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ABSTRACT

Feature Selection-based models have proven to be an effective solution for
reducing the space dimension as well as other problems for effective diagnosis
of stroke disease. This paper focuses on developing a Bayes Shared
Information Criterion (BSIC) based on Associative Classifier (AC) resulting
in huge classification rules that makes prediction in efficient manner by
pruning classification rules. Most design and implementations of Feature
Selection-based models do not efficiently utilize multiple related disease class
patterns. Instead of independently computing the importance of features for
each disease class patterns, our framework, (BSIC-AC) applies Shared
Information for multiple related disease patterns, thus, increasing the feature
selection performance. Besides, considering the fact that dealing with large
scale dynamic dataset is time consuming with the increase in disease class
patterns, we propose shared information between the feature and disease class
patterns using Associative Classifier. The Associative Classifier for large
number of classification rules makes effective diagnosis of stroke along with
its causes as a measure for feature selection to reduce the space dimension
from medical datasets. Instead of generating huge number of feature subsets in
BSIC-AC framework, while reducing space dimension, missing of important
features are avoided by applying greedy approach thus reducing the false
positive rate. Extensive experiments on medical dataset named
Echocardiogram Data Set from UCI repository demonstrate that our
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framework outperforms other state-of-the-art feature selection-based models
for early detection of stroke and alarming with the possibility of disease in
terms of feature selection performance, minimizing space dimension at
reduced interval of time and classification accuracy.

Keywords: Feature Selection, Shared Information Criterion, Associative
Classifier, Space Dimension, Greedy Approach

Introduction

Detecting and controlling the most infectious diseases at an early stage has been the
major concerns health care industry. Several researchers have focused on these
aspects and provided remedy accordingly. Disease Detection using Markov Switching
Models (DD-MSM) [1] focused on identifying the infectious disease using Markov
models using statistical surveillance method. However, the feature Selection using
Markov models do not obtain multiple related disease class patterns. Group
Incremental Approach using Rough Set Technique (GIA-RST) [2] applied rough set
technique for obtain the features with the aid of decision table at a much shorter time.
However, rules extracted at dynamic period did not update with respect to time.

Another feature selection method introduced in [3] used shared knowledge
discovery across multiple tasks and improved the average precision value. However,
novel classes with respect to multiple tasks remained unaddressed. This issue was
solved in [4] with the application of novel class detection framework called, concept-
drifting that improved the classification results with the aid of decision tree model.

Real world scenarios including, pattern matching, machine learning approach
not only minimizes the dimensionality problem of large disease patterns being
generated, but also helps in effective classification of disease. Fuzzy Rough Set (FRS)
[5] was designed with the motive of generating rule-based classifier to reduce the
redundant attributes based on rule induction. However, randomness with respect to
data perturbation remained unsolved.

In [6], filter-based data partitioning method was designed to arrive at the
statistical characteristics of training partitions based on Clustering, Declustering and
Selection (CDS). However, data subsets with overlaps were not considered. Clinical
studies were conducted in [7] for measuring the overlaps for identifying
cerebrovascular disease. In [8], descriptive statistics was developed with the objective
of stroke patients using Barthel index.

Early detection of etiologic diagnosis helps in stroke acute management and
treatment. In [9], statistical analysis were developed using Receiver Operating
Characteristic (ROC) curves to measure the demographic and vascular risk factors
related to stroke improving the rate of sensitivity. However, prediction was not made
in an efficient manner. Classification and Regression Tree (CART), Iterative
Dichotomized 3 (ID3), and Decision Tree (DT) was applied in [10] for measuring the
early prediction of heart disease. But, significance of the features was not considered.

In [11], Link based Associative Classifier (LAC) was used for obtaining
higher accuracy and discovering associations between the compounds and diseases.
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Though associations were established in an efficient manner, feature selection was not
made in a discriminatory way. Multi Filtration Feature Selection (MFFS) [12] with
the aid of variance coverage to improve the classification accuracy.

However, rapid growth of health industry and need for personalized care for the
diseased patients at an early stage require us to discover a new framework to address
the above said issues. Therefore, the contributions of our work include the following:

o To reduce the space dimension from medical data sets using Bayes Shared
Information Criterion by obtaining multiple related disease patterns.

o To improve feature selection performance by reducing the irrelevant and
redundant disease patterns by applying features selection matrix.

o To enhance the classification accuracy by applying optimized associative
classifier model by applying classification rules where class labels are fetched
(i.e.,) filtered out with respect to set of attributes based on pruning object.

o To reduce the false positive rate based on total compatible length using greedy
algorithm that effectively move down the value of attributes and select the
attributes that is more compatible with the current selection of disease
patterns.

The remaining parts of this paper are structured as follows. In Section 2, the
related works on predicting and classifying disease patterns are reviewed. We
introduce the framework of the Bayes Shared Information Criterion based on
Associative Classifier (BSIC-AC) in Section 3. The experiments are conducted in
Section 4 and corresponding results are analyzed in Section 5. Finally, we summarize
our concluding work in Section 6.

1. Related works
Early diagnosis of Alzheimer disease was focused on [13] to significantly control the
computation cost with the aid of non-invasive intelligent models. The diagnosis was
performed using Fractal Dimension (FD) and linear parameters with the motive of
enhancing the performance. However, linear parameters with multiple rating scales
remained unaddressed. In [14], a hybrid intelligent model was designed combining
rough set, genetic approach and Bayesian network with the objective of improving the
classification precision.

Another method that used hybrid feature selection algorithm was introduced in
[15] to obtain better classification accuracy using Support Vector Machine (SVM)
and Sequential Backward Floating Search (SBFS). However, the time factor was not
taken into consideration. Adaptive Fuzzy Neuro Inference System (AFNIS) was
constructed in [16] with the objective of accuracy rate of prediction of heart disease at
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an early stage.

The application of Data mining in the health care industry is mainly used for
efficient prediction and diagnosis of heart disease with minimized number of
attributes. In [17], Naive Bayes, classification by clustering and decision tree was
applied to minimize the number of attributes and also identifying the relationships
between predictions. Though inconsistency and missing values were resolved,
intensity of the disease was highly unpredictable.

Gene path analysis [18] was constructed for generating accurate diagnostic
model and prevention of autism spectrum disorder (ASP). Another method was
introduced in [19], using classification algorithms for efficient prediction of patterns
at an early stage with the aid of decision tree model. Multilayer perceptron and fuzzy
technique was applied in [20], with the objective of improving the features being
generated for obtaining efficient classified results for acute leukemia cells.

In this work, we construct a Bayes Shared Information Criterion based on
Associative Classifier with the main aim of reducing the space dimension and
improve the classification accuracy for predicting the stroke disease at an early stage.

2. Bayes Shared Information Criterion (BSIC) based on Associative
Classifier (AC)

This section describes the proposed framework, BSIC-AC which stands for Bayes
Shared Information Criterion based on Associative Classifier. The idea is to create a
Shared Information Criterion using Bayes model that improves the features being
selected and minimizes the space dimension improving the classification accuracy.

2.1  Design of Bayes Shared Information Criterion

Classifier performance is highly related to many elements like the type of classifier
being selected the input features opted for, the expected output and so on. This work
inspects the role played by feature selection and classification on feature selection
improvement for effective diagnosis of stroke disease. Proper feature selection
significantly minimizes the size of classifier and therefore improves the classifier
performance by minimizing the impact of irrelevant disease patterns and redundant
generation of patterns. Irrelevant disease patterns cause false relationship between the
disease class patterns and the classifier output. Redundant generation of patterns
increases the classifier complexity reducing the diagnosis of stroke disease.
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Figure 1 Construction of Bayes Shared Information Criterion

Figure 1 shows the construction of Bayes Shared Information Criterion model.
The input to the Bayes SIC model consists of diseased sample patterns extracted
through training database. The objective of Bayes Shared Information Criterion
(BSIC) model in BSIC-AC framework is to increase the performance of features
being selected for diagnosis of stroke disease. The SIC model in BSIC-AC framework
extracts multiple feature selection functions of different disease patterns of stroke
disease in an integrated fashion. As a result, the framework shared knowledge
between multiple tasks results in efficient decision making while diagnosing the
stroke disease.

Let us consider two types of patients, considered to be normal (features) and
patients suffering from stroke (diseased class patterns). Then the BSIC states that
there exists certain relationship between features and diseased classed patterns or
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certain information being shared, which is formalized as
Prob(F,,F,,F;, ..., F, |Features) 1)
Prob(DCP,,DCP,,DCPs, ...., DCP, |Diseased Class Patterns) (2

From (1) and (2), the probability of the features with respect to diseased class
patterns is shown. Suppose the SIC model in SIC-AC framework selects ‘n’ features
for ‘t’ tasks, and then the Shared Information Criterion using Bayesian model for
feature selection is formalized as follows.

FS = [Cons(FSM,) + (= (FSM,))] (3)

Where FSM,is the Feature Selection Matrix for ‘a®’ task, the consistency
between the features and diseased classed patterns are evaluated using Cons(FSM,)
with ‘o’ denoting the shared information parameter and g (FSM,) is the shared
information function. Then, the posterior probability for Shared Information Criterion
to identify the relationship between features and diseased classed patterns are given as
below.

Prob(FS(Fy,Fy,F3,....Fy))

Prob(F|F,, F,,F;3, ..., F,) = Prob (Fufy FaFy)

4)
Prob(DCP|DCP,, DCP,, DCP;, ....,DCP,) = 1 — Prob(F|Fy,F,, Fs, ...,F)  (5)

From (4) and (5), with the Shared Information Criterion based on the Bayesian
probability model, multiple features selection for different tasks (i.e., identify disease
class patterns) is learnt in an integrated manner, improving the feature selection
performance and reducing the space dimension.

2.2 Construction of Optimized Associative Classifier model (improves
classification accuracy)

With the increase in stroke disease class patterns, shared information between the
feature and disease class patterns are performed with the aid of Associative Classifier.
Though, associative classifiers improve and enhance the classification accuracy rate
of diseased patterns being identified, however, the integration of several rules are
difficult to correlate. So Optimized Associative Classifier (OAC) model for effective
associative classification in BSIC-AC framework are considered. The OAC model
prune the classification rules into a subset with effective feature selection made
through Bayes SIC model.

The Optimized Associative Classifier (OAC) model in the proposed
framework, BSIC-AC works with the motive of choosing maximal-relevancy
minimal-redundancy (i.e., attaining optimality) for stroke disease and then compile
into an easy and optimized interpretable classifier. Consider the associative classifier
with the objective of maximal-relevancy and minimal-redundancy with the view of
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pruning classification rule. Let A = {4,,...,A4,} denote a set of attributes from
Echocardiogram Data Set, and the values of the attributes be denoted as pruning
object VA = {va,,..,va,}, i.e. va; € A4;.

Let CL = {c,,..,c,}denotes class labels for stroke disease, then Optimized
Associative Classifier (OAC) model for effective associative classification in SIC-AC
framework represents the pruning of classification rules ‘CL’ from values of the
attributes to class labels as given below.

CL: {4, .., A} - CL (6)

From (6), given a set of values of attributes= {va,,.., va,}, the Optimized
Associative Classifier (OAC) model returns class label CL € C.

Apply Classification Rules CL based on

Optimized Associative Classifier

Training disease

sample patterns |
|
CL:A; = C,
v CL,:A, » C,
Bayes Shared Information
CLs:A; — Cs
Criterion based Feature Selection —

1

Disease class pattern matching

A 4

Improves .

classification Resultant classes
accuracy

\_/_’

Figure 2 Construction of Optimized Associative Classifier model
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Figure 2 shows the construction of Optimized Associative Classifier model.
As shown in the figure, to start with, efficient feature selection is made using Bayes
Shared Information Criterion where the input is obtained from training disease sample
patterns. Followed by this, to prune Classification Rules, Optimized Associative
Classifier model is applied to the features being selected. The pruned classified rule
using Optimized Associative Classifier model is provided in Table 1.

The table includes the rule ID with the rule generated according to disease
pattern. Here the optimized refers to the maximal-relevancy minimal-redundancy for
obtaining stroke disease patterns. With this, the classification rules are applied and
according to the rules, diseased class pattern matching is performed and resultant
classes are obtained.

Table 1 Pruned classified rule using Optimized Associative Classifier model
Classification Diseased Classed Pruned classified rule according
Rule ID Patterns (Relevant) to disease pattern

1 DCP, 1,2:1>a

2 DCP, 1,2:2->b

3 DCP; 1,2,3:1 > ¢

4 DCP, 1,23:2->d

5 DCPq 1,2,3,4:1 - e

6 DCPg 1,234:2->f

As shown in figure 2 and table 1, the application of Optimized Associative
Classifier model in SIC-AC framework helps in improving the classification
accuracy.

2.3  Greedy Approach (reduces the false positive rate)

Finally, while generating numerous amounts of feature subsets in BSIC-AC
framework, missing of important features are minimized through greedy approach
thus minimizing the false positive rate. Instead of producing huge feature subsets as in
tradition associative classifier model, the proposed framework, BSIC-AC adopts a
greedy approach than traditional rule-based associative classifiers to maximize the
relevancy and minimize the redundancy of stroke disease patterns. To avoid over
fitting, BSIC-AC uses the pruned classified rule from Table 1 for measuring and
evaluate each pruned classified rule and uses the best ‘n’ rules. The framework,
BSIC-AC uses the greedy algorithm based on Total Compatible Length (TCL).
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The Greedy algorithm using binary tree based on TCL (GTCL) that first
indexes the attributes according to the completion time, starting from the earliest to
the latest. Then the attributes are greedily selected by moving down the values of the
attributes and selecting the attributes that is compatible with the current selection.

In the setting of multiple related disease class patterns, the framework select
‘n’ features for ‘t’ tasks in a simultaneous manner to minimize redundancy and
therefore reducing the false positive rate. At the same time, in order to add ‘n + 1’
features for ‘t + 1’ tasks, then the framework BSIC-AC maximize the relevancy of
TCL by adding and updating that feature to a subset (FSM,) of the ‘t + 1’ tasks.

Blood
pressure > 91

It age > 40 Less risk

Is patient suffering
“vomiting?”’

Less risk

High risk Less risk

Figure 3 Flow of greedy approach using binary tree

The figure 3 shows the flow of greedy approach using binary tree for multiple
related disease class patterns. The greedy approach using binary tree for obtaining an
optimal prefix-free binary code (i.e., either 0 or 1), uses the following concept. For
each,1 <i <n, a subset feature va; corresponding to F; is created. The above
process is repeated until minimum subset feature is generated.
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Input: Features F; = {F;, F,, F3, ..., F, },
Diseased Class PatternsDCP; = (DCP,,DCP,,DCP;, ....,DCP,),
Class LabelsCL = {c,,..,c,},
Attributes4A = {44, ..., A,,}, n features, ‘t’ tasks
For each F;
For each DCP;
Apply Bayes Shared Information Criterion using (3)
Generate multiple related disease patterns using (4) and (5)
End for
End for
For each 4;
Generate classification rules using (6)
End for
For each n features
For each t tasks
Construct binary tree
End for
End for

Algorithm 1 — Greedy Approach using Binary Tree (GABT)

The algorithm Greedy Approach using Binary Tree (GABT) is discussed above. To
start With, for each feature and diseased class patterns, perform Bayes Shared
Information Criterion and generate multiple related disease patterns. Upon successful
generation of multiple related disease patterns, classification rules are constructed
using Optimized Associative Classifier (OAC) model. Based on the pruning
classification rules, for each attributes and tasks, binary tree is constructed, for early
diagnosis of stroke disease and possibility of disease are identified.
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3. Experimental Evaluation

Bayes Shared Information Criterion (BSIC) based on Associative Classifier (AC) is
implemented in the JAVA platform. The framework uses JAVA platform with
Echocardiogram Data Set from UCI repository for measuring and analyzing the
proposed framework. BSIC uses Echocardiogram Data Set that consists of
information related to the heart patient for efficient classification of patients’ disease
class patterns. It has 132 instances with the 12 attribute values. The dataset taken for
the experiment contain all the information about the patients who suffered from the
stroke disease on the heart. For experimental purpose, we took 35 samples.

The BSIC-AC framework is compared against the existing Disease Detection
using Markov Switching Models (DD-MSM) [1] and Group Incremental Approach
using Rough Set Technique (GIA-RST) [2]. Experiment is conducted on the factors
such as, feature selection performance, space dimension, classification accuracy and
false positive rate on categorizing disease class patterns.

4. Discussion

The Bayes Shared Information Criterion (BSIC) based on Associative Classifier (AC)
framework is compared with the existing Disease Detection using Markov Switching
Models (DD-MSM) [1] and Group Incremental Approach using Rough Set Technique
(GIA-RST) [2] using Echocardiogram Data Set for measuring the feature selection
performance, space dimension, classification accuracy and false positive rate for
categorizing disease class patterns with the objective of early detection of stroke
disease.

5.1 Impact of feature selection performance

To support transient performance, in Table 1 we apply an efficient Greedy approach
using Binary Tree to obtain the feature selection performance and comparison is made
with two other existing methods, GIA-RST and DD-MSM. The feature selection
performance using BSIC-AC framework is the rate at which the features are
efficiently selected for correct classification of disease patterns. It is the ratio of
percent difference between the retrieved and relevant disease patterns for efficient
detection of stroke at an early stage. It is measured in terms of percentage (%).

FS = [(Relevant disease patterns) — (Retrieved disease patterns) * 10] (7

Feature selection (Using BSIC-AC) = [(5-1)*10] =40
Feature selection (Using DD-MSM) = [(5-2)*10] = 30

Feature selection (Using GIA-RST) = [(5-3)*10] = 20
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Table 2 Tabulation for feature selection

Relevant disease patterns (n) Feature selection (No. of features)
BSIC-AC | DD-MSM | GIA-RST
5 40 30 20
10 45 35 25
15 53 40 28
20 60 48 35
25 65 52 38
30 70 55 42
35 75 60 45
.80
°
% 00
g8~
gt 40 4= BSIC-AC
22 2
== =f=DD-MSM
cE€ 0 :
= = GIA-RST
= 5 10 15 20 25 30 35
~
=¥
= Relevant disease patterns (n)

Figure 4 Relevant disease patterns with respect to Feature Selection

Figure 4 show that the proposed Bayes Shared Information Criterion (BSIC)
based on Associative Classifier (AC) framework provides higher feature selection
when compared to DD-MSM [1] and GIA-RST [2]. This is because of the application
of Shared Information for multiple related disease patterns that efficiently identifies
the most relevant features and makes effective diagnosis of stroke at different time
period. The Shared Information Criterion using Bayesian model for feature selection
using the probability of the features with respect to diseased class patterns which
maximizes the feature selection performance by 20 — 25 % than DD-MSM [1].
Moreover, Shared Information Criterion, relationship between features and diseased
classed patterns or certain information being shared which results in the increase in the
feature selection performance by 40 — 50 % when compared to GIA-RST [2].
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5.2 Impact of classification accuracy
Classification accuracy using BSIC-AC framework is the measure of predictive model
that reflects the total number of times that the framework is correctly classified for

early detection of stroke. It is measured in terms of percentage (%).

CA =

(No. of correctly classified samples/ )
Total number of samples

19089

* 100

(8)

CA (Using BSIC-AC) = (4/5) * 100 = 80
CA (Using DD-MSM) = (3/5) * 100 = 60

CA (Using GIA-RST) = (2/5) * 100 = 40

Table 3 Tabulation for classification accuracy

No. of samples Classification accuracy (%)
BSIC-AC DD-MSM GIA-RST
5 80.2 60.35 40.15
10 72.5 57.2 33.2
15 70.35 55.28 31.18
20 68.25 52.14 28.04
25 72.25 64.13 30.9
30 74.55 65.25 41.15
35 80.35 70.30 45.20

The comparison of classification accuracy efficiency is presented in table 2
with respect to the varying number of samples in the range of 5 — 35. With increase in

the number of samples, the classification accuracy is also increased.
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Figure 5 No. of samples with respect to Classification Accuracy

To measure the performance of the classification accuracy, comparison is
made with two other existing methods, Disease Detection using Markov Switching
Models (DD-MSM) [1] and Group Incremental Approach using Rough Set Technique
(GIA-RST) [2] using Echocardiogram Data Set. In Figure 6, the number of samples is
varied between 5 and 35. From the figure it is illustrative that the classification
accuracy is improved using the proposed Bayes Shared Information Criterion (BSIC)
based on Associative Classifier (AC) framework when compared to the two other
existing methods. This is because with the aid of Optimized Associative Classifier
(OAC) model, classification accuracy is attained by applying the classification rules
by for stroke disease that efficiently classifies the stroke disease at early stage. As a
result, the classification accuracy is improved in BSIC-AC framework by 11 — 34 %
and 43 — 58 % than compared to DD-MSM and GIA-RST respectively. In addition,
the pruning of classification rules performed with the table that include pruned
classified rule according to disease pattern therefore improve the efficiency of
classification accuracy.

5.3 Impact of False Positive Rate

False positive rate in BSIC-AC framework is the ratio of presence of wrongly
identified disease class patterns that yield positive test outcomes. In order to
effectively diagnosis stroke disease, the false positive rate should be comparatively
less. It is measured in terms of percentage (%).

No.of samples*(Retrievedpcp— Relevantpcp)

FPR =

(9)

Retrievedpcp
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FPR (Using BSIC-AC) =5 * (50 - 35) /50 = 1.5
FPR (Using DD-MSM) =5 * (50 - 25) / 50 = 2.5

FPR (Using GIA-RST) =5 * (50 - 15) /50 = 3.5

Table 4 Tabulation for false positive rate

No. of samples False positive rate (%0)
BSIC-AC DD-MSM GIA-RST

5 1.5 2.5 35
10 2 3 3.5
15 24 35 4.25
20 2.2 3 4

25 3 4 4.75
30 3.5 4.25 5.25
35 4 4.5 5.55

The false positive rate for identifying the disease class patterns using BSIC-
AC framework is elaborated in table 3. The framework is considered with varying
number of samples at different time period for experimental purpose using JAVA
platform.

5 10 15 20 25 30 35

6

S s

P

= 3 ——BSIC-AC
® 2

21 ~#-DD-MSM
S 0 GIA-RST
%

=

=

No. of samples

Figure 6 No. of samples with respect to false positive rate
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In figure 6, we depict the false positive rate for maximizing the relevancy and
minimizing the redundancy of stroke disease patterns using different sample sets with
ranges between 5 and 35 for experimental purpose and applied in JAVA. From the
figure, the value of false positive rate time achieved using the proposed BSIC-AC
framework is lower when compared to two other existing methods namely, DD-MSM
[1] and GIA-RST [2]. Besides we can also observe that by increasing the number of
samples, though the false positive rate is also increased, but comparatively the false
positive rate is lesser using the proposed BSIC-AC when compared to DD-MSM and
GIA-RST respectively. This is because with the application of greedy approach than
when compared to the tradition rule-based associative classifiers that produces huge
feature subsets, the proposed framework, BSIC-AC adopts a greedy approach to
maximize the relevancy and minimize the redundancy of stroke disease patterns. As a
result, the false positive rate is reduced by 12 — 66 % compared to DD-MSM. Also,
by applying binary tree based on TCL using Greedy algorithm, selecting the attributes
that is compatible with the current selection which further reduces the false positive
rate by 38 — 81 compared to GIA-RST [2].

5.4 Impact of Space Dimension
Finally, table 5 provides the space dimension of BSIC-AC framework using seven
different samples that is measured in terms of percentage (%).

Table 5 Tabulation for Space Dimension

Method Space Dimension (%)
BSIC-AC 65.35
DD-MSM 71.35
GIA-RST 75.83

Space dimension (%)

GIA-RST

DD-MSM
m Space dimension (%o)

BRIC-AC

60 63 70 75 30

Figure 7 Measure of Space Dimension
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Lastly the space dimension used using three different methods is shown in
figure 7. From the figure 7 it is illustrative that the proposed BSIC-AC framework
potentially yields better results than existing DD-MSM [1] and GIA-RST [2]. The
significant results achieved using the BSIC-AC framework is because the application
of Bayes Shared Information Criterion offers feature selection effectiveness with most
powerful shared criterion for diagnosis of stroke disease and minimizes the space
dimension by 9.81 % compared to DD-MSM. With the application of feature
selection matrix, the consistency between the features and diseased class patterns are
evaluated and the features are further reduced to a coarser construction. As a result,
multiple features selection for different tasks is reduced up to 6.27 % when compared
with the GIA-RST.

5. Conclusion

Minimizing the space dimensions and improving the feature selection for disease
diagnosis has become the key for health care industry, to achieve higher classification
accuracy effectiveness and improve the search time taken for identifying the disease
patterns at early stage. In this work, we investigate the performance effects of
predicting and diagnosing model to minimize the space dimensions by proposing a
framework, Bayes Shared Information Criterion (BSIC) based on Associative
Classifier (AC). The BSIC-AC framework based on Bayes Shared Information
Criterion model and Optimized Associative Classifier model provides an efficient
means of identifying the stroke disease class patterns at an early stage with minimal
search time. First, we study the use of Bayes Shared Information Criterion using the
feature selection matrix that provides the consistency between the features and
diseased classed patterns using shared information function. Second, classification
accuracy is achieved using Optimized Associative Classifier that improves pruning
classification rule with the objective of maximal-relevancy and minimal-redundancy
with the aid of class labels. Finally, the greedy algorithm using binary tree based on
Total Compatible Length (TCL) for multiple related disease class patterns for
obtaining an optimal prefix-free binary code reduces the false positive rate. The
method was implemented using JAVA and examined the performance of BSIC-AC
which shows that BSIC-AC has satisfactory performance in terms of feature selection
performance, classification accuracy, false positive rate and space dimension for early
detection of stroke disease compared to the state-of-the-art methods.
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