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ABSTRACT

The medical profession is challenged to find innovative approaches for discovering relevant
disease information and using that information effectively. However, the amount and complexity
of human medical data are the most difficult of all biological data to analyze and derive models.
Previous researches have shown that multidisciplinary research i.e., mathematics: rough set
theory, statistics: Cox proportional hazard and Kaplan-Meier estimate, computer science: soft
computing and database management can cope with these difficulties. Thus, current research in
medical science and multidisciplinary approaches tends to integrate several approaches together
to construct hybrid medical intelligent systems. Hybrid medical intelligent system is a novel
active research which has several open problems to conduct the study. For this reason, we
propose soft computing study for the development of research in hybrid medical intelligent
systems by rough sets and statistical techniques. We aim at develop innovative approach for
eliciting and analyzing medical data and discover high level knowlédge from the data e.g.,

decision rules, statistical models.
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Introduction

The medical profession is challenged to find innovative approaches
for discovering relevant disease information and using that informa-
tion effectively. Successful research has been conducted in this area
[1], although, for the most part, this research has been performed
on small, well understood data sets. Nonetheless, billions of people
have at least some of their medical information collected in medi-
cal databases. The sheer volume such data highlights the need for
further comprehensive and systematic analysis to improve overall
and general health outcomes. To fulfill that need, it is essential to
carefully analyze the data.

However, the amount and complexity of human medical data are
the most difficult of all biological data to mine and analyze. Previous
research have shown that the following approaches in mathematics,
statistics and computer science can cope with these difficulties.

— Rough sets

— Statistics

— Statistical leanrning (e.g., survival analysis) -
— Flow graphs

— Recommender system

— Distributed databases

— and other approaches in data mining.

Characteristics of medical data pose challenges to researchers.
The uniqueness of medical data has been discussed in [1]; salient
points include:

— The growing number of medical databases does not appear sig-
nificant because they are not available in some edifying format.
Generally, medical collections, diagnoses and treatments are sub-
ject to error rates, imprecision and uncertainty. We believe the
application of rough sets combined with statistical learning to
analyze this data can help overcome these problems.

— The structure of nearly all medical data resists analysis by any
formulae, equations or theoretical model. Physical scientists mea-
sure data which can be analyzed with formulae or equations.
Solutions to problems they solve can describe phenomenon and



relationships among those data. Usually, models are simplified
by imposing constraints and using initial assumptions. In con-
trast, real world medical problems employ less structured data.
Automatic clustering techniques can operate to great advantage
in this case.

— Classical statistic experiments are designed theoretically. Once
the hypotheses are set, all initial assumptions are predefined.
Such procedures adapt poorly to change, even when the patient’s
conditions appear to change. We speculate that above techniques
can alleviate this problem and increase reliability.

For these reasons, traditional manual data analysis is not ade-
quate, and methods for efficient computer-based analysis, e.g., data
mining, are indispensable. Successful data mining in medicine re-
quires know-how and knowledge of medical data.

Survival analysis [2] is a branch of statistics that studies time-to-
event data. Death or failure is called an event in the survival analysis
literature. Survival analysis attempts to answer questions such as:

Is diabetes a significant risk factor for geriatric patients?
What is the fraction of patients who will survive past a certain
time?

Survival analysis is called reliability analysis in engineering, and
duration analysis in economics. Presently, survival data in existence
worldwide highlights the need for further comprehensive and system-
atic analysis to improve overall health outcomes. Much data analysis
research has been conducted in several areas {1,3-5]. The aim of such
data analysis techniques is to use the collected data for training in
a learning process, and then to extract a hidden pattern by model
construction. However, a successful technique involves far more than
selecting a learning algorithm and running it over data sets. Suc-
cessful data analysis requires know-how and in-depth knowledge of
data. The challenges in real world problems are the complexity and
unique properties of the survival data at hand. In many practical
situations, survival data sets are vague and come with redundant
and irrelevant attributes. The inclusion of these attributes in the
data causes some difficulties in discovering the knowledge. To avoid
these troubles, it is essential to precede the learning task with an at-
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tribute selection process to delete redundancy records, uncertainty
attributes and overwhelming data. To serve our first purpose, we
create an attribute subset large enough to include all of the impor-
tant attributes, but small enough for our learning system to handle
easily.

Another issue in survival data analysis is the desire for auto-
matic analysis processes [2]. Classical approaches are designed the-
oretically, automation is then increasingly challenging. Traditional
data analysis is not adequate (e.g., Dempster-Shafer theory, grade
of membership [33]), and methods for efficient mathematical and
computer-based analysis, e.g., rough sets, are indispensable.

Rough set theory was developed by Zdzislaw Pawlak [6, 33, 8-10].
It provides system designers with the ability to compute with imper-
fect data. If a concept cannot be defined in a given knowledge base
(vagueness), rough sets can approximate that knowledge efficiently.
While logic is deductive and hardly applies to real situations, rough
sets is in the form of inductive reasoning that widens the scope of the
research to deal with real world data [8]. Rough sets do not require
a specific model that can fit the data to be used in the analysis pro-
cess. This ability provides flexibility in real situations. Rough sets
provide a semi-automatic approach to data analysis and can be com-
bined with other complementary techniques. Thus, current research
tends to hybridize diverse methods of soft computing [1]. In this
research, we offer a rough sets based approach with the capability
to reason and to distil useful knowledge for survival data (e.g., risk
factor, survival prediction model). We provide a more detail of prin-
ciple, the system architecture and experiments using these concepts
over a range of different data sets in Part 1.

In Part II, four goals will be accomplished. Firstly, in some situa-
tions, smaller units of full data set are of great importance to analyze
(e.g., men vs. women patients, young vs. old customers). Thus, the
finer knowledge consideration is important in some aspects [33]. This
research is intended to present mathematical proof and a case study
of Pawlaks statement about distributed knowledge.

Second is the consideration of a case study on self-reported geri-
atric data (from Dalhousie Medical School, Canada). As stated in
[23], the combination of attributes for predicting prolongation time
might be different in men and women. Furthermore, when consider-
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ing data which is self-reported, it usually contains optimistic bias.
This research will illustrate that rough sets in combination with
statistics, relational databases and systematic hypothesis tests is tol-
erant and robust in learning to extract significant risk factors and
induce the rules for predicting survival time. The self-reported data
which is usually optimistic can be reasoned by rough sets approach
and overcome such bias successfuily.

Third, manually evaluating important and interesting rules gen-
erated from data is generally infeasible due to the large number
of rules extracted. Different approaches such as rule interestingness
measures and rule quality measures have been proposed and explored
previously to extract interesting and high quality association rules
and classification rules. Rough sets theory was originally presented
as an approach to approximate concepts under uncertainty. Alterna-
tively, in this research, we explore rough sets based rule evaluation
approaches in knowledge discovery. Rough set based rule evaluation
approaches can be used in a straightforward way to rank the impor-
tance of the rules.

Finally, We complete our research by adding a recommender sys-
tem. We propose a health recommendation system architecture us-
ing rough sets, survival analysis approaches and rule-based expert
systems. Our main goal is to recommend clinical examinations for
patients or physicians from patients self reported data. Such data
will be treated as condition attributes, while survival time from
a follow-up study will be treated as the target function. We have
amalgamated rough set theory, relational databases, statistics, soft
computing and several pertinent techniques to generate a hybrid in-
telligent system for survival analysis.

We introduce in Parts I - IT our theoretical and/or basic concepts
employed to analyze medical data. Next, detfails of our proposed
methodological settings, architecture and/or theoretical proofs are
described. In successive sections, the experiments, results, evaluation
and/or comparison studies are reported. We provide summary at the
end of every part.
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1 Preliminaries and notations

1.1 The role of soft computing

One data analysis technique can generate very accurate results for
one data set and poor results for another data set. Moreover, each
technique has underlying advantages and disadvantages. The amount
of real world data requires such techniques to have tractable time
complexity, and simultaneously provide satisfactory outcome. Re-
search in soft computing has demonstrated successes. Soft comput-
ing works synergistically with other data analysis methods to provide
flexible analytical tools in real situations. Medsker [1] stated that soft
computing differs from traditional computing in that it is tolerant of
imprecision, uncertainty and partial truth. This guiding principle of
soft computing can be used to achieve tractability, robustness and
low cost solutions.

Rough sets is a leading soft computing approach. Works on hy-
brid rough sets based approaches have been conducted in [8-10, 63,
12-14] and in our previous studies to relational algebra [24, 16], to
flow graphs [17], to Cox proportional hazard model [18] and to med-
ical applications [19,20]. However, the new generation of such re-
search needs to understand the problem’s nature to increase the
intelligence of the system. This new generation of research can reach
this objective by combining several related research areas.

We introduce the new perspective of hybrid rough sets based
approach (Fig. 1). The components we integrate into our hybrid in-
telligent system are rough sets, relational algebra and other scientific
areas. Afterwards, the reinforcement step increases the intelligence
of the system to a high level hybrid intelligent system, such as opti-
mization approaches.

1.2 Rough Sets

In the early 1980’s, Pawlak [33] introduced rough sets theory. Rough
set theory is the last and most important technique to turn our pro-
posed system into a hybrid system. The purely statistical measure-
ment gives reasonable evidence to support the hypothesis. When con-
sidering noisy real-world data, however, purely statistical measures
can be less meaningful. Furthermore, the Cox proportional hazard



High Level Hybrid Smart Systems

£

Reinforcement
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Rough Sets Relational Algebra
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medical science)

Fig. 1. A perspective of how to build a high level rough sets hybrid smart system.

model (for multiple attributes analysis) requires a relationship be-
tween the dependent and explanatory variables and uses fine-tuned
tests (cf. [40]). Rough sets can perform this task efficiently [24, 25].
For these reasons, we propose the hybrid rough sets approach with
the integration of rough sets and statistics.

A number of rough sets applications to medical survival data
have been proposed. Primarily, these studies simply apply rough
sets methods to data that happens to have a medical origin, with-
out much regard for the underlying medical problem at hand. These
studies contrast our approach that contains domain knowledge con-
sideration with probe attributes and probe reducts [53]. Further-
more, our previous study [54} analyzed a number of survival data
sets and captured the necessary semantic information embedded in
the data.

The primary purpose of our study is to explore individual at-
tributes by statistics (univariate) while simultaneously exploring the
effects of several attributes (multivariate) on survival by using a
hybrid rough sets approach. The rough sets principle can perform
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attribute selection of decision concepts that remains the same over
all information. Finding a heuristic method for attribute selection
that is feasible for large data sets is an open problem. Skowron et
al. [48] showed that the lower and upper approximations, positive
regions, short reducts, etc. can be computed in a straightforward
manner from the discernibility matrix with O(kn?) time complexity
where n is the number of examples and & is the number of attributes
of the data set, which is not feasible for large data sets. ;

Applications of rough sets are widening and emerging and are
continuously marked with advancements, for example, survival anal-
ysis. Some studies have been conducted using rough sets [31,32].
These studies utilized inconsistent data that occurred in 246 records
out of 557 records in throat cancer patients.

Nguyen et al. [35,51] proposed several algorithms that do not
require storing the discernibility matrix in the calculation step. Their
algorithm for generating short reducts by using Johnson strategy has
O(k%nlogn) time complexity. This algorithm is an efficient way to
compute reducts without using a discernibility matrix.

Wroblewski [37] proposed a bybrid algorithm for generating reducts.
His proposed approach is more efficient compared to a classical GA.
Bazan et al. [38] reported a method to search for reducts that gener-
ates a minimal number of rules. The authors also introduced several
measures for reduct quality. Fewer rules were generated from these
reducts, occupied less memory and classified new examples faster.

In several studies, the effects of a certain attribute are the main
goal of analysis. This attribute is not necessarily included in the
reduct sets of the subtables. For example, the risk factor that will
impact the progression of disease is the important candidate compo-
nent in the reducts. Such risk factors should be further analyzed for
some problems in the medical domain.

In [35,51,39], rough sets were redefined using database oper-
ations. The computing times were improved remarkably by using
database operations and the database system directly. The straight-
forward approach using databases in the implementation is a promis-
ing approach for rough sets. Hence, benefits of database set opera-
tions Count (Card) and Projection (I]) permit the computation to
scale up in our study. The terms probe attribute and probe reducts
were introduced in [24] as the following.
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Let us assume that a decision table is denoted by T(U,C, D),
where C is the set of condition atiributes and D is a singleton set
of target function. For simplicity, we write C and D instead of {C'}
and {D}.

Definition 1. An attribute C; is a core attribute if

Card(I[(C — C; + D)) # Card(JJ(C — Cy)).

Definition 2. An attribute C; € C is a dispensable attribute with
respect to D if

Card(T[(C - C;i + D)) = Card(J [(C — C)).

Definition 3. The degree of dependency, K(R, D), between the at-
tribute subset R C C and attribute D in decision table T(U,C, D)
18

Card(T1(R+ D))

K(B, D) = GordlC + D))"

Definition 4. The subset of attributes RED C C is a reduct of C
with respect to D if

K(RED,D) = K(C,D) and

K(RED, D) + K(RED', D) for all RED' C RED.

Definition 5. A probe atiribute P € C corresponding to T(U,C, D)
is defined as an attribute of concern in T(U,C, D) for each domain
by an expert.
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Definition 6. A probe reduct cowesponding to decision table T (U, C,
D) is defined as a reduct consisting of a selected before attribute of
concern.

Ezample 1. The notion of probe attribute and probe reducts can be
described with the following example; in survival analysis, survival
time is the decision attribute while patient’s symptoms, surgery type
and so on describe the condition attributes.

If we want to know about the survival time for each patient, the
risk of radical surgery or mild surgery becomes the significant part
of this determination. Hence, we consider the surgery type attribute
as a probe attribute. The probe reducts are the reducts constructed
from the probe attribute.

1.3 Survival Analysis

Survival analysis describes time-to-event analysis. Survival analysis
is called reliability analysis in engineering, and duration analysis in
economics. Survival analysis is the study of the time between entry
to a study and a subsequent, event (e.g., death, recurrence of cancer).

We accomplish this analysis by computing the probability that
the event will occur within a specific time and include a comparison
of several risk factors. Frequently however, the prediction of whether
the event will eventually occur or not is of primary importance. It
often happens that the study does not span enough time in order to
observe the event for all patients.

Two extra factors we consider for survival analysis include:

— survival time (which is commonly misleading), the time patients
are admitted to the study until the time to death as well as the
time to particular events (e.g., recurrence of disease or time until
metastatis to another organ), '

— if any patient leaves the study for any reason, use of a censor
variable is required, indicating the period of observation was cut
off before the event of interest occurred. To properly address cen-
soring, modeling techniques must take into account that for these
patients the event does not occur during the follow-up period.
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The following are some example questions of our study that will
be answered:

“Is diabetes a significant risk factor for geriatric patients?”

“What are the rules for survival time predictions of geriatric
patients?”

“What is the survival tendency of a geriatric patient?”

1.4 Kaplan-Meier Survival Analysis

In survival analysis it is highly recommended to use the Kaplan-
Meier survival analysis method [41]. Kaplan-Meier survival analysis
offers Kaplan-Meier survival curves, which provide insight into the
survival function for each group. The proportion of the population
of such patients who would survive a given length of time under
the same circumstances is given by the Kaplan-Meier method or the
product limit (PL) as shown in equation (1).

S is based on the probability that each patient survives at the
end of a time interval, on the condition that the patient was present
at the start of the time interval.

5@t =11 (1 — 91) . (1)
t:<t %

where t; is the period of study at point ¢, d; is number of events up

to point 4 and n; is number of patients at risk prior to ;.

The method produces a table and a graph, referred to as the
life time table and survival curve. There are initial assumptions to
make use of Kaplan-Meier method that appear in [41]. While the
Kaplan-Meier method focused on a single risk factor or attribute, the
Cox proportional hazard model is used for multiple attributes. This
model assumes a relationship between the dependent and explana-
tory variables and uses fine-tuned tests (cf. {40]). In this research, we
propose multiple attributes analysis with system hybridization using
rough set theory that does not require any initial assumption (Sect.
1.2).

The authors set the threshold different for attribute values among
such inconsistent records. They used the Kaplan-Meier survival func-
tion [41] to cluster groups of patients into approximately similar
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Kaplan-Meier characteristics. The notion of using Kaplan-Meier with
rough set theory is used successfully. However, the Kaplan-Meier
curve is used under the condition that the resulting clusters are rep-
resentative of the data by visualization. Indeed, the visual determi-
nation of such curves requires special treatment. Statistical hypoth-
esis testing techniques are required to prove a significant difference
between the curves. QOur work provides an analysis schema to ac-
complish this as listed in the next section.

1.5 Log-rank Test

An important part of survival analysis is to analyze the risk factor
on a plot of the survival curves (Sect. 1.4) for each group of inter-
est. The comparison of the survival curves for two groups cannot
based on visual impressions. Statistics yield useful survival analysis
data and theoretical tests to provide solutions. Thus, we consider
the log-rank [28], Brewslow [29] and Tarone-Ware tests [30] which
explore whether or not to include the attribute (or risk factor) in the
prediction survival model constructions. These tests calculate their
p-values that test the

— null hypothesis (Hy-the survival curves has no significant differ-
ence in survival times in two groups of interest) against the

— alternative hypothesis (Hy—the survival curves has significant dif-
ference in survival times in two groups of interest).

For example, we can consider diabetes risk factor in geriatric data
set. These three hypothesis testing approaches can answer the ques-
tion: “Is diabetes a significant risk factor for geriatric patients?”,
under the example hypotheses:

Hy: No significant difference in survival times between diabetes groups.
H;: Significant difference in survival times between diabetes groups.

The three statistical tests differ in how they weight the examples.
The log-rank test weights all examples equally, the Breslow test
weights earlier periods more heavily and the Tarone-Ware test weights
earlier examples less heavily than the Breslow test.
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The early studies applying rough set theory to survival analy-
sis are [31,32]. They used rough sets to discover relevant patterns
for complex decisions successfully. A case study considered is the
postsurgery survival analysis for the head and neck cancer cases.
Nonetheless, hypothesis testing for each risk factor was not included
the analysis and is still an open problem.

1.6 Cox Model

Cox (1972) proposed a semi-parametric model for the hazard func-
tion that allows the addition of explanatory variables but keeps the
baseline hazard as an arbitrary, unspecified, nonnegative function of
time. While the Kaplan-Meier method focused on a single risk factor
or attribute, the Cox proportional hazard model is used for multiple
attributes. This model assumes a relationship between the dependent
and explanatory variables and uses fine-tuned tests (cf. [40]). We an-
alyze multiple attributes with system hybridization using rough set
theory.

Using the method of maximum partial likelihood, we estimate
the parameters in Cox’s model. Partial likelihood is remarkable in
that you can estimate the coefficients without having to specify the
baseline hazard function hy. The Cox hazard function for fixed-time
covariates, X, is

h(t) = ho(t)ebl){1+bzXz+...+kak (2)

where h(t) refers to the hazard function at time ¢, ho(¢) refers to the
baseline hazard or hazard for an individual when the value of all the
independent variables equal zero.

The X1, Xs, ..., Xi refer to explanatory variables, by, b, ..., by 1e-
fer to Cox regression coefficients determined by partial likelihood
estimation while k refers to the number of explanatory variables.

1.7 Rule Quality - Measure of Discrimination

In order to gauge the quality of the generated decision rules, measure
of discrimination [55] will be used in our study.

Let Qup denote the measure of discrimination, R denotes rule
or a query term in an information retrieval, D denotes the target
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function or class of relevant documents and D' denotes the class of
non-relevant documents. Qpsp can be expressed as follows:

_ . P(R|D)(1 — P(R|D'))
Qup =19 p(RID) A~ P@D))’ ®)
where P denotes probability.

1.8 Hybrid Reducts

The outcomes from rough sets and Cox methods, reducts and sig-
nificant condition attributes, will be integrated to yield the new set.
This new set contain the informative attributes from rough sets and
significant attributes from statistics and is defined as follows:

Definition 7. (Hybrid Reducts) Let REDU = {redu;,redus, ...
reduy,} # 0 be a reducts set, where m is a number of atiributes
contained in the REDU set. Let SIG = {sigi, siga, ...Sign} # 0 be a
significant condition attribute set, where n is a number of attributes
contained in the SIG set. We define hybrid reducts as follows:

hybrid reducts= REDU U SIG

where U denotes set union operation.

2 Methodology

2.1 Methodology

Our rough sets hybrid intelligent system architecture of rough sets,
relational algebra, survival analysis, statistical learning and medical
science is in Fig. 2.

It consists of three modules: attribute mining, model construction
and evaluation. Our system serves to build a high level rough sets
hybrid intelligent system by the inclusion of domain knowledge in the
analysis process. Real world survival data and domain knowledge are
input in Attribute Mining and are analyzed with the preprocessing
step and new CDispro algorithm by the following steps.

— Preprocess survival data sets into a usable format for entry to
the system e.g., discretization, inconsistency removal.
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Fig. 2. A perspective of how to build a high level rough sets hybrid smart system.Our
proposed rough sets hybrid intelligent system architecture.

— The Kaplan-Meier method analyzes the entire survival data and
generates statistical summaries, e.g., life time table and survival
curve of overall data. Subsequently, a particular risk factor is
included in the Kaplan-Meier method to determine the survival
curves with respect to the survival time attribute. Significance
levels are tested by three statistical techniques. Overall outcomes
are then considered and the probe attribute is identified for all
survival data set and sent to next step.

— Rough set theory extracts core attributes, dispensable attributes
and reducts. Due to uncertainty, survival data can have no core
attributes or use all attributes as core. Our system will always
complete despite this issue. The probe attribute from the previous
step is used to guide generation of probe reducts.

— If the previous step returns the most distinguished selected at-
tributes to predict survival time, our system sets reducts as the
final attribute subset results. Otherwise, the probe attribute is
employed to produce probe reducts that simultaneously extract
the most informative information.

The outcome is the essential and informative attributes (signif-
icant risk factors). All of these acquired attributes will be input to
Model Construction.
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In Model Construction module, ELEM2 (Version 3) [55] derives
a rough sets model in the form of decision rules for survival predic-
tion. We also induce association rules in this step. Association rules
are generated to explore the relative information for each risk factor.
This component allows the degree of flexibility and generality that
was designed, whereas most existing systems tend to be highly spe-
cialized toward a particular kind of rule generation technique. These
rules are passed to the last module.

Furthermore, we develop and add other components to perform
comprehensive survival analysis. The objective is to expand the util-
ity of our system. The additional process is the multivariate analysis
with the Cox method to generate Cox models. Furthermore, hybrid
reducts that integrated the outcome from both rough sets and Cox
method will be generated.

Then the ELEM2 and ID3 [58] (WEKA software [47]) are used
to validate and obtain the evaluation results to guarantee the cor-
rectness of the rules. We compare performance outcomes from both
the entire data and the reducts/probe reducts data. The final output
are rules and their evaluation results. Rough sets has led to many
interesting extensions to data mining {8-10] and feature selection
[48].

2.2 CDispro algorithm

In this section, we present the main algorithm in the first module of
our rough sets hybrid intelligent system. CDispro stands for “Core-
Dispensable Attributes and Probe Reducts Extraction Algorithm”.
It was first proposed in {24] and is revised in this study.

CDispro is able to discover essential information from a data set
using core attribute and reducts/probe reducts in Definitions 1-6. It
comprises two main steps. CDispro discovers core attributes in the
first step and provides two kinds of reducts in the following step;

— traditional reducts R, if no probe, and
— user defined probe reducts PR. CDispro takes domain knowledge
into account by using an input probe attribute P.

Users can identify a probe attribute to produce the probe reducts
PR. The probe attribute is an attribute known to be important for a

120208
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particular data set. Our previous study of probe reducts can be found
in [16]. This revision of CDispro is also more efficient in computing
reducts.

Another key feature of CDispro is to analyze both the relation-
ship among condition attributes and the relationship between con-
dition attributes and its target function.

Algorithm 1 New Core-Dispensable attributes and probe reducts
extraction algorithm.

INPUT : A decision table: T(U, C, D)

A probe attribute: P

OUTPUT: Core attribute: Core

Dispensable attribute: Dis

Probe reducts/Reducts: PR/R

Set Core = @, Dis = @), PR/R = 0.

//Construct Core, Dispensable atiributes end Reducts or Probe reducts
For each attribute ¢; € C

{

IF Card(][(C — ci + D)) < Card([ [(C — <))

Dis=DisUc;

ELS IF Card([[(C — ¢; + D)) > Card(][(C — ))

Core=CoreUc; IF P =1

R = C and Reducts = R

ELSE

PR = C and Core = Core U Probe and Reducts = PR

//CDispro generates probe reducts if the user enters a predefined probe attribute. Otherwise,
traditional reducts will be generated

}

For each ¢; € {C — Core}{

//Measure the merit of each condition aitribute end compare il to the other condition
attributes to generate reducts or probe reducts

Find merit(c;, C, D)

Sort ¢; in decreasing order of merit(c;, C, D)

}

Set V = {C — Core}

WHILE K(R,D) # 1

Select largest ¢; by merit in the list
Reducts = Reducts U ¢;
V=V—gj

3 Experiments

“ .. rough set theory it is not an alternative
to classical set theory but it is embedded in it.”

Zdzislaw Pawlak (2005), A Treatise on Rough Sets
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3.1 Data and materials

We applied our rough sets hybrid intelligent system to the survival
analysis data sets in Table 1. Melanoma data set comprises of 7
conditions attributes and 30 examples. The attribute’s names are
age, ini2, . . ., ini4a and trt. The survival time attribute is the
time until a return to drug use and the censor attribute indicates
the returning to drug use. While pbc (stands for Primary Biliary
Cirrhosis) data set contains 17 condition attributes and 424 patient’s
records. Hepato, edema, bilir, . . . , alkal, and sgot are the attribute’s
names. Mayo Clinic trial in pbe of the liver conducted between 1974~
1984. All patients referred to Mayo Clinic during that interval, met
eligibility criteria for the randomized placebo controlled trial of the
drug D-penicillamine.

Table 1. Experimental data sets

Data sets  {Number of condition attributesjNumber of example
geriatricnstatus 44 8547
geriatricsTime 44 - 8546
melanoma [2] 7 30
PBC [52] 17 424

Table 2 shows description of geriatric data from Dalhousie Med-
ical School (Canada) collected during 2002-2003'. We consider this
geriatric data as two independent data sets followed by two separate
target functions i.e., geriatric,sietus a0d geriatricsrime, respectively.

(geriatric,siatus) contains 8547 patient records with notification
status as the target function. The objective is to develop a model to
predict the notification status for new patient. Geriatric,siatus de-
scribes each patient with 44 condition attributes, e.g., age at investi-
gation, Parkinson’s disease. (geriatricsrime) has the target function
survival time (in months). Geriatricsrime has notification status at-
tribute (dead or alive) as the censor attribute (c.f. [16]). The purpose
of the study is to develop a model to predict the survival time for

! Collection of personal data creates privacy issues. Stronger privacy assurance anony-
mously requires specific model, and is outside the scope of this work.



Table 2. The geriatric data description

Attribute Description Attribute Description
edulevel Education level hbp High blood pressure
eyesight Eyesight heart Heart

hearing Hearing stroke  Stroke

eat Eat arthriti  Arthritis or rheumatism|
dress Dress and undress yourself parkinso Parkinson’s disease
takecare Take care of your appearance eyetroub Eye trouble

walk Walk eartroub Ear trouble

getbed  Get in and out of bed dental  Dental

shower ‘Take a bath or shower chest Chest

bathroom Go to the bathroom stomach Bladder

phoneuse Use the telephone kidney Kidney

walkout Get places out of walking distance{bledder Stomach or digestive
shopping Go shopping for groceries etc. bowels  Bowels

meal Prepare your own meals diabetes Diabetes

housewk Do your housework feet Feet

takemed Take your own medicine nerves  Nerves

money Handle your own money skin Skin

health Health fracture Fractures

trouble Trouble age Age group

livealon Live alone studyege Age at investigation
cough Cough sex Gender

tived Tired livedead Notification status
snecze  Sneeze surtime Survival time

each patient based on the training set, then cross-fold validate the
model on the test set.

4 Experimental Results

4.1 Attribute mining

In the preprocessing step, since data inconsistency is an issue in
rough sets and affects discernibility of the data, we performed a
data cleaning step to obtain consistent data. A study of computing
with inconsistency can be found in [21]. Subsequently, the consistent
data is discretized [16]. Next, all preprocessed data sets are analyzed
with the CDispro algorithm.

To determine the Kaplan-Meier estimate of the survival function,
we took geriatric data and formed a series of time intervals. Each of
these intervals is constructed in such a way that one observed death
is contained in the interval. Status = 0 indicates that the example
has been censored and status = I indicates death. Table 3 presents
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Table 3. Life time table (or the calculation of the Kaplan-Meier estimate) of the
survival function of the geriatric data set.

Time [Status| Cumulative] Standard] Cumulative|Number at risk|
(months) survival error event
1 1 1 8,545
1 1 0.9998 0002 2 8,544
1 0 2 8,526
2 1 3 8,525
2 1 4 8,524
2 1 5 8,523
2 1 0.9993 0003 6 8,522
71 1 6,685 2
71 1 0.0010 .0010 6,686 1
73 0 6,686 0

the life time table or the calculation of Kaplan-Meier estimate of the
geriatric survival function.

We generate the Kaplan-Meier curves by calculating the Kaplan-
Meier estimate of the survival function. A plot of this curve is a step
function, in which the estimated survival probabilities are constant
between adjacent death times and only decrease at each death. In
Fig. 2(a), no risk factor is included, it displays one Kaplan-Meier
survival curve in which all geriatric data are considered to belong
to one group. The important aspect of the survival function is to
understand how it influences survival time. Fig. 2(b) depicts the
Kaplan-Meier survival curve in which all melanoma data belong to
one group.

After considering all data belonging to one group, we examine
the effect of all suspect attributes on survival time. All condition
attributes are considered to be risk factors and are included in the
Kaplan-Meier method, which is used to separate the data into several
subgroups. Figs. 3(a) and (b) depict the analysis of diabetes and
Parkinson’s factors of geriatric data, respectively.
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(a) Geriatric survival function: no risk factor is included,
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(b) Melanoma survival function: no risk factor is included,
melanoma data are considered to belong to one group.

Fig. 3. Survival functions



CUM SURVIVAL

CUM SURVIVAL

23

SURVIVAL FUNCTIONS

DIABETES

9 4

+ {-censored

80

SURVIVAL TIME (MONTHS)

(a) Survival function of the digbetes factor from geriatric:
two types of diabetes diagnosis {0,1} are compared.
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(b) Survival function of the Parkinson’s factor from
geriatric: two types of Parkinson's are compared.

Fig. 4. Survival functions
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(b) Survival function of the akal factor from PBC: 6 levels

of alkaline phospatase in unit/liter are compared.

Fig. 5. Survival functions
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In Fig. 3(a) we consider two possible types of diabetes diagnosis
{0,1} and the same for Fig. 3(b). One can see that the two curves
from these groups of patients reveal different survival characteristics.
We notice a slight difference between the two groups of diabetes
patients and wider differences between two groups of Parkinson’s.
The patients who diagnosed diabetes and not Parkinson’s seem to
provide better results. However, the type without Parkinson’s seem
to have few censor cases left as time goes by. Initially at time zero,
cumulative survival is 1. In both figures, the first 15 months after
admission to our study reveals very little chance of dying and two
groups are visually close together. During the 15-25 month period
(the most steep part of the survival functions in Fig. 3(a)), the hazard
of death has clearly increased. The patients start to have less risk of
dying in the following 3 years.

Figures 4(a) and 4(b) display the analysis of risk factor walk
(whether patient can walk?) of the geriatric data and risk factor al-
kal (alkaline phosphatase in unit/liter) of the PBC data respectively.
Fig. 4(a) illustrates the walk risk factor is ambiguous between pa-
tients who cannot walk (group 1) and can walk but need help (group
0.5). We illustrated the walk risk factor to be a dispensable attribute.
Alkal of PBC in the last figure is described by six possible groups
and show the strong significant difference between each group.

The interpretation of Kaplan-Meier curves is only one significant
part and it is not sufficient to design the most dangerous risk factor.
In [31], Kaplan-Meier method and Prognostic Index (P1) are applied
to head and neck cancer patients. Afterward, rough sets generate
the decision rules. However, the hypothesis tests and p-value are not
considered, thus the complete univariate analysis is required.

Since the comparison of the survival curves for two groups should
be based on formal statistical tests, not visual impressions, we use
the formal hypothesis tests (Sect. 1.5) to see if there is any statis-
tical evidence for two or more survival curves being different and
to complete univariate analysis. In practice, the log-rank tests are
used because they do not assume any particular distribution of the
survival function and are not bias to earlier period events. We then
provide three statistical tests for the equality of the survival func-
tion (degree of freedom = 1). The example for risk factor diabetes of
geriatric data:



Statistic Significance

Log Rank 12.77 .0004
Breslow 5.78 .0162
Tarone-Ware 8.46 .0036

The effects of all risk factors on the survival curves are compared.
This allows us to confirm which risk factor impacts survival time of
patients significantly and should be considered as a probe attribute.

. An example series of tests can be found in [25]. We first consider all
attributes to be potential candidates for the probe attribute if they
have a p-value of less than 0.2.

By considering statistical test results and characteristics of sur-
vival curves, we can choose the probe attributes reasonably. Bazan
et al. {31, 32] proposed an efficient approach for measuring distance
between Kaplan-Meier curves. The conclusion for the geriatric data
set is that diabetes has the most impact on survival time. In other
words, H; is accepted and diabetes is a significant risk for geriatric
patients (see hypotheses in Sect. 1.5). The probe attributes we gen-
erated are: {diabetes} for geriatric, {ini2} for melanoma and {alkal}
for PBC.

We found core attributes and dispensable attributes by using
CDispro. It provides preservation of classification when comparing
its extracted attributes and original data while achieving high di-
mensionality reduction. The results in Table 4 illustrate the selection
of core attributes and generation of reducts. {diabetes} is the core
attribute for both geriatric,sites and geriatricsrime, which means
that {diabetes} is the significant risk factor for notification status and
survival time of our Canadians geriatric data. The previous studies,
CDispro and ROSETTA [63], can be found in [24].

Our CDispro algorithm produces dispensable attributes, depicted
in Table 5. The absence of these attributes does not decrease the pre-
dictive ability from the original data set. In the medical domain, the
adoption of dispensable attributes can minimize the expensive series
of laboratory tests or drop high risk treatments. Several factors, for
example, {eyesight}, {ear trouble} are not significant risk factor for
predicting notification status and survival time of the geriatric data.

We can distil traditional reducts or probe reducts as in (Table
6). Our system produces probe reducts using probe attributes if it



Table 4. Core attributes and reducts results generated from CDispro

Data sets

CDispro core attributes

CDispro reducts

melanoma

geriatric, Stau

ledlev hear housw health livealo
eyetro heart eartrou dental chest
diabetes study sex hbp

geriatricsTimeledlev eyesi hear shower phoneuse

meal shopping housew money tired
sneeze trouble livealo cough sex
arthriti eyetroub hbp heart bladder
stroke dental stomac kidney age
chest bowels diabetes feet nerves
skin health fracture

age sex trt

none

edlev hear housw health livealo
eyetro heart eartrou dental chest
diabetes study sex hbp

edlev eyesi hear shower phoneuse
shopping housew money tired
sneeze trouble livealo cough sex
arthriti eyetroub hbp heart bladder
stroke dental stomac kidney age
chest bowels diabetes feet nerves
skin health fracture

age sex trt

none

PBC

Table 5. Dispensable attributes results generated from CDispro

Data sets

CDispro dispensable attributes

melanoma
PBC

geriatricnstatu

geriatricsTime

nerves skin fracture
eartroub walk

none

none

eyesi shopping trouble cough sneeze arthriti stomac bladder feet

Table 6. Reducts and probe reducts from our system.
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Data sets Reducts Probe reducts
geriatric [edulevel eyesi hear shower phoneuse shopping meal N/A

housew money health trouble livealo cough tired

sneeze hbp heart stroke arthriti eyetroub dental

chest stomac kidney bladder bowels diabetes feet

nerves skin fracture age6 sex
melanoma age, sex, trt age, sex, trt, ini2, ini3a

PBC none alkali; drug
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returns reducts that do not clarify pattern groups of survival. For
example, the PBC data set use {alkal} as probe attribute and {alkal,
drug} as probe reducts for handling situation with no reducts.

4.2 Model construction

All acquired attributes from the first module are passed to the second
module, Model Construction.

ELEM2 generates decision rules in the form:
“Uf Cy is c1 and Cs is g then D isdy”

where c;, ¢y and d; are possible values corresponding to attribute C
and D, respectively.

This rule can be used to predict the outcome in new data such
as survival time of new elderly patient. Among over 800 rules of
geriatric data, example rules of geriatricsrim. are:

Decision Rule 1: IF (health>0.25) and (hear=0) and
(nerves=0) and (feet=0) and (heart=0) and (dental=0) and
(stomac=0) and (hbp=0) and (diabet=0) and (age<?2) THEN
(survival time = 7-18 months)

Decision Rule 2: IF (sex=0) and (edlevel=2) and (eyesi>0)
and (0< health<1) and (0<hear<0.25) and (diabet=1) and
(tired=0) and (feet=0) THEN (survival time = 56-73 months).

The first medical diagnosis rule can be interpreted as:

— If the patient is unhealthy and

— has severe hearing damage and

— nerve problem and

— foot problem and

— heart disease and

— dental disease and

— stomach disease and

— high blood pressure and

especially those who experience diabetes
then the patient has a tendency of survival time around 7-18
months after being admitted to our study.



29

The rule quality (Sect. 1.7)of this rule is 1.8598.
The second rule is interpreted as:

— If a female patient has a low education level and

— an eyesight problem from low to serious type and

— a health problem from low to serious type and

— can hear quite well and

— does not have diabetes experience and

— is easily tired and

— has foot problems

— then the patient is likely to have a survival time between 56-73
months.

The rule quality is 1.5761.

As these rules show, the {diabetes} affects the survival time sig-
nificantly. Our previous studies on univariate analysis have shown
that {diabetes} is a very significant risk factor by using the Kaplan-
Meier method and Log rank test [16]. From decision rule 1, we see
that combinations of risk factors possibly affect the survival time.
Thus, we perform multivariate analysis and {diabetes, heart, trou-
ble, getbed, walk, age, ser} are the significant risk factors by using
the Cox method [18]. Furthermore, these rules result in easy inter-
pretation of survival prediction rules and can be read without prior
expert knowledge.

The sample survival prediction rules from PBC data with the
rule quality 2.0810 is:

Decision Rule 3: IF (age>2) and (biliru<3) and (albumi>3)
and (alkal> 2) and (sgot>1) and (prothr>3) THEN (survival time
= 1861-1781 days).

We perform association rule generation to explore the strong re-
lationship in the geriatric data set. The following are the strong re-
lationship association rule examples we obtained from the geriatric
data set.

Association rule 1: If (getbed=0) and (takemed=0) then
(eat=0).

Association rule 2: If (dress=0) and (takecare=0) and
(getbed=0) and (par-
kinso=0) then (eat=0).
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Both association rules have support numbers 7921 and 7941, re-
spectively. Both association rules have confidence equal to 1. The
interpretation of these association rules are as follows.

First rule: if patients can get in and out of bed and take medicine
by themselves very well then these patients can eat very well.

Second rule: if patients can dress and undress, take care of their
appearances and can get in and out of bed by themselves very well,
(even patients that experience Parkinson’s) then they are likely to
eat very well. ‘

The mulitvariate analysis of our proposed method is Cox mothod.
We took the significant variables mentioned above and treated them
as the explanatory variables when constructing the Cox proportional
hazard model. Our analysis results in the following.

Table 7. Case processing summary

Cases available in amnalysis

Number Percent

Event (LIVMONTH)
Censored

Cases dropped
Total

6686 78.2}%

1860 21.8J
0 0.0%

8546 100.0%

As Table 7 shows, the geriatric data set we used contains 8,546
records, with 1,860 censoring with no missing values, no cases with
negative time and no cases before the earliest event in the stratum.

Table 8. Test of the coefficients; -2 Log likelihood of the null model (—2LLo)

—2LLg
110591.5568

In Table 8, the —2L Ly value of the model without any explana-
tory variable included is 110591.558.

The enter method is used and results in Table 9. Diabetes risk
factor is entered as the first variable. The likelihood of the model
with diabetes (—2LL,) is 110579.417. The —2LL decreases by 12.141.
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Table 9. Test of the coefficients; -2 Log likelihood of the model with diabetes (—2LL1)

—2LL, |Change from the previous step
Chi-square|df Sig.
110679.417) 12.141 |1 .000

This decline 12.141 is significant when considering the last column,
p — value = 0.0004932.

Table 10. Explanatory variable diabetes in the equation with df =1

Var. b SE Wald SigEzp(b) 95% CI L/U
DIABETES148 .0431.654 .001.862 .792/.939

The interpretation of this risk factor in the Cox model is the
hazard of a patient death is decreased 0.862 times if a patient has
experienced diabetes diagnosis (Table 10). We concluded that dia-
betes is a significant risk factor.

The stepwise enter method is used until the last step when all
explanatory variables are included as demonstrated in Tables 11-13.

Table 11. Test of the coefficients; -2 Log likelihood of the model with all explanatory
variables

—2LL Overall (score)
Chi-square{df| Sig.
110032.119{ 513.312 |32|3.85e-088

In the last step, the —2LL of the last step differ from the one in
Fig. 8, 547.298 which is significant. In Table 11, the overall —2LL is
110032.119.

The results in Table 13 demonstrate the utility and versatility of
our system for analyzing survival data efficiently. Our system is also
versatile with the comprehensive univariate and multivariate analy-
sis processes. Nonetheless, the results from Tables 4 and 13 illustrate
two different outcomes from two different aspects; discernibility re-
lation from mathematics and population estimates from statistics.
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Table 12. Explanatory variables heart, ser and shower in the equation with df =1

Yar. b SE Wald SigEap(b) 954 CI L/U
HEART -.072 .03(5.765 .016.931 .878/.987
SEX  .165 .0287.551 .000L.179 1.119/1.243
SHOWER .017 .094.033 .8561.017 .846/1.224

Table 13. Significant condition attributes produced from Cox model in the last step

Data sets|Significant attributes
geriatric {diabetes heart trouble
getbed walk age sex

They are clearly not the disjoint sets or subset of each other, but
they both are of inexpedient from both point of views.

One most important concept of this research is to integrate math-
ematics and statistics to generate the better outcomes that best suit
for multidiscipline study. Thus, our new reducts (Definition 4) is
constructed from the set operation as the following,.

hybrid reducts = {edulevel eyesi hear shower phoneuse shopping
meal housew money health trouble livealo cough tired sneeze hbp heart
stroke arthriti eyetroub dental chest stomac kidney bladder bowels di-
abetes feet nerves skin fracture age sex getbed walk}

These hybrid reducts is constituted both mathematics and statis-
tics importance. It should be considered to be the most informative
and significant attributes for the survival data and for further anal-
ysis.

5 Validation and Comparison to Existing
Results

5.1 Validation

The results illustrate a compact and easy interpretation of survival
prediction rules with no medical expertise required. The improve-
ments of all rule performance compared to rule constructions from
entire data and from reducts/probe reducts are depicted in Fig. 6.
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Fig. 6. Improved performance of the generated rules from the geriatric, melanoma and
PBC data sets.

Almost all rule performance outcomes are improved (except the
average number of geriatric survival prediction rules). The geriatric
data is improved on average 24.47% for all outcomes. The melanoma
and PBC data are improved average 28.45% and 73.77% for all out-
comes respectively. Further, the average number, length and run-
ning time of the rules is improved an average of 52.45%, 21.03% and
51.20% for all data sets respectively.

After generating the survival prediction model with the previous
paradigm, we will illustrate the quality of the rules by using the op-
tional validation process. We run 10-fold cross validation with ID3
to illustrate the utility of derived rules. We use rule quality measure-

ments: recall, precision, F-score and accuracy to gauge the quality
of rules.

We then compare the improvement of rules generated from the
entire data to those generated from reducts/probe reducts. Our val-
idation process demonstrates the improvement for all measurements
in Fig. 7. The validation results illustrate an average improvement
of 2.82% while the running time improved on average 23.01%.



25

20

15

10

Percentage improvement (%)

Recall Precision F-Score Accuracy Running
time

Validation performance

¥Fig. 7. Improved performance from 10-fold cross validation by ID3.

5.2 A case study: comparison to ANNs and frailty index

The same geriatric data was analyzed by other methods [22] to evalu-
ate the potential of rough sets, artificial neural networks (ANNs) and
the frailty index in predicting survival time. For the ANNs, randomly
selected participants formed the training sample to derive relation-
ships between the 40 variables and survival. An ANN’s output was
generated for each subject and a separate testing sample was used to
evaluate the accuracy of prediction. An individual frailty index score
was calculated as the proportion of deficits experienced (c.f. [22]).
The output of the rough sets rules, an ANN’s model and an un-
weighted frailty index in predicting survival patterns were measured
using the accuracy rate. The accuracy rate of rough sets rules from
validation was 83.79%-90.57% [16]. At the optimal receiver operat-
ing characteristic (ROC) value, the accuracy of the frailty index was
70.0%. The ANNs accuracy rate over 10 simulations in predicting
the probability of individual survival was 79.2 + 0.8%.

This geriatric,rime data was analyzed from different points of
view: (i) The unweighted frailty index captured the relationship of
the geriatric,r;me data successfully, (ii) ANNs are able to automati-
cally discover the non-linear characteristics in this data, (iii) rough
sets offer the capability to handle vagueness and illustrated its use-
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fulness on this data. Due to vagueness, redundancy and irrelevant
attributes in the data, we conclude that rough sets and its discerni-
bility relation can improve the analysis process efficiently and effec-
tively.

6 Conclusion

Starting from mathematical rough set theory the central theme of
this study is to invent the hybrid intelligent system. Our rough sets
hybrid intelligent system is useful for survival analysis and extracting
the most informative and useful knowledge. We created our system
to have, the following features. Qur system was designed to provide
comprehensive survival data analysis tasks; preprocessing, analyz-
ing process and postprocessing. We amalgamated rough sets and
other techniques in soft computing to be able to make the analyz-
ing process tolerant to imprecise and uncertain data. We guaranteed
the correctness of rules by designing automatic validation processes.
Furthermore, the computation times were improved significantly by
using database operations. The experimental results show how our
rough sets hybrid intelligent system could be employed to quickly
process. Clinical diagnosis questions can be answered successfully
e.g., is diabetes a significant factor for survival time of geriatric pa-
tients? Analysis results, show that it has significant impact on the
survival time of geriatric patients. Decision rules described partic-
ular tendencies for survival outcomes of patients by using decision
rules that are straightforward and simple to use.
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7 Introduction

We solved one significant issue in survival data analysis that is the
desire to automate the analysis processes in Part I. Traditional hard
computing approaches do not perform automatic learning and thus
they are less efficient for this data type. These hard computing ap-
proaches also require substantial space and time which can cause
problems for large scale data. Moreover, as pointed out by Pawlak
[69] precise reasoning from inexact data would be impossible. Thus,
soft computing approaches are required. Several hybrid approaches
in artificial intelligence provide a variety of soft computing methods
that enhance the scalability significantly [1] e.g., rough sets [33] and
relational database analysis as we illustrated in Part L.

We raise four research questions in this part. First, in some situa-
tions, smaller units of full data set are of great importance to analyze
(e.g., men vs. women patients, young vs. old customers). Thus, the
finer knowledge consideration is important in some aspects. This
article is intended to present mathematical proof and a case study
of Pawlak’s statement about distributed knowledge [33] (as stated
above).

Second is the consideration of a case study on self-reported geri-
atric data (from Dalhousie Medical School, Canada). As stated in
[22], the combination of attributes for predicting prolongation time
might be different in men and women. Furthermore, when consider-
ing data which is self-reported, it usually contains optimistic bias.
This research will illustrate that rough sets in combination with
statistics, relational databases and systematic hypothesis tests is tol-
erant and robust in learning to extract significant risk factors and
induce the rules for predicting survival time. The self-reported data
which is usually optimistic can be reasoned by rough sets approach
and overcome such bias successfully.

Third, the general models of knowledge discovery in databases
(KDD) contains processes including data preprocessing, knowledge
discovery algorithms, rule generations and evaluations. Rule evalu-
ation is a significant process in KDD. How to automatically extract
important, representative rules to the human beings instead of se-
lecting those useful rules manually are the main problems. Specific
difficulties make the research of rule evaluation very challenging.



One of the difficulties is that real-world large data sets normally
contain missing attribute values. They may come from the collect-
ing process, or redundant scientific tests, change of the experimental
design, privacy concerns, ethnic issues, unknown data and so on. Dis-
carding all the data containing the missing attribute values cannot
fully preserve the characteristics of the original data, and wastes part
of the data collecting effort. Knowledge generated from missing data
may not fully represent the original data set, thus the discovery may
not be as sufficient. Understanding and utilizing of original context
and background knowledge to assign the missing values seem to be
an optimal approach for handling missing attribute values. In real-
ity, it is difficult to know the original meaning for missing data from
certain application domains. Another difficulty is that huge amount
of rules are generated during the knowledge discovery process, and
it is infeasible for humans to manually select useful and interesting
knowledge from such rule sets.

Rough sets theory, originally proposed in the 1980’s by Pawlak [33],
was presented as an approach to approximate concepts under uncer-
tainty. The theory has been widely used for attribute selection, data
reduction, rule discovery and many knowledge discovery applications
in the areas such as data mining, machine learning and medical di-
agnoses.

We are interested in tackling difficult problems in knowledge dis-
covery from a rough sets perspective. In this research, we introduce
how rough sets based rule evaluations are utilized in knowledge dis-
covery systems. Three representative approaches based on rough sets
theory are introduced. The first approach is to provide a rank of how
important is each rule by rule importance measure (RIM) [61]. The
second approach is to extract representative rules by considering
rules as condition attributes in a decision table [62]. The third ap-
proach is applied to data containing missing values. This approach
provides a prediction for all the missing values using frequent item-
sets as a knowledge base. Rules generated from the complete data
sets contain more useful information. The third approach can be
used at the data preprocessing process, combining with the first or
second approach at the rule evaluation process to enhance extracting
more important rules. It can also be used alone as preprocessing of
missing attribute values.
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We address particular problems from real-world data sets, using
recent missing attribute value techniques and rule evaluations based
on rough sets theory to facilitate the tasks of knowledge discovery.
The rule discovery algorithm focuses on association rule algorithms,
although it can be classification algorithm, decision tree algorithm
and other rule discovery algorithms from data mining and machine
learning. We demonstrate the rule evaluation approaches using a
real-world geriatric care medical data set.

Finally, given user profile information, recommender systems at-
tempt to predict items (e.g., music, books, web pages) in which a
user might be interested. Thus, general recommender systems were
developed for e-commerce. Several studies have shown that systems
predict the target user’s requirement accurately (e.g., movies [81]
and hardware retail [82]). '

Our recommendation system was designed with the goal of pro-
viding accurate, low-cost medical recommendations. In countries where
health care costs are prohibitively expensive, this system can provide
a free alternative. While not seeking to be a drop-in replacement or
perfect substitute for professional medical advice, there are many
cases where some information is better than nothing. Consider the
following examples. A patient can only afford a limited number of
tests, but cannot determine which ones should take priority. There
may be an inexperienced, or no doctor available and the patient
would like a second opinion.

Regular check-ups allow doctors to diagnose diseases early, al-
lowing wider options for treatment. Many patients cannot afford
these regular visits, and instead only are examined when there is a
problem. A free recommendation from our system may allow earlier
diagnosis. Rural areas with limited access to medical professionals
can also benefit from more frequent medical advice. To provide this
service, we aim to eventually deploy this system in low-cost pub-
lic kiosks. In this research, we describe the design of a web-based
prototype. :
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8 Preliminaries and Notation

8.1 Rough Set Theory

The advantages of rough sets to survival analysis (adapted and ex-
tended from [60]) are outlined as follows.

1. Tolerant to vague and uncertain data which is commonly founded
in actual data.

2. Discover relationships that would not be found while using tra-
ditional hard computing approaches.

3. Provide an efficient method for reasoning and extracting hidden
patterns in data.

4. Discard unimportant attributes of data.

5. Generate decision rules.

6. Offer an easy to understand and straightforward interpretation
of the rules.

Core Generation. Hu et al. [67] introduced a core generation algo-
rithm based on rough sets theory and efficient database operations,
without generating reducts. The algorithm is shown in Algorithm 2,
where C is the set of condition attributes, and D is the set of deci-
sion attributes. Card denotes the count operation in databases, and
IT denotes the projection operation in databases. :

Algorithm 2 Hu’s Core Generating Algorithm [67]

Input Decision table T'(C, D),

C is the condition attributes set;

D is the decision attribute set.

Output Core,

Core attributes set.

begin

Core «— ¢

ForeachconditionatiributeA € C{

If Card(IT(C — A + D)) # Card(lI{C — A))

Core =CoreU A

}
}

ReturnCore
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This algorithm is developed to consider the effect of each con-
dition attribute on the decision attribute. The intuition is that, if
the core attribute is removed from the decision table, the rest of the
attributes will bring different information to the decision making.
Theoretical proof of this algorithm is provided in [67]. The algo-
rithm takes advantage of efficient database operations such as count
and projection. This algorithm requires no inconsistency in the data
set.

8.2 Rough Sets based KDD Systems

We briefly survey current rough sets based knowledge discovery sys-
tems. We discuss the individual functions of each system based on
general characteristics, such as the input data sets, the preprocessing
tasks, the related rough sets tasks, the rule generations and so on.

1. ROSETTA ROSETTA [63] software is a general purpose rough
set toolkit for analyzing the tabular data, and is freely distributed.
The downloadable versions for both the Windows and Linux op-
erating systems are available. The software supports the complete
data mining process, from data preprocessing, including process-
ing incomplete data, data discretization, generating reduct sets
which contain essential attributes for the given data set, to clas-
sification, rule generation, and cross validation evaluation. Some .
discretization and reducts generation packages are from RSES
library [64].

2. RSES2.2 RSES [64] stands for Rough Set Exploration System.
There are downloadable versions for both the Windows and Linux
operating systems. It is still maintained and being developed.
The system supports data preprocessing, handling incomplete
data, discretization, data decomposition into parts that share the
same properties, reducts generation, classification, and cross val-
idations and so on.

3. ROSE2 ROSE [65] stands for Rough Sets Data Explorer. This
software is designed to process data with large boundary regions.
The software supports data preprocessing, data discretization,
handling missing values, core and reducts generation, classifica-
tions and rule generation, as well as evaluations. This software



provides not only the classical rough set model, but also the vari-
able precision model, which is not provided by [63] and {64].

4. LERS LERS [68] stands for Learning from Examples based on
Rough Sets. It is not publicly available. The system was designed
especially to process missing values of attributes and inconsis-
tency in the data set. Certain rules and possible rules are both
extracted based on the lower and upper approximations.

In addition to the rough sets based systems mentioned above,
there are other available knowledge discovery systems based on the
methodologies of rough sets such as GROBIAN [69] and DBROU-
GH [70].

8.3 Current Research on Rule Evaluations

Rule generation often brings a large amount of rules to analyze.
However, only part of these rules are distinct, useful and interesting.
How to select only useful, interesting rules among all the available
rules to help people understand the knowledge in the data effectively
has drawn the attention of many researchers. Research on designing
effective measures to evaluate rules comes from statistic, machine
learning, data mining and other fields. These measures fall into two
categories of evaluation measures.

Rule Interestingness Measures. One category of evaluating rules
is to rank the rules by rule interestingness measures. Rules with
higher interestingness measures are considered more interesting. The
rule interestingness measures, originated from a variety of sources,
have been widely used to extract interesting rules. Different appli-
cations may have different interestingness measures emphasizing on
different aspect of the applications. Hilderman provided an exten-
sive survey on the current interestingness measures [71] for different
data mining tasks. For example, support and confidence are the most
common interestingness measures to evaluate the association rules.
Not all the interestingness measures generate the same rank of
interestingness for the same set of rules. Depending on different ap-
plication purpose, appropriate rule interestingness measures should
be selected to extract proper rules. More than one measure can be
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applied together to evaluate and explain the rules. Tan et. al. [72]
evaluate twenty one measures in their comparative experiments and
suggest different usage domains for these measures. They provide
several properties of the interestingness measures so that one can
choose a proper measure for certain applications. Their experiments
also imply that not all the variables perform equally good at captur-
ing the dependencies among the variables. Furthermeore, there is no
measure that can perform constantly better than the others in all
application domains. Different measure is designed towards different
domains.

Rule Quality Measures. The concept of rule quality measures
was first proposed by Bruha [73]. The motivation for exploring this
measure is that decision rules are different with different predicting
abilities, different degrees to which people trust the rules and so on.
Measures evaluating these different characteristics should be used
to help people understand and use the rules more effectively. These
measures have been known as rule quality measures.

The rule quality measures are often applied in the post-pruning
step during the rule extraction procedure [74]. For example, some
measures are used to evaluate whether the rules overfit the data.
When removing an attribute-value pair, the quality measure does
not decrease in value, this pair is considered to be redundant and
will be pruned. As one of the applications, rule generation system
uses rule quality measures to determine the stopping criteria for the
rule generations and extract high quality rules. In [79] twelve differ-
ent rule quality measures were studied and compared through the
ELEM2 [74] system on their classification accuracies. The measures
include empirical measures, statistical measures and measures from
infomation theory.

8.4 Recommendation Rules

In general, a decision rule can have more than one antecedent (com-
bined either by AND or OR logical operations). Similarly, a decision
rule can have more than one consequent. Antecedents or consequents
can describe unary relations, e.g.,

Bangkok is raining. Bangkok has a lot of traffic.
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Antecedent or consequent can describe binary relations, e.g.,
Bangkok has more traffic than Toronto.
Decision rules can describe relations, e.g.,

IF' Bangkok has a lot of traffic THEN travel on the subway.
IF Bangkok is raining THEN bring an umbrella.

Here, we analyzed the relationship within decision rules and added
expert knowledge to generate a recommendation rule [83]. The fol-
lowing is an example of a recommendation rule that takes a set of
inputs and gives advice as a result.

IF Bangkok has a lot of traffic AND Bangkok is raining
THEN travel on the subway AND bring an umbrella.

We introduce two measurements that will be used in our system
with our recommendation rules. Given n, the total number of facts
in the database, m the total number of rules, R; is rule number %
and p;; is the priority of each fact j for rule i, the rule priority is
calculated from the value-pair condition attribute that matched the
fact as follows:

RULE_PRIORITY (R) = = Y Pij (4)
j=1
where ¢ runs through 1,2,...,m.

In some cases, a patient’s input might match more than one rec-
ommendation rule and several rules are triggered. Qur system will
calculate the recommendation score from the rule quality [55], rule
cover and rule priority (4) as follows:

RECOMMENDATION_SCORE(R;) = (RULE_QUALITY (R;}+ RULE_PRIORITY (R;))

RULE_COVER(R;
+( . "). (5)

Only one recommendation rule will be fired if the highest rec-
ommendation score exceeds the recommendation threshold, a.. Oth-
erwise, multiple recommendation rules will be fired.

8.5 Recommender Systems

A recommender system is a decision support system that provides
a personalized solution in a brief and clear form from the user’s
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given information. In this study, we construct a recommender sys-
tem based on rule-based systems. A recommender system consists
of three components: (i) a database of rules, (ii) a database of facts
and (iii) an inference engine [83]. First, the knowledge base contains
a set of rules that represent the knowledge possessed by the system
(e.g., from previous analysis). Second, the database of facts repre-
sents inputs to the system that are used to cause actions or derive
recommendations. Finally, the inference engine is the part of the sys-
tem that generates a recommendation. The inference engine uses the
rules and facts when inferring recommendations.

Our system uses deduction to reach a recommendation from a set
of antecedents, this is called forward chaining. This approach begins
with a set of facts and rules, and tries to find a way of using those
rules and facts to deduce a recommendation or a suitable action.
To apply forward chaining, the first step is to take the facts from
the fact database and check if any (combination) of these matches
all the antecedents of the rules in the rule database. When all the
antecedents of a rule are matched by facts in the database, then this
rule is friggered. The rule is then fired, which means its conclusion
is added to the facts database. If the conclusion of the rule that
has fired is an action or a recommendation, then the system makes
recommendations or actions take place. In our study, the only action
is to provide recommendations.

9 Theoretical Discovery and Methodology

9.1 Rough Set Theory

The purely statistical measurement gives reasonable evidence to sup-
port the hypothesis. When considering noisy real-world data, how-
ever, purely statistical measures can be less meaningful. Rough sets
approaches that can handle incomplete information are thus re-
quired. For these reasons, rough set theory is the last and most
important technique to turn this study into a hybrid approach.
The followings are the rudiment of rough set theory. Any subset
X,Y C U of the universe U will be called a concept (or a category)
in U. Let us assume a decision table denoted by T'(U,C, D), where
C is the set of condition attributes and D is a singleton set of target
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function. Let (D] = {Dy, D,, ..., Dy} denote the equivalent classes
induced by D, and VA C C, [A] = {4, As,...,An} denotes the
equivalent classes induced by A. If S is a subset of C or D and
t;[S] = t;(S] then tuples ; and ¢; are in the same equivalent class
induced by attributes S [75].

Definition 8. [75] For a given set Dj, the lower approximation,
Loweray/p,, of D; under A C C is the union of all equivalent classes
A;, each of which is contained by Dj and is defined as follows:

Lower(ayp, = J{Ail4; € Dj;i=1,2,...,m}.

For any object t; € Loweriyyp;, t; can be classified certainly to D;
and is defined as follows:

Lower(ap = U{LO‘ID&‘T[A]/&]& € [D],j=1,2,...,k}.

Definition 9. [75] An attribute C; € C is a core attribute in C
with respect to D if

Lower(g)/ip) # Loweric_c;)/ip}-

Definition 10. Let CORE(X) be a set of core att'rz'butesA of set X.
The cardinality of the set of core attributes is denoted by n(CORE(X)).

Proposition 1 [33] Lower(X) U Lower(Y) C Lower(X UY).

Directly from Proposition 1, we can derive the following simple
properties and propositions.

Property 1 Lower(X) C Lower(X UY).

Property 2 Lower(Y) C Lower(X UY).
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Proposition 2 If X, Y #0 and X NY =0, then
Lower(X) U Lower(Y) C Lower(X UY),

Lower(X) C Lower(XUY) and
Lower(Y) C Lower(X UY).

Proof. Since X C XUY and Y C X UY, we thus have Lower(X) C
Lower(X UY) and Lower(Y) C Lower(X UY'), which gives
Lower(X) U Lower(Y") C Lower(X UY). Properties 1, 2 yield
Lower(X) C Lower(X UY) and Lower(Y) C Lower(X UY), re-
spectively.

Next, we come to main contribution of mathematical proof of
distributed decision table.

Proposition 3 If we are given X,Y C U, and X UY = C, where
X,Y #0 then

n(CORE(X)) < n(CORE(X UY)) and
n(CORE(Y)) < n(CORE(X UY)).

Proof. Let X, Y € U and X UY = C( are in a decision table
T(U,C, D). For a subset X C U, let A be a core attribute of X,
then by Definitions 8, 9, 3t such that t € Loweryx),p; but ¢t ¢
Lower(x _ 41ip which gives

Lowerx)ip) # Lower(x—4)/p)-
Next, let B be a core attribute of C, then by Definitions 8, 9, 3ty
such that tq € Lower(cyp) but to ¢ Lower|c_py/p) which gives

Lowerieypy # Lowerc—pi/p)-

Because [X]/[D] C [C]/[D] by Proposition 2, there is t # t¢ such that
t € Lowerx)p) but t ¢ Lowerx_ 4)/ip] which gives Lowerx)/|p #
Lowerx_ 4)/p] whereas to ¢ Lowerc)p] and %o ¢ Loweric_pj/ip)-
Hence, n(CORE(X)) < n(CORE(X UY)).
Similarly, for a subset Y C U, we obtain n(CORE(Y)) <
n(CORE(X UY)). ~
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Let us briefly comment on Proposition 3. As Pawlak pointed
out in [33] (Proposition 1) that in general the knowledge included
in a distributed knowledge base is less than in the integrated one.
Thus, dividing a decision table to smaller units causes loss of some
information. In this research, Proposition 3 says that the number of
core attributes of distributed decision table or database is less than
the integrated one.

For example, Song et al. [22] analyzed the same geriatric data
set that we use in the present research. They remarked that the
differences between genders should be determined. Hence, dividing
this geriatric data set to decision tables of male and female patients
will be considered in next section. The experimental results to sup-
port our results in this section will be presented in Tables 16, 17,
respectively.

9.2 Rule Evaluation on Knowledge Discovery

In this section, we first examine a current rough set knowledge dis-
covery system, and suggest the importance of rule evaluations. We
propose rule evaluation approaches and their functions in knowledge
discovery systems.

Analyzing RSES — Rough Set Exploration System We take
the RSES [64] system as an example system, and study in more de-
tail of the role of rule evaluations. We show that current systems are
limited with regard to rule evaluation, and we emphasize the impor-
tance of rule evaluation in current knowledge discovery systems.

RSES (Rough Set Exploration System) is a well developed knowl-
edge discovery system focusing on data analysis and classification
tasks, which is currently under development. Figure 8 shows a use
of the system on a heart disease data set for classification rule gen-
eration.

The data input to RSES is in the form of decision table T =
(C, D), where C is the condition attribute set and D is the decision
attribute set. Preprocessing is conducted once the data is imported
to the system, during which stage the missing attribute values are
handled and discretization is performed if necessary as well. Reducts
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are then generated, classification rules based on the reducts are ex-
tracted.

RSES provides four approaches on processing missing attribute
values, such as removing data records with missing values, assigning
the most common values of the missing attribute within the same
decision class and without the same decision class, and consider-
ing missing attribute values as a special value of the attribute [64].
These approaches are used during the data preprocessing stage in
the system. Although these approaches are fast and can be directly
applied in the data, they lack the ability of preserving the semantic
meanings of the original data set. Missing values may be assigned,
however, the filled values may not be able to fully represent what is
missing in the data.

RSES provides rule postprocessing, which are “rule filter”, “rule
shorten” and “rule generalize”. “Rule filter” removes from the rule
set rules that do not satisfy certain support. “Rule shorten” shortens
the length of the rules according to certain parameters [64]. “Rule
generalization” generalizes rules according to a system provided pa-
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rameter on the precision level. Although these rule postprocessing
approaches provide an easier presentation of all the rule sets, these
approaches do not provide ways to evaluate which rules are more in-
teresting, and which rules have higher quality. These functions can-
not provide a rank of rules according to a rule’s significance to the
users.

Enhanced Knowledge Discovery System based on Rough
Sets We present a rough set based knowledge discovery system, as
shown in Figure 9.

QOriginal Data

IteriRSFit on
prédicting
missing values

Selection
pata .{Rough Séls)

Preprocessi
=

Rule | Defining.
Generation Rule Template

Rule
imporiance
Measures \

w| Rule Evaluation

Reduct |1

Rules

Knowledge »
Representation
visualizdtion

Fig. 9. The Knowledge Discovery Based on Rough Sets Theory

In this general purpose knowledge discovery system, data from
different application domains are first imported into the system. Pre-
processings including missing attribute values processing, discretiza-
tion, are conducted in this stage. After the data is preprocessed at-
tribute selections are conducted. Depending on the output, different
attribute selection approaches can be applied here. Rule generation
algorithms extract rules. After the rule sets are obtained, the impor-
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tant postprocessing - rule evaluations are performed in this stage.
Rules are finally represented, possibly visualized in a certain format,
as knowledge to the end users.

We introduce three approaches integrated into this general pur-
pose KDD system as shown in Figure 9. The first approach ItemRS-
Fit is used in the data preprocessing stage. The second approach,
rule importance measure is used to rank rules during the rule evalu-
ation process. The third approach of extracting reduct rules is also
used during the rule evaluation stage. We will elaborate these ap-
proaches in the following.

I. Predicting missing attribute values based on Frequent
Itemset. ItemRSFit approach is a recently developed approach on
predicting missing attribute values based on association rules algo-
rithm and rough sets theory. It has been shown on both large scale
real world data set and UCI machine learning data sets on the im-
proved prediction accuracies.

ItemRSFit approach is an integration of two other approaches
from association rule algorithm and rough sets theory. Priori to the
association rule generation, frequent itemsets are generated based
on the item-item relations from the large data set according to a
certain support. Thus the frequent itemsets of a data set represent
strong correlations between different items, and the itemsets rep-
resent probabilities for one or more items existing together in the
current transaction. When considering a certain data set as a trans-
action data set, the implications from frequent itemsets can be used
to find to which attribute value the missing attribute is strongly
connected. Thus the frequent itemset can be used for predicting the
missing values. We call this approach “itemset-approach” for predic-
tion. The larger the frequent itemsets used for the prediction, the
more information from the data set itself will be available for pre-
diction, hence the higher the accuracy will be obtained. However,
generating frequent itemset for large data set is time-consuming. Al-
though itemsets with higher support need less computation time,
they restrict item-item relationships, therefore not all the missing
values can be predicted. In order to balance the tradeoff between
computation time and the percentage of the applicable prediction,
another approach must be taken into consideration.



A reduct contains a subset of condition attributes that are suffi-
cient enough to represent the whole data set. The intersection of all
the possible reduct is the core. Therefore the attributes contained in
the reduct or core are more important and representative than the
rest of the attributes. Thus by examining only attributes within the
same core or reduct to find the similar attribute value pairs for the
data instance containing the missing attribute values, we can assign
the most relevant value for the missing attribute. Since this method
only considers a subset of the data set, which is either the core or
the reduct, the prediction is quite fast. This approach “RSFit” is
recently proposed in [76], and it is an alternative approach designed
for fast prediction. It can be used to predict missing attributes that
cannot be predicted by the frequent itemset.

We integrate the prediction based on frequent itemset and RSFit
approach into a new approach ItemRSFit to predict missing at-
tribute values. Frequent itemsets are used to predict missing values
first, and RSFit approach is used to predict the rest of the missing
values that cannot be predicted by the frequent itemsets. This in-
tegrated approach can predict missing values from the data itself,
therefore less noise is brought into the original data. The details on
the ItemRSFit approach is presented in [77].

Properly processed data can improve the quality of the generated
knowledge. Therefore the ItemRSFit approach is used in this system
at the preprocessing stage. It helps to preserve the qualities of the
original input data to this system, thus facilitate the rule evaluation
process.

I1. Rule Importance Measures. Rule importance measure [61]
is developed to provide a diverse rank of how important the associ-
ation rules are, although this approach can also be applied to rules
generated by other rule discovery algorithms.

Association rules algorithm can be applied on this transaction
data set to generate rules, which have condition attributes on the
antecedent part and decision attributes on the consequent part of
the rules. Rules generated from different reduct sets can contain
different representative information. If only one reduct set is being
considered to generate rules, other important information might be
omitted. Using multiple reducts, some rules will be generated more
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frequently than other rules. We consider the rules that are generated
more frequently more important.

The Rule Importance is defined to be important by the following
definition.

Definition 11. If o rule is generated more frequently across differ-
ent rule sets, we say this rule is more important than rules generated
less frequently across those same rule sets.

Rule importance measure is defined as follows,
Definition 12.
Number of times a rule appears in all
the generated rules from the reduct sets
Number of reduct sets )

Rule Importance Measure =

The definition of the rule importance measure can be elaborated
by Eq. 6. Let n be the number of reducts generated from the decision
table T(C, D). Let RuleSets be the n rule sets generated based on
the n reducts. ruleset; € RuleSets (1 < j < n) denotes individual
rule sets containing rules generated based on reducts. rule; (1 <
i < m) denotes the individual rule from RuleSets. RIM; represents
the rule importance measure for the individual rule. Thus the rule
importance measures can be computed by the following

[{ruleset; € RuleSets|rule; € ruleset;}| (6)
n

The details of how to use rule importance measures can be found
in [61]. Rule importance measure can be integrated into the current
rough sets based knowledge discovery system to be used during the
rule evaluation process. A list of ranked important rules can therefore
be presented with their rule importance measures to facilitate the
understanding of the extracted knowledge.

RIM-L =

ITI. Extracting Reduct Rules. In [62] a method of discovering
and ranking important rules by considering rules as attributes was
introduced. The motivation comes from the concept of reduct. A
reduct of a decision table contains attributes that can fully represent
the original knowledge. If a reduct is given, rules extracted based on
this reduct are representative of the original decision table. Can we
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take advantage of the concept of a reduct to discover important
rules?

We construct a new decision table A,y (n+1), Where each record
from the original decision table g, uy, ..., Uy 1 are the rows, and the
columns of this new table consists of Ruley, Ruley, ..., Rule,_; and
the decision attribute. We say a rule can be applied to a record in
the decision table if both the antecedent and the consequent of the
rule appear together in the record. For each Rule; (5 € [0, ...,n—1]),
we assign 1 to cell A[z,j] (i € [0, ..., m — 1]) if the rule Rule; can be
applied to the record u;. We set 0 to A[i, j] otherwise. The decision
attribute Afé,n] (i € [0,...,m — 1]) remains the same as the original
values of the decision attribute in the original decision table. Eq. 7
shows the conditions for the value assignments of the new decision
table.

1, if j <n and Rule; can be applied to u;
£ 3~ 0, if j <n and Rule; cannot be applied to u; (7
: d;, if j = n and d; is the corresponding decision
attributes foru;

where ¢ € [0,...,m —1],7 € [0, ...,n — 1].
We further define Reduct Rule Set and Core Rule Set.

Definition 13. Reduct Rule Set. We define a reduct generated
from the new decision table A as Reduct Rule Set. A Reduct Rule
Set contains Reduct Rules.

The Reduct Rules are representative rules that can fully describe
the decision attribute. '

Definition 14. Core Rule Sel. We define the inlersection of all
the Reduct Rule Sets generated from this new decision table A as
Core Rule Set. A Core Rule Set contains Core Rules.

The Core Rules are contained in every Reduct Rule Set.

By considering rules as attributes, reducts generated from the
new decision table contain all the important attributes, which rep-
resent the important rules generated from the original data set; and
it excludes the less important attributes. Core attributes from the
new decision table A contain the most important attributes, which
represent the most important rules.
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Other Enhancements. The three approaches discussed in our re-
search have shown to effectively evaluate rules. There are other tech-
niques that can be used along with these approaches in Figure 9. For
example, during the rule generation process, properly defined rule
templates can not only reduce the computation of rule generations,
but it also ensures high quality rules, or interesting rules generated
according to the application purposes. Important attributes, such as
probe attributes can be defined in the data preprocessing stage for
generating rules containing such attributes for generating expected
rules.

Our motivation is, proposing approaches to enhance the current
knowledge discovery system, to facilitate the knowledge discovery
process on discovering more interesting and higher quality rules.

10 Experiments

10.1 Distributed Databases via Rough Set Theory

We conduct experiment to extract core attributes of full geriatric
data set, female and male patients to show a computational evidence
of Proposition 3.

In this study, after removing inconsistent records from the data,
the distributed self-reported geriatric data of male and female pa-
tients are provided in the Tables 14, 15, respectively.

Table 14. The portion of distributed self-reported geriatric data of female patients.

Patients{EYESI{HEALT| ... |AGE|[TIME]

1 .25 0 | B 5
2 .25 .5 ] 1 2
975 0 .25 .| 2 5

Dispensable attributes are excessive attributes in the data set
which can be removed, whereas core attributes are an important
portion of the data that affect the predlctlon of the decision, as
shown in Table 16.
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Table 15. The portion of distributed self-reported geriatric data of male patients.

Patients| EYESIIHEALT]...[AGE|TIME
1 .25 .7 f...] 3 2
2 0.25 0 . 4 4
890 0.25 | 0.25 4 2

Table 16. Dispensable and core attributes results.

Data

attribute

Dispensabl

Core attribute

full
data

geriatric

female patients

male patients

'WALK

COUGH,

EYETROUEYESI,

SHOWER,

EARTROUEDULEVEL, EYESI, AGE,

HEAR, SKIN, SHOWER,
PHONE, SHOP, MEAL,
MONEY, CHEST,
TROUB, COUGH, TIRED,
HOUSEW, HEALTH,
LIVEALO, SNEEZE,
HBP, HEART, STROKE,
ARTHRI, EYETROU,
DENTAL, STOMAGC,
KIDNEY,  BLADDER,
BOWELS, DIABETES,
NERVES, FEET, FRAC-
TURE, GENDER
HEAR,
AGE,

DI-
ABETES, ED-
ULEVEL

EYESI, CHEST, HEAR,
HEALTH, SNEEZE,
EYETROU, STROKE,

ARTHRI, AGE
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As one can see number of core attributes of female and male
patients are 5 and 9, respectively, which are less than number core
attributes of full geriatric data. Reducts in Table 17 were generated
from our CDispro algorithm presented in Part I. They are the re-
duced number of attributes that can be used to predict decision as
well as the entire data set. One can see that dispensable attributes
and reducts are different when compare full geriatric data set to
distributed data sets and thus satisfy Pawlak’s remark [33]. These
results also reveal differences between genders which also satisfy the
remark in [22].

Table 17. Reduct results of geriatric data.

Data Reduct

full  geriatric| EDULEVEL, EYESI, HEAR,

data SHOWER, PHONE, SHOP, MEAL,
HOUSEW, MONEY,HEALTH,

TROUB, LIVEALO, AGE, COUGH,
TIRED, SNEEZE, HBP, HEART,
STROKE, KIDNEY, BLADDER,
BOWELS, DIABETES, FEET,
NERVES, SKIN, FRACTURE, GEN-
DER

female patients|EYESI, HEAR, DIABETES, AGE
male patients {EYESI, HEAR, HEALTH, ED-
ULEVEL, STROKE, ARTHRI,
CHEST, AGE

10.2 Experiments with Missing Values and Comparison
Studies

We demonstrate, through a series of experiments, that systems im-
proved by the proposed rule evaluation approaches can help humans
discover and understand more important rules.

Specifying Rule Templates Apriori association rules algorithm
is used to generate rules. Because our interest is to make decisions
or recommendations based on the condition attributes, we are look-
ing for rules with only decision attributes on the consequent part.
Therefore, we specify the following 2 rule templates to extract rules
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we want as shown by Template 8, and to subsume rules as shown by
Template 9.

(Attribute,, Attributes, .. ., Attribute,) — (DecisionAtiribute)
(8)

Template 8 specifies only decision attributes can be on the conse-
quent part of a rule, and Atiribute,, Attribute,, ..., Atiribute, lead

to a decision of Decision Attribute.

We specify the rules to be removed or subsumed using Tem-
plate 9. For example, given rule

(Attribute, , Attributes) — (Decision Attribute) 9)
the following rules

(Attribute,, Attributey, Attributes) — (DecisionAttribute) (10)

(Attribute;, Attribute,, Attributes) — (DecisionAttribute) (11)

can be removed because they are subsumed by Template 9. Take the
geriatric care data as an example, in the rule set, a rule shown as
Eq. 12 exists

SeriousChest Problem — Death - (12)

the following rule is removed because it is subsumed.

SeriousChest Problem, TakeM edicine Problem — Death  (13)

Geriatric Care Data Set We perform experiments on a geriatric
care data set as described in Part I.

The ItemRSFit approach is implemented by Perl and the exper-
iments are conducted on Sun Fire V880, four 900Mhz UltraSPARC
III processors. We use apriori frequent itemset generation [80] to gen-
erate frequent 5-itemset. The core generation in RSFit approach is
implemented with Perl combining the SQL queries accessing MySQL
(version 4.0.12). ROSETTA software [63] is used for reduct genera-
tion. :
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10.3 Experiments on Predicting Missing Attribute Values

In order to show the ItemRSFit approach obtains better prediction
accuracy than the existing approach (i.e., RSFit), we perform the
experiments on the geriatric care data set by randomly selecting
150 missing values from the original data. We then apply both RS-
Fit approach and ItemRSFit approach on predicting missing values,
and compare the accuracy of the prediction. Figure 10 demonstrates
the comparison predicting abilities between RSFit and ItemRSFit
approaches. We can see from the figure that the smaller the sup-
port is, the more accurate the prediction of the missing attribute
values for the ItemRSFit approach obtains; whereas for the RSFit
approach, the accuracy remains the same as the value of support
gets smaller; and the accuracy obtained by RSFit is always lower
than the ItemRSFit approach. This result demonstrates that fre-
quent itemsets as knowledge base can be effectively applied for pre-
dicting missing attribute values.
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Fig. 10. Accuracy Comparisons for Geriatric Care Data with 150 Missing Attribute
Values :
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10.4 Experiments on Rule Importance Measure

In our experiment, we use the genetic algorithm to generate mul-
tiple reduct sets with the option of full discernibility. The apriori
algorithm [80] for large item sets generation.

The core attributes for this data set are eartrouble, livealone,
heart, highbloodpressure, eyetrouble, hearing, sex, health, education-
level, chest, housework, diabetes, dental, studyage.

Table 18. Reduct Sets for the Geriatric Care Data Set after Preprocessing

No.|Reduct Sets

1 [{edulevel,eyesight, hearing,shopping,housewk,health trouble,livealone,
cough,sneeze,hbp,heart arthriti,eyetroub,eartroub,dental,
chest,kidney,diabetes,feet,nerves,skin studyage,sex }
2 [{edulevel,eyesight,hearing,phoneuse,meal housewk,health,trouble, hvealon
cough,sneeze,hbp,heart,arthriti,evetroub,eartroub,dental,
chest,bladder,diabetes,feet,nerves,skin,studyage,sex }

86 {{edulevel eyesight,hearing, shopping,meal,housewk,talemed, health,
trouble,livealone,cough tired,sneeze, hbp,heart, stroke,arthriti,
eyetroub,eartroub,dental chest,stomach,kidney,bladder diabetes,
feet,fracture,studyage,sex}

Table 18 shows selected reduct sets among the 86 reducts gener-
ated by ROSETTA. All of these reducts contain the core attributes.
For each reduct set, association rules are generated with support =
30%, confidence = 80%. 2 218 unique rules are generated over these
86 reducts. These rules as well as their rule importance are shown in
Table 19. Among these 218 rules, 87 rules have rule importance of
1o less than 50% , 8 of which have rule importance of 100%. All the
rules with rule importance of 100% contain only core attributes.

10.5 Experiments on Generating Reduct Rules

The new decision table Agsssx219 is constructed by using the 218
rules 3 as condition attributes, and the original decision attribute

2 Note that the value of support and confidence can be adjusted to generate as many
or as few rules as required.

3 There are 1615 rules generated by apriori algorithm from the original data set with
support = 30%, con fidence = 80%, after applying the rule template. We can cir-



63

Table 19. Rule Importance for the Geriatric Care Data

No. Selected Rules Rule Importance
0 ISeriousHeartProblem — Death 100%
1 |SeriousChestProblem — Death : 106%
2 |SeriousHearingProblem, HavingDiabetes — Death 100%
3 |SeriousEarTrouble — Death 100%
4 SericusEyeTrouble — Death 100%
5 |Sex Female — Death 100%

10 jLivealone, HavingDiabetes, NerveProblem —» Death 95.35%

216|SeriousHearingProblem, ProblemUsePhone — Death| 1.16%
217|TakeMedicineProblem, NerveProblem — Death 1.16%

as the decision attribute. Note that after reconstructing the de-
cision table, we must check for inconsistency again before gener-
ating reduct rules for this table. After removing the inconsistent
data records, there are 5709 records left in the new decision ta-
ble. The core rule set is empty. We use Johnson’s reduct gener-
ation algorithm on this table Af;49, 019 and the reduct rule set is
{Ruleq, Rule;, Rules, Rules, Ruleig, Rulej7s}. We show these rules
in Table 20. From Table 20 we can see that the reduct rule sets con-

Table 20. Reduct Rules for the Geriatric Care Data

No. in Reduct Rules Rule
Table 19 Importance
0 SeriousHeartProblem — Death 100%

1 SeriousChestProblem — Death 100%
3 SeriousEarTrouble — Death 100%
5 Sex Female — Death 100%
19 |Livealon, OftenSneeze, DentalProblems, HavingDiabetes — Death| 82.56%
173  |ProblemHandleYourOwnMoney — Death 27.91%

tain 6 rules. There are 4 rules judged to be the most important. The
rule importance for Ruley, Rule;, Rules and Rules are all 100%.
The Rule;g has the importance of 82.56%, which is more important
among the 218 rules.

cumvent problems inherent in considering all 1615 generated rules using the 218
unique rules that are derived from the 86 reducts obtained by ROSETTA’s genetic
algorithm. :
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10.6 Recommender Systems

In this section, we provide a case study based on a geriatric data set
as described in Part I for recommender system applications.

Table 21. Geriatric survival prediction rules database

Decision Rules Rule | Rule
Quality [Cover
IF (edlevel!=2 or 4) and (D<shopping<0.5) and (meal<0)and (trouble>0)|1.969635 13
and

(livealo>0) and (sneeze<0) and (hbp<0) and (eyetrou<0) and (feet<0) and
(nerves<0) and (sex>1)

THEN (survival time = 7-18 months)

IF (housew>0) and (cough<0) and (tired<0) and (hbp<0) and (eyetrou<0)[1.935979| 12
and

(kidney>0) and (bowels<0) and (nerves<0) and (2<age6<4)and (sex>1)
THEN (survival time = 7-18 months)

IF (edlevel!=2) and (eyesi<0) and (health>0) and (trouble<0) and|1.012614] 1
(sneeze<0)

and (heart<0) and (arthriti<0) and (eyetrou>0) and (dental<0) and
(chest<0) and (kidney<0) and (bladder<0) and (feet<(0) and (skin<0) and
(ageb<1)

THEN (survival time = 7-18 months)

Table 22. Fact database of geriatric

Facts Priority|Facts Priority{Facts Priority|Facts Priority
eyesi < 0.25 0.3 bhear < 0.25 0.3 eat =0 0.1 cough =0 0.2
tired =0 0.1 sneeze = 0 0.2 hbp =0 0.5 heart =0 1.0

arthriti=0 1.0 stroke = 0 08 parkinso =0 1.0 eyetrou =0 0.2
eartrou =0 0.2 dental =0 0.4 chest =0 1.0 stomac =0 0.9
kidney =0 0.9 bladder =0 0.8 bowels =0 0.8 diabet = 0 1.0
feet =0 0.1 nerves =<0 0.9 skin = 0 0.6 fracture =0 0.9
age6 > 3 0.7

Table 22 shows our fact database. The priority range is [0, 1]
(where 1 is the highest priority). Please note that, {age} is included
in the fact database but we will not recommend any test for this fact.
We then use the facts from Table 22 to calculate the rule priority
(Sect. 8.4) and add it to the rules in Table 21. The rules in Table 21
are transformed to decision rules to recommend tests and stored in
our knowledge base (Table 23).

For an example of how the rule priority is calculated, take the
first rule in Table 21. Its rule priority is equal to (0.2 + 0.5+ 0.2 +
0.1 +0.9)/25 = 0.076 where n = 25. The conclusion (action) of the
rule are the tests: (test sneeze), (test hbp), (test eyetrou), (test feet)



Table 23. Recommendation rules of geriatric in the knowledge base

65

Recommendation Rules

Rule
Quality

Rule
Cover

Rule
Priority|

IF (edlevel!'=2 or 4) and (O<shopping<0.5) and (meal<0) and|
(trouble>0)

and (livealo>0) and (sneeze<0) and (hbp<0) and (eyetrou<0) and
(feet

<0) and (nerves<0) and (sex>1)

THEN (test sneeze) and (test hbp) and (test eyetrou) and (test feet)
and (test nerves)

1.969635

13

0.076

IF (housew>>0) and (cough<0) and (tired<0) and (hbp<0) and (eye-
trou

<0) and (kidney>0) and (bowels<0) and (nerves<0) and (2<age6<4)
and (sex>1)

THEN (test cough) and (test tired) and (test hbp) and (test eyetrou)
and (test bowel) and (test nerve)

1.935979

12

0.136

IF (edlevel!=2) and (eyesi<0) and (health>0) and (trouble<0) and
(sneeze

<0) and (heart<0) and (arthriti<0) and (eyetrou>0) and (dental<0)
and

(chest<0) and (kidney<0) and (bladder<0) and (feet<0) and
(skin<0) and (age6<1)

THEN (test eyesi) and (test sneeze) and (test heart) and (test arthriti)
and (test dental) and (test chest) and (test kidney) and (test bladder)
and (test feet) and (test skin)

1.012614

0.252

Table 24. Example input and output.

Example input Example output

and (livealo >0) and (sneeze<0) and
(hbp<0) and (eyetrou<0) and (feet<0) and
(nerves<0) and (sex>1) THEN (survival
time = 7-18 months)

IF (edlevel!=2 or 4) and (0 < shop-|Recommended clinical examinations: sneeze,
ping < 0.5) and (meal<0) and (trouble>0)|high blood pressure, eye trouble, feet, nerves
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and (test merves) that match the facts in Table 22. When a user
inputs their data into our system, if the prediction is a critical case
(survival time 7-18 months), our recommendation system will start
its analysis. For example, suppose input was as in Table 24. This
patient’s input matches the first recommendation rule and does not
match any other rule. We trigger the first recommendation rule and
fire the action of first recommendation rule. The tests recommended
to the user are shown in Table 24.

11 Conclusion

In this research, mathematical proofs of Pawlak’s rough set theory
about core attributes in distributed decision table based on rough
sets and relational databases are proposed. We devise a rough sets
hybrid approach with statistics and direct use of relational database
operations to survival analysis.

A case study on actual self-reported geriatric data for survival
analysis is presented. Risk factors, prolongation time prediction rules
and validation are performed and discussed. We illustrate that the
present approach can be applied to bias within self-reported data
efficiently.

We also study the work of rough sets based rule evaluations on
knowledge discovery system. We propose solutions to the challeng-
ing problems brought by large real world data sets, such as the exis-
tence of missing values and analyzing huge amount of generated rules
mamually. Three rough set based approaches to enhance the current
KDD systems on rule evaluations are introduced. The ItemRSFit
approach is used to predict missing attribute values using frequent
itemset as a knowledge base. Complete data can be obtained using
this approach. The rule importance measure provides a ranking of
how important is a rule. Finally, the reduct rules are extracted using
the concept of reduct by considering rules as condition attributes in
a decision table. Experimental results on a real world geriatric care
data set demonstrate the utilities of applying rough sets based rule
evaluations to enhance current KDD systems.

Finally, we have proposed a health recommendation system archi-
tecture using rough sets, survival analysis and rule-based expert sys-
tems. Our system was designed with the goal of providing accurate,
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low-cost clinical examination recommendations given patients’ self
reported data. In countries where health care costs are prohibitively
expensive, this system can provide a free alternative. Qur system
generates not only decision rules but also applicable recommenda-
tions for patients.
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