology and the resultant com-
plex, competitive environment. Developing procedures
and routines to optimize the creation, flow, leaming,
and sharing of knowledge and information in the
organization become an important

responsibility of management. The process of sys-
tematically and actively managing and leveraging the
stores of knowledge in an organization is called
knowledge management [1]. Information systems can
play a valuable role in knowledge management, in
which it helps the organization optimize its flow
of information and capture its knowledge base.

The Korea Medical Insurance Corporation (KMIC)
provides a health insurance to all civil service
workers, teachers, and their dependents. All insured
workers are required to participate in biannual medical
examinations performed by KMIC. A questionnaire
was distributed to all participants three to four
days before the examination to collect information
on perceived health status, tobacco consumption,
and exercise habits. The KMIC database is of an
enormous value in monitoring health status and de-
veloping national health promotion programs because
it contains health utilization data as well as risk
factors such as demographic data, biomedical data,
and lifestyle data for the same beneficiaries over
time. Despite its usefulness, KMIC failed to mobilize,

exploit, and capitalize on these valuable knowledge
database, which is needed for developing policies
and inducing business process change. Probable
reason is that its ability to collect and store the
data has grown proportionally faster thun its ability
to analyze data from a large temporal database.
As a result, the significant untapped knowledge
lies hidden in this database.

This paper presents the knowledge management
tool called knowledge discovery and data mining
tools to make effective use of the KMIC database
to discover the untapped knowledge that lies hidden
therein using hypertension .managemen: program as
an example of health promotion program. While
health promotion is a new concept in Korea,
recent changes in the cause of death have piqued
the interest in health promotion. In 1995, a health
promotion law was passed that provides funds for
health promotion research through a tax on tobacco
sales, requires a small portion of the medical
insurance fund to be spent on prevention activities,
and requires communities to develop health promotion
plans [2].

Data mining is a nontrivial process of identifying
valid, novel, potentially useful, and an ultimately
understandable pattern in data [3]. Typically, the
applications involve large-scale information banks
such as data warchouse. In healthcare, ‘nsurance com-
panies and large hospitals are ideal scttings for the
application of data mining. Some of the previous
applications for data mining in healthcare are pa-
thology information system to discover new patterns
that provided new knowledge [4], identifying
significant factors influencing prenatal care [5], and
automatic detection of hereditary syndromes [6].
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These systems, however, did not explicitly deal with
policy analysis using various data mining models.

In the statistics and epidemiology community, lo-
gistic tegression has assumed a major position as a
method for predicting or classifying outcomes based
on the specific features of an individual case. Long
et al. [7] compared the performance of logistic re-
gression to a popular data mining model, called
C4.5 decision tree induction, in classifying patients
as having acute cardiac ischemia, and found that
logistic regression performed better than C4.5. In
this paper, the performance of logistic regression
and two decision tree algorithms, CHAID (Chi-
squared Automatic Interaction Detection) and C5.0
(a variant of C4.5), in predicting hypertension were
compared. In addition, this paper demonstrated how
the decision tree algorithm and another data mining
model, called association rule, could be used in a

policy analysis for hypertension management.

2. METHODS

2.1 Subjects

The subjects were randomly selected from a popu-
lation of 127,886 beneficiaties who participated in a
biannual medical examination conducted by KMIC
in 1998. In selecting the sample for this study, 50%
of the total population were randomly selected in
the first stage, and 100% of the beneficiaries with
hypertension (9,103) and an equal number of the
beneficiaries without hypertension were randomly
selected in the second stage. This sample is further
randomly divided into a training set (13,689) and

a test set (4,588), whose ratio is approximately

three to one.

Biometric data, including blood pressure, blood
glucose, cholesterol, urinary glucose urinary protein,
and height and weight, was drawn collected during
the physical examination. Hypertension was defined
as systolic blood pressure >140 or diastolic blood
pressure as >90 mmHg, and low risk as values
below those. A fasting blood specimen was drawn and
analyzed for total cholesterol and blood glucose.
A questionnaire was distributed to all participants
three to four days before the examination to
collect information on perceived health status,
lifestyle factors (smoking, exercise, and drinking),
and demogrziphics (gender, age, blue collar job
status and income level).

2.2 Knowledge models

2.2.1 Laogistic regression

Logistic regression is a nonlinear regression method
for predicting a dichotomous dependent variable.
Logistic regression was performed to identify risk
factors for hypertension using patient characteristics,
history, lifestyle, and test results as independent
variables and the hypertension status as dependent
variable. Stepwise selections of the independent
variables can be made and the corresponding coef-
ficients computed. In producing the logistic regression
equation, the maximum-likelihood ratio was used
to determine the statistical significance of the
variables. Logistic regression has proven to be very
robust in a number of medical domains and proves
an effective way of estimating probabilities from

* dichotomous yariables.
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2.2.2 Decision Tree

Decision trees are known as effective classifiers in
a variety of domain. In our exanmple, the decision tree
categorizes the entire subjects according to whether or
not they are likely to have hypertension. Most of the
decision tree algorithms use a standard top-down app-
roach to building trees. CHAID and C5.0 are two
popular decision tree inducers, based on the ID3
classification algorithm by Quinlan [8].

A CHAID tree is a decision tree that is con-
structed by splitting subsets of the space into two
or more child nodes repeatedly, beginning with the
entire data set. To determine the best split at any
node, any allowable pair of categories of the predictor
variables is merged until there is no statistically
significant difference within the pair with respect
to the target variable. The process is repeated until
no insignificant pair is found. The resulting set of
categories of the predictor variable is the best split
with respect to that predictor variable [9]. In this
paper, the CHAID algorithm with growing criteria
of the likelihood ratio chi-square statistic was used
for building the tree and evaluating splits because
most of our variables were ordinal and discretized
continuous variables. To identify nodes of interest
(that is, nodes with a relatively high probability),
gains chart was used. The gains chart shows the
nodes sorted by the number of cases in the target
category for each node.

C5.0 uses pruning strategy where a branch is pruned
when the introduced error is one standard error of the
existing emors adjusted for the continuity correction.
C5.0 also uses boosting technique to generate and
combine multiple classifiers to give improved predic-

tive accuracy. Compared with C4.5, the error rate

of C5.0°s boosted classifiers is about one-third of
the error rate of C4.5’s single classifiers [10]. Both
algorithms also provide classification rules for iden-
tifying risk factors that may be used to develop pro-

grams for hypertension management.

2.2.3 Association rule

An association rule gives an occurrence Tfela-
tionship among factors. In a well-known market basket
problem, the association rule has been used to dis-
cover buying pattems such as two or more items that
are bought together often. In this paper, the asso-
ciation rule was used to identify occurrence rela-
tionship between hypertension and various modifiable
risk factors, such as smoking or drinking, in an
attempt to develop hypertension management program.

An association rule is intended to capture a certain
type of dependence among items represented in the
database B [11]. Specifically, we say that iy => 1

e i; and i occur together in at least s % of

the n baskets (s % is called the support);

e of all the baskets containing i,. at least ¢ %

also contain i; (¢ % is called the confidence)

3. RESULTS

The mean age of the study participants was 52.1
years among men and 51.4 among women. Among
the 12,077 men, 5,762 (47.7%) were current smokers
and 1,994 (16.5%) were ex-smokers. However, among
the 6,200 women, only 22 (4%) were current smokers
and 22 (4%) former smokers. Most had moderate
weight levels. Complete descriptive statistics for the

modifiable risk factors are shown in <Table 1>.
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(Table 1) Descriptive statistics for the study sample

Men Wornen
(n=12,077) (6,200)
Count Percent Count Percent

Cate-gory  Measure Value

Diet habits Iregular M7 31% 36 61%
Salt Intake  Salted 2085 173% 651 105%
m““g[ " M 09 59% 34 49%
Lifestyle -
fotor ookl Heavy 4718 1% 6 06%
variables  COPSUMPtion
Tobacco  Former 194 165% 2 04%
wer  Current 5762 417% 0 04%
Exercise
e o 4900 406% 4237 68.3%
g OFES 3807 315% LTI 285%
Obesity 3059 253% 1813 292%
Dx  Hypettension 6752 559% 2350 37.9%
Urinary sugar Positive 11389 943% 6100 984%
Biometric Ung Positive 1158  957% 6019 98.5%
variables "™
Urinary RBC Positive 1573 958% 5532 892%
Bood  High
Ghoose  (>126mg/dl) 1,031 8.5% 19 32%
Tol  High
Choleserol Oiomgay 57 127% L2 165%
4044 1467 121% 90  16%
4549 3088 256% 2,180 352%
A 04 3061 253% 154 243%
Grop 5559 2988 247% L4l 168%
6064 L340 1L1% 439 71%
6569 13 L% 3 06%
Heart Disease 478 4% 94 15%
Dermo P Stoke 6 05% 51 08%
-graphic ~ History  Diabetes
inbles Nl 1055  87% 473 16%
PHx Yo 159 127% 608 98%
Hypettension 6971 577% 3491 56.3%
Stk 7189 595% 3801 613%
}Fﬁ“;’“ly Heart Disease 7485 62% 3912 63.1%
" Disbetes
Vil 49 60% 3761 607%
FHx  Yes 255 2L1% L77 287%

PHx : Past History
FHx : Family History

3.1 Comparison of logistic regression
to decision tree algorithms

The comparison of the sensitivity, specificity, and
overall predictive rate for the three models is shown

[Table 2) Comparison of the predictive rates for
logistic regression, CHAID, and C5.0

Sersitivity(%) | Specificty(%) | PredictiveRate(’%)
v
FLOg'S“.m 6436 6333 6384
CHAD 7630 23 6406
Cs0 934 9.1 92

in [Table 2] The CHAID algorithm had the best
overall predictive rate (64.06%), followed by logistic
regression (63.84%) and C5.0 (59.22%). CHAID
algorithm also had the best sensitivity (76.3%),
followed by logistic regression (64.36%) and C5.0
(89.34%). However, CHAID had the lowest specificity
(52.3%) and the logistic regression had the best
specificity (63.33%).

3.2 Identifying segment characteristics
for risk factors

As shown in Table 3, biomedical variables were
excellent predictors of hypertension. Four biomedical
variables (BMI, urinary protein, blood glucose, and
cholesterol) were significant predictors. However, none
of the lifestyle factors predicted hypertension, and
age was the only significant predictor among
demographic factors.

The decision tree has 75 leaf nodes. As shown in
figure 1, thq; induced rules for nodes 65, 75, and 40

are depicted in the decision tree.

[* Node 65 */

if ((gender=male) and BMI=obesity and (50<age<
=55) and (103<blood glucose<=571)), then hypertension
proportion =79.12
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(Table 3) Results of logistic regression
. Odds  Para-meter Pr > Chi-
Category Vazble  prio  Esfmete  Squre
Lifestyle factor Salt Intake
ables Alchol 1.02 0.02 045
Consumption 1.00 0.00 1.00

Tabacco
User 100 000 093
Exercise
e 100 000 094
Meet 097 003 039
Bio-metric BMI 1.58 046 000
variabl ;
o Urinary 145 03 000
Protein
Blood Gluocose 101 0.01 0.00
T Chole-sterol 100 000 000
U_RBC 100 000 090
U 094 006 013
. PHx of
C
Da_mg:pm Heut Di L16 015 016
PHx of
Sirol 108 008 075

Age 108 007 000

FHx of

Heart Di 1.04 0.04 045
FHx of Diabets

Mellitus 101 001 087
FHx of

Strol 099 001 087
FHx of

H ion 09 001 082
PHx of

Diabetes 093 007 026
Mellitus

PHx : Past History
FHx : Family History

/* Node 75 #/

if ((gender=male) and BMI=obesity and (44<age<=
50) and (family history of stroke=Yes) and (O<Urinary
PH<=60) and (92<blood glucose<=571)), then hyperten-
sion proportion=77.65

/* Node 40 */

if ((gender=fermale) and BMI=cbesity and (48<age<=
55) and (97<Blood glucose<=571)), then hypertension
proportion=66.20

gender
=
BMI l—-——EMI—l
N ormed €Ferweight obesity) CH armBerwe gt obestity)
age age
Blood

. 79.12%
g

PH

Blood
Glucoge

J92,571D

ey
t

(Figure 1) Decision tree by CHAID algorithm

As shown in [Table 4], there are two parts to the
gains chart: node-by-node statistics and cumulative
statistics. The gains chart shows the nodes sorted
by the number of cases in the target category for
each node. The first node in the table, node 67,
contains 271 hypertensive cases out of 333 subjects,
or 81.38% hypertension rate. For this type of gains
chart, with a categorical target variable, the gain score

(Table 4) Gains chart by CHAID algorithm

Node-by-Node Cumulative

Node { Node | Resp | Resp | Gain | Index | Node | Resp | Gain | Index
% B BB | %] %[ B| (BD

67 | 333 24 | 271 | 40 |814| 1625} 24 | 40 |814 | 1625
21 [ 137 10 | 10| 16 | 803| 1604 | 34 | 56 {8L1| 1619
65 | 182 | 13 | 144 | 21 {791 | 1580 | 47 | 7.7 | 805 1608
5119 13113920 1777| 1551 | 61 | 97 {799 1596
2 1165| 12 | 126 18 |764 | 1525 | 73 | 115|793 1584
S8 | 554 | 40 | 396 | 58 715 1428 [ 113 73765 1528
66 | 388 | 28 | 277 | 40 | 714} 1426 | 141|203 |755 | 1508
56 | 215 16 | 152 | 22 | 707 1412 | 157 | 235|750 | 1498
64 | 140 [ 10| 96 | 14 | 686 1369 | 167 | 249 | 146 | 1490
40 | 142 10| M | 14 |662] 1322|178 | 263 |741| 1480

39 | 49| 26| 176 | 26 |504| 1007 | €251 769 1616 | 1231
60 | 152 11| 70 | 10 [461] %20 | 636] 779|614 125
18 | 308 23| 137 | 20 |445| 88 | 658 | 199|608 | 1214
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equals the percentage of cases with the target category
—in this case, hypertension for the node. The Index
score shows how the proportion of hypertension for
this particular node compares to the overall propor-
tion of hypertension. For node 65, the Index score is
about 158.0%, meaning that the proportion of respon-
dents for this node is about 1.6 times the hypertension
rate for the overall sample.

The curmulative statistics can show us how well we
do at finding hypertensive cases by taking the best
segments of the sample. If we only take the best node
(node 67), we reach 3.95% of hypertensive cases by
targeting only 2.43% of the sample. If we include
the next best node as well (node 21), then we get
5.55% of the hypertensive cases from only 3.43% of
the sample. Including the node 65 increases those
values to 7.7% of hypertensive cases from 4.7% of the
sample. At this stage, we are at the crossover point
described above, where we start to see diminishing
returns. Note what happens if we include the next
node (node 40)-we get 263% of hypertensive cases,
but we must contact 17.8% of the sample to get them.

The gains chart can also provide valuable infor-
mation about which segments to target and which to
avoid. We might base the decision on the number of
prospects we want, the desired hypertension rate for
the target sample, or the desired proportion of all po-
tential hypertension cases we want to contact. In this
example, suppose we want an estimated hyperten-
sion rate of at least 80%. To achieve this, we would
target the first three nodes, nodes 67, 21, and 65.

3.3 Association rule

[Table 5] shows an example of the association rules

based on the generalized rule induction. The rules
provide specific information about risk factors as
follows:

If exercise = no and (43<age<d48) and gender =
female, then Dx = hypertension with probability of
21%.

(1.8% of the sample has the above risk factors
and hypertexjsion)

If exercise = no and (43<age<48) and smoke =
yes and gender = female, then Dx = hypertension
with probability of 21%.

If exercise = no and (43<age<48) and gender =
female and past history of heart disease = no,
then Dx = hypertension with probability of 21%.

If exercise = no and drink = no and (43<age
<48) and gender = female, then Dx = hypertension
with probability of 20%.

If exercis¢ = no and smoke =yes and (43<age<
48) and gender = female, then Dx = hypertension with
probability of 22%.

If exercise = no and smoke =yes and smoke = yes,
then Dx = Hypertension with probability of 26%.

This shows that an existence of all three mo-
difiable risk factors significantly increases the pro-
bability of hypertension regardless of gender.

(Table 5) Example of an association rule

Phx -

Gendr | Age o | || D 2 S byl
Disese @ @ |

Femile |43<Age<t8| * | ¢ |+ [« [N | 18 | 210
Fomale | 3<Age<#8| * | * [Yes | * [No| 18 | 210
Female |43<Age<#8| Yes | * [ * | * [No| 18 | 210
Female |3<Age<#8| * | * | * [Ys|No| 16 | 200
Femele |43<Age<d8| * | * [Yes | * | No | 23 | 20
* |WcAged8| * | * | Yes | Yes | No| 29 | 260

* non-sigzﬁﬁ@mﬂ
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4. DISCUSSION

This study examined the characteristics of the know-
ledge discovery and data mining models to demon-
strate how they can be used to predict health out-
comes and provide policy information from the Korea
Medical Insurance Corporation database using hyperten-
sion management program as an example. First, this
study validated the predictive power of data mining
algorithms by comparing the performance of logistic
regression and two decision tree algorithms, CHAID
and C5.0, since logistic regression has assumed a
major position in the healthcare field as a method
for predicting or classifying health outcomes based on
the specific characteristics of each individual case.

Logistic regression and decision tree induction
have different underlying assumptions. For logistic
regression, it is assumed that the influence of a
variable on the outcome is uniform across all sub-
jects unless specific interactions with other variables
are included. On the other hand, the decision tree
assumes that the effect of a variable in the subset
is unrelated to the effect of the variable in other
subsets of subjects. This comparison was performed
using the test set of 4,588 subjects and the
training set of 13,689 subjects that were used to
develop the models. Similar to the study by Long
et al. [7], logistic regression performed better than
C5.0. Unexpectedly, the CHAID algorithm (64.06%)
performed slightly better than logistic regression
(63.84%) in predicting overall hypertension, and it
provided much higher sensitivity (76.3%) than
logistic regression (64.36%). This shows that the
CHAID algorithm is capable of predicting health

outcomes from a large database. In a similar study

by Chae et al. [12], statistical method (discriminant
analysis) performed better than another data mining
methods, neural network and case-based reasoning.

Second, we demonstrated how CHAID could be
used in a policy analysis for hypertension manage-
ment. While logistic regression provides risk factors
for hypertension, it does not provide information
about the segment characteristics of age or risk
factors that may be useful for policy analysis. The
CHAID algorithm provided cumulative statistics

“that shows how well we do a finding the

hypertensive cases by taking the best segments of the
sample. The gains chart also provided valuable
information about which segments to target and
which to avoid.

In addition, we presented the association rules
that provided an occurrence relationship among risk
factors. For example, the association rule showed
that an existence of all three modifiable risk factors
(smoking, drinking and exercise) significantly in-
creased the probability of hypertension regardless of
gender. Such information can be used in examining
the effects of individual (modifiable) risk factors
on the specific segment of target population.

Study limitations include a low specificity for the
CHAID algorithm and a low confidence measures
for the association rule. Another limitations are
weak measures for exercise behavior, absence of
measures for nutrition, stress, and depression. In addi-
tion, the population was limited tc teachers and
civil servants, and was thus was biased from the
perspective of affluence.

Future analyses will include an improvement of
decision tree algorithm and association rule. Another

area of improvement in data mining is an application
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of a sequence rule. The sequence rule gives a tem-
poral relationship among factors [10]. Since all in-
sured workers in Korea are required to participate
in a biannual medical examinations performed by
KMIC and their biomedical data as well as lifestyle
data are well maintained in a temporal database at
the KMIC, the sequence rule can effectively be
applied to predict health outcomes based on the
trends data. For example, the sequence rule provides
information that blood pressure goes up if the BMI
and cholesterol level both go up at two consecutive
biannual medical examinations. Finally, medical care
costs will be incorporated into data mining al-
gorithm based on diagnostic codes for each of the
risk factors in order to provide an estimated budget
for health promotion programs.
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