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Abstract 
 

Association and classification rule mining are important activities in the data mining domain. Incorporating the association rule discovery 

and classification within this domain leads to a method, called the associative classification method. Text Categorizations (TC) prevails 

form major problems through this domain including machine learning communities. This issue is not simple to be solved since available 

data has enormous dimensionality. There exist particular enormous amounts of online documents within a group of data in which each 

data is combined along with a particular class. Categorization refers to a structure of design from a categorized data, which categorizes 

past unrecognized documents as accurate as it could be. The paper proposes a novel text classification model by applying an Associative 

Classification (AC) model, namely, the Rule Classification use Association (RCuA), which produces an obvious text document. Addi-

tionally, the paper attempts at forming an expansion of available AC of current associative text classifiers, which cope with structure and 

unstructured English document assemblies. The produced model is tested through two experiments of structure and unstructured data. 

The first experiment is related to the UCI datasets, while the second is related to Reuters-21578 datasets. The experiment is based on 

utilizing various classification categorization learning algorithms (e.g. MCAR and CBA) in order to assess the efficiency of the proposed 

model in this paper. As a result, it is found to be proven from the findings that the new RCuA model improves the accuracy of the dataset 

in comparison with the MCAR and CBA algorithms where the number of existing rules is decreased. The RCuA makes an average accu-

racy of 83.945% compared to the CBA and MCAR algorithms resulting with an accuracy of 82.34% and 83.655%, respectively. In terms 

of unstructured dataset, the RCuA produces an average accuracy of 89.328% in comparison with the CBA and MCAR algorithms result-

ing with an accuracy of 77.34% and 83.64286%, respectively. 
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1. Introduction 

Data mining is considered to be a major problem within the do-

main of Knowledge Discovery Database (KDD) process. It in-

cludes the use of data analysis and discovery algorithms for pro-

ducing specific facts of models (i.e. patterns) within an involved 

data. This production is based on adequate computational effec-

tiveness restraints [1]. The remaining stages of the KDD include 

data cleansing, pattern validation, data reduction, data selection 

and visualization that are all related to the explored information 

[2]. In the data mining domain, one of the major applied tasks 

refers to the classification task. The major aim of classification is 

to produce a model from a set of characteristics such that each 

characteristic refers to a goal class [3], [4]. This model is utilized 

to predict the classes of a new group of attributes [5], [6]. Classifi-

cation is implemented through various domains, such as in medi-

cal analysis domain, space exploration [7] and text classification 

[8]. 

Text Classification (TC) has been one of the popular task in text 

mining [9-11] where it includes the understanding, organization 

and recognition of many different kinds of textual data [12]. The 

main aim of the TC is to categorize an inward textual document 

within a group. The "supervised" learning classification classifies 

a current document over a prearranged input text assembly [4]. 

The TC forms a multi-stage procedure, which processes textual 

documents by classifying the document according to an algorithm 

and by assessing the created classification model [13]. Different 

categorization models are utilized in the TC where these are im-

plemented and being used through the domains of data mining and 

machine learning, such as decision trees [14], Naive bayes [15], 

[16], Support Vector Machine [17], [18] and neural network [19]. 

These models are basically tested and utilized when categorizing 

English documents [11]. However, a model of the TC called the 

Association Classification (AC) [20] denotes the research domain 

in data mining by combining an association rule discovery along 

with the categorization process [21], [22]. The major aim of the 

AC is based on creating a model, which is called the classifier [23], 

[24]. This model contains a particular quantity of knowledge from 

a labeled input, with an intention of envisaging a class characteris-

tic for a test data case, which as precise as possible [25]. 

In the past years, many AC algorithms were improved (e.g. Classi-

fication Passed Association Rules (CPAR) [32], Live and Let Live 

(L3G) [25], Multi Class Association Rule MCAR [26], CACA 

[27], BCAR [28], LCA [21] and many other algorithms). Earlier 

researchers indicate that the AC method creates precise classifiers 

in comparison with other data mining methods (e.g. probabilistic 

and decision tree). Unlike some conventional data mining ap-

proaches, such as probabilistic approaches and neural network 

approaches, which create classification methods that are difficult 
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to be comprehended or explained by an end-user, the AC method 

creates instructions that are easily comprehended and handled by 

all end-users [29]. There exist many new produced AC methods 

(e.g. CAEP [30], CMAR [31], CPAR [32], MCAR [26], CACA 

[27], ACCF and BCAR, CBA, Negative-Rules [30], Negative-

Rules [33] and MMAC [34]. Such methods utilize various meth-

odological and discovery rules, ranking rules, prune rules and 

prediction rules. 

Associative Classification receives a high quantity of considera-

tion from many different research societies. Nonetheless, it is seen 

that there exist very few experimentations, which are performed 

by utilizing the scope of a text categorization with just a small 

number of associative classification algorithms. Furthermore, 

these algorithms are able to overcome many text categorization 

issues that are being encountered [35]. A detailed review and a 

comprehensive analysis pertaining to these algorithms that are 

related to the text categorization discipline play an important role 

in this paper, including effective and distinguished associative 

classification algorithms that are identified through other main 

data mining domains. 

In particular, there exist a few emphases that are based on im-

proved performance methods and algorithm adjustments or mix-

tures. Such emphases are selected to be applied in later stages of 

this research. Such methods show that they are found the most 

effective methods within particular disciplines that are taken into 

account for adaptation in order to assist some parts of the algo-

rithm basis baseline that are utilized for comparative findings. A 

comprehensive test for the current association rule mining algo-

rithms are carried out through the current stage, representing im-

portant performance developments within the rule exploration 

procedure. This test is detailed and taken into account for possible 

combination via the associative classification algorithm. In partic-

ular, the combination of effective associative rule exploration 

algorithms is capable of providing higher computed velocities and 

reducing memory needs. However, the classification accurateness 

is not impacted since the output of the entire associative rule min-

ing algorithms must be similar to each other. This paper is aimed 

at investigating the ability of applying the associative classifica-

tion data mining model for an automatic classification of structure 

and unstructured texts of English documents. 

2. Related research 

The AC model is considered to be a method within the data min-

ing domain that is efficiently being utilized to tackle real categori-

zation problems (e.g. in image processing [36], medical diagnoses 

[31] and bioinformatics [21]. A number of empirical researches 

demonstrate that this technique is extremely precise in structuring 

a classification model [23], [24]. Additionally, the AC model pro-

duces rules that are not likely to be identified when utilizing con-

ventional classification algorithms. This model creates “If-Then” 

rules that are more understandable and manageable for end-users 

[24]. Moreover, the ability to apply the AC classification method 

is basically the result of many advantages that are obtained by this 

method such as the ease of forming a classification model (classi-

fier), a high prediction correctness and the easily preserved classi-

fier in which rules are simply organized, inserted and detached 

[32]. 

The AC model can also be defined as a common classification 

method, which is based on an association rule. However, this 

model receives great attraction of a from various researchers. Its 

algorithms are utilized within a slight and an average sized dataset 

of the machine learning Irvine (UCI) at the University of Califor-

nia [37]. The application of the AC model that is based on a classi-

fier of text assemblies is still under investigation. Hence, one of 

decisive aims regarding the investigation is based on using this 

model within organized and unstructured content build-ups. Alt-

hough there exist a number of interests through various disciplines, 

very few investigations are focused to be used within the territory 

of text classification. Additionally, only a few number of different 

associative classification algorithms are available and are capable 

of addressing the problems of text classification. The AC approach 

may need a few numbers of user-specified attributes, which are 

based on the use of an associative rule mining approach. Common 

associative classification approaches indicate to a major problem 

in which a considerable number of rules are created [32]. This 

number is unreasonable as it revokes the procedure of utilizing the 

created rules, which are restricted in real-world implementations 

(e.g. text classification). Since the number of rules that is created 

by the algorithm reaches several thousands of rules [39] and could 

be replicated and indistinct through different required classes, they 

are required to get pruned based on different pruning processes. 

The rules that are left after pruning is being mere are required in 

order to shape a design that can be applied or a classified. Conse-

quently, they are applied to particular categories of a current data. 

Nonetheless, when the number of rule is minimized, the classifica-

tion accurateness is also minimized. 

Bing at 1998 [40] were the first to involve the association rule 

algorithms including its classification. Within their research, two-

stage processes are conducted such that the first stage identifies 

the repeated set of an item that is applying the Apriori Algorithm 

[41]. On the other hand, the classifier is built in the second stage. 

Through their testing, it is seen that their approach creates findings, 

which are compared to different common classification approach-

es (e.g. the decision tree).  

The CMAR algorithm that is produced represents a further exam-

ple of the AC approaches that is not based on one rule [31]. None-

theless, it rather chooses and investigates the correlation within 

these rules that are of an increased confidence score. A tree named 

‘the CR-tree’ is constructed to maintain particular rules that are 

kept in a descending order. This tree is followed by an attribute 

frequency through the antecedent section of this rule. Another AC 

approach comprises the Multi Class Association Rule (MCAR) as 

studied in Thabtah, et al. (2005). In fact, this approach involves a 

ranking rule method where just the rules with an increased level of 

confidence are maintained to be utilized within the classification. 

A new AC method, namely, the Multi Class Association Rule 

(MCAR) is introduced in [26].  

The Modified Multi-class Classification based on Association 

Rule (MMCAR) is defined as a method for an association classifi-

cation that uses a rule productive function for minimizing the 

number of rules by applying a pruning process, namely, the Partly 

Rule Match (PRM) [38]. An earlier research that investigates the 

use of the association rule through the classification benchmarks 

refers to the Classification Based on Association (CBA) rule. The 

CBA rule applies the Apriori algorithm [41] for exploring the 

repeated rule elements. This phase is named the candidate genera-

tion phase. The repeated rule elements comprise the <attributes, 

values> and a class that surpasses the minsupp. After that, the 

repeated rule elements are utilized to create a full group of CARs 

that are applied to design a classifier. This phase is named as the 

classifier building phase. Through the data collection phase, the 

data is gathered for two experimentations. In the first experimenta-

tion, the data group uses 14 UCI data elements [37]. In the second 

experimentation, the maximum occupied classifications of the 

Reuters-21578 [42] test gathering are applied. 

3. The rule classification use association model 

(RCuA) 

The Association Classification (AC) is considered a talented data 

mining method that constructs further precise classifiers in com-

parison to what the conventional classification method constructs. 

The Rule Classification use Association (RCuA) model contains 

five major stages as shown in Fig 2. The first stage of this method 

as seen from the design in Fig 1 involves the data pre-processing 

and representation. In this stage, a group of data involves the pro-

cedure of pre-processing that contains the tokenization, stop word 

removal and stemming procedures. The Tokenization indicates to 

the procedure of splitting a sequence of words within a sentence 
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into separated tokens. The Stop word removal refers to the proce-

dure of deleting words, which are called, ‘determiners’ and ‘prep-

ositions’ that are known in representing meaningless words of the 

learning algorithm. The stemming procedure refers to the proce-

dure of modifying words through to their root as shown in Figure 

1. 

 

 
Fig. 1: The Pre-processing Operation in Text Mining. 

 

The second stage of this method refers to the data representation. 

A mixture of horizontal and vertical design data layout is applied 

in the produced model of this paper. In this model, an element is 

embodied by a line number in which the first element is encoun-

tered through a group of data and through a column number for an 

element. This implies that every element is switched into 

(ColumnId, RowId) illustration that forms simple integers. Conse-

quently, searching for elements for computing confidence and 

support values through the rule discovery procedure is rapid and 

needs less memory. According to this illustration, every first 

emergence of a word within a text is given a distinctive integer 

identification number. When the second stage is completed, the 

task is to fulfill unstructured data and make it structural. Table 1 

illustrates an example of an input group of data. Table 2 shows its 

illustration. 

 
Table 1: Examples of an Item That Is Explored within Every Line 

TiD Items 

1 sea, port , wind 
2 port, aqaba 

3 port, corn 

4 sea, port, aqaba 
5 sea, corn 

6 port, corn 
7 sea, corn 

8 sea, port, corn, wind 

9 sea, port, corn 

 
Table 2: An Item Illustration 

TiD Items ids 

1 (1)1,(2)1,(3)1 
2 (2)1,(4)2 

3 (2)1,(5)3 

4 (1)1,(2)1,(4)2 
5 (1)1,(5)3 

6 (2)1,(5)3 
7 (1)1,(5)3 

8 (1)1,(2)1,(5)3,(3)1 

9 (1)1,(2)1,(5)3 

 

The least initialization that is performed for the data is based on 

putting a distinctive integer value for every operation. The line 

numbers are used as a Transaction ID (TID). After that, elements 

are charted to its integer illustration (item ids) where each element 

is substituted with integer values of two sections, which comprise: 

Column Ids and row Id Ex (column1 “sea”, row 1 it represents (1) 

1). When the algorithm needs to compute support regarding an 

element when identifying whether it is repeated or not, an accu-

mulation function is appealed to every group element and counts 

their presences through a data structure. In the produced model, a 

mixture of vector representation and term frequency are used in 

this paper in order to switch the increased dimensionality regard-

ing a collection of Reuter text of a matrix. Additionally, the model 

computes the repeated elements by utilizing simple TID list con-

nections. The Term Frequency (TF) is applied to calculate the 

importance of the keyword and its contributions to the output clas-

sifier [43]. The TF is considered to be one of the term weighting 

approaches that calculate the frequency of a keyword within a text 

where it is given in the Equation below: 

 

( , )
max

ij

j j

k kj

freq
tf f d

freq
=  

 

When characteristics are selected by utilizing the TF, the follow-

ing phase includes the shift of a text within an ordinary numerical 

procedure, which is appropriate for many different learning algo-

rithms (structured data). This is known as a middle point such that 

a text data shifts through to a conventional data mining encoding 

process [44].  

The third stage of this method refers to the identification of fre-

quent set and rule discovery. Through this stage, the input dataset 

is scanned to explore the repeated elements within the form <At-

tribute-Value, class> of size 1. These elements are named as one-

items. After that, the algorithm connects them frequently to crate 

frequent two-items, and so forth. It is important to note that any 

item appearing within the input dataset is lower than the MinSupp 

threshold and must be ignored.  

Repeated elements utilize an intersection approach according to 

the Tid-list in order to calculate the confidence and support values 

regarding the characteristic values (elements). The Tid-list of an 

element shows the row numbers through the training dataset of 

where this element has happened. Therefore, among the intersec-

tion pertaining to the Tid-lists of the two disjoint elements, the 

resulting set refers to the row numbers where the current resulting 

item appears within the training dataset, and the cardinality of the 

resulted set illustrates the current element supporting value. This 

effective model computes the support value of the entire elements 

without the need to frequently scan the training dataset. 

 

The first stage is to identify the elements that are thought to be 

repeated. In this paper, the repeated elements are illustrated via the 

intersection model according to the Tid-list [45],to compute the 

support and confidence values for the rule items having size great-

er than one are computed. For instance, for a class of item sets 

with prefix x, the following formula is expressed as: 

 

[x] = {a1, a2, a3, a4} 

 

The intersection of xai is performed with the entire xaj with j>i in 

order to obtain new classes. From [x], we can get classes as fol-

lows: 

 

[xa1] = {a2, a3, a4}, [xa2] = {a3, a4}, [xa3] = {a4} 

 

Therefore, when the entire repeated rule items recognize the con-

fident rules as a second stage, the confidence value for every item 

set is greater than the lowest confidence (MinConf) threshold 

where one rule is only generated. This rule embodies itself as: X→ 

C, where C denotes the class of the greatest frequency for an Item 

set X. 

These refer to the so-called frequent one-items, which are stored 

in a vertical manner. Nevertheless, the elements are taken apart if 

they are not greater than the lowest supporting value (MinSupp). 

After that, the candidate two-item is generated based on the use of 

the Tid-lists for the frequent one-item. This is conducted by cross-

ing the Tid-lists of any two disjointed one-items. The procedure is 

performed frequently in order to produce the repeated three ele-

ments and the following repeated elements. When using this 

method, the only rules which are embodied in a statistical proce-

dure and which contain high numbers of confidence values are 

created. 
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Fig. 2: The RuAC Model for Structured and Unstructured Data. 

 

The fourth stage of this method refers to the development rule 

ranking of the AC that hails as a significant step, and which assists 

in selecting the most efficient rules for estimation. Each rule-based 

AC method conducts a sorting procedure through the rules within 

the procedure of a classifier-building. The sorting procedure forms 

the initial step of pruning noisy and useless rules. Prior to the per-

formance of the prune repeated rules including the construction of 

the classifier, rules should be organized to more effective priority 

of the maximum quality rule representing a portion of the classifi-

er. The rule ranking assists in pruning and overlying particular 

rules with less certainty in comparison with the broad rules. The 

rule pruning is considered an important step in AC mining ap-

proaches, that involves removing unimportant rules, and which 

causes an imprecise estimation [46], [47]. This step is normally 

applied once the entire rules are explored and organized such that 

a process or multiple processes are retrieved to prune repeated 

rules. For every reorganised rule (candidate classifier rule), the 

algorithm starts with an initial rule and its ability to be applied and 

assessed against the training situation. The rule is added through 

to the classifier once it partly copes with at least a single training 

situation regardless of the class conclusiveness. 

The fifth stage of this model refers to the evaluation process. 

Based on the estimation of the testing data situation, the rule esti-

mation splits the entire rules that are matching the test situation 

into different sets for every class, and it measures the support and 

confidence values pertaining to every set. Lastly, it allocates the 

testing situation and the class of the set, which include the biggest 

confidence. In such situations where there exist two or multiple 

sets with a nearly similar degree of confidence, the estimation 

approach is anticipated on the biggest support set. 

The improvement of designing the study relies on the performed 

theoretical research. The whole performance of the research is 

illustrated within this section, which involves data pre-processing 

and illustration, the identification of repeated sets and rule discov-

ery, rules determination, structure classification and assessment 

that copes with both structured and unstructured data. 

4. Empirical analysis and findings 

This paper introduces the findings that are gained through con-

ducting different tests of structured and unstructured data. The 

experiment on structured data test is conducted for the UCI da-

tasets and various classification learning algorithms are used 

(MCAR and CBA) to assess the efficiency of the RCuA model. 

The experiment on unstructured data test is conducted for the Reu-

ters-21578 datasets by utilizing various classification learning 

algorithms (MCAR and CBA) in order to assess the efficiency of 

the RCuA model. The experiments are carried out for structured 

and unstructured data where the initial tests use 10 UCI datasets 

that are considered the most common applied benchmark for ex-

perimental assessment and present learning algorithms. The sec-

ond tests use the 7 most occupied classifications of the Reuters-

21578 datasets. In this paper, a cross assessment that splits the 

training dataset into (n+1) folds arbitrary is employed where rules 

are learned from n folds within every repetition and then evaluated 

on the remaining hold out fold. Furthermore, the major factors of 

the tests comprise the MinSupp and MinConf, which are set to 2% 

and 50% respectively, through the conducted tests. Table 3 repre-

sents the UCI datasets that are utilized within these tests. 

 
Table 3: A Summary of the UCI Datasets 

Data set Size No. of Classes 

Austra 690 2 

Balance-scale 625 3 
Breast 699 2 

Glass 214 7 

Heart-s 294 2 
Iris 150 3 

Labor 57 2 

Led7 3200 10 
Lymph 148 4 

Mushroom 8124 2 

According to the studies conducted in the literature [48] regarding 

the text mining field, the most popularly used dataset refers to the 

Reuters-21578. Documents of the Reuters-21578 collection appear 

on the Reuters newswire and are indexed by personnel. This re-

search needs a Reuters-21578 version ModApte including 9,174 

documents in total. The data is separated by a particular expert 

into 2,579 documents for experimental purposes and 6,630 train-

ing documents. Table 4 depicts the number of training documents 

and testing groups for each classification of REUTERS-21578. 

 
Table 4: The Number of Training and Testing Documents in REUTERS-

21578 

Category Training Testing 

Acq 1650 719 
Crude 389 189 

Earn 2877 1078 

Grain 433 149 

Interest 347 130 

Money-FX 538 197 

Trade 396 117 

 

Table 5 highlights the findings of the classification accurateness 

and the number of rules, which are created by the RCuA, MCAR 

and CBA and by utilising the structured dataset of the UCI.  

 
Table 5: The Accurateness and the Number of Rules Regarding the UCI 
Dataset 

 Accuracy Number of rule 

Dataset CBA MCAR RCuA CBA MCAR RCuA 

Austra 85.4 86.14 86.26 121 193 163 
Balance-

scale 
68.2 76.96 76.17 45 77 19 

Breast 94.7 94.99 93.83 61 79 60 
Glass 69.9 71.35 74.2 36 43 27 

Heart-s 71.2 81.15 80.51 35 39 36 

Iris 93.3 92.93 94.26 16 16 11 
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Labor 95.0 83.5 83.5 17 15 15 

Led7 72.4 71.83 73.2 53 214 83 
Lymph 74.4 78.10 78.05 38 54 34 

Mushroom 98.9 99.60 99.67 38 42 42 

 

An analysis regarding the number of rules that are derived by the 

classifier is carried out. Figures 3 and 4 illustrate the size of the 

classifier that is explored for every UCI dataset based on the use 

of the RCuA, MCAR and CBA models.  

 

 
Fig. 3: The Classification Accurateness of the UCI Datasets. 

 

 
Fig. 4: The Number of Rules of the UCI Datasets. 

 

A comparison between the CBA and RCuA has proven that the 

findings of the RCuA perform more effective results within 6 

datasets compared to the CBA. A comparison between both of 

them has proven from the findings related to the RCuA that more 

effective results of 8 datasets are achieved in comparison with the 

findings in the MCAR. These findings refer to the fact that the 

RCuA algorithm obtains less number of rules through the majority 

of the situations in comparison with other particular algorithms.  

A comparison between the two algorithms has proven that the 

findings from the RCuA algorithm are more precise for 8 datasets 

in comparison with the findings in the CBA algorithm that shows 

more precise results within the Labour and Breast pertaining to the 

datasets. A comparison between the MCAR and RCuA has proven 

that the findings from the RCuA are more precise for 5 datasets in 

comparison with the findings in the MCAR algorithm that shows 

more precise results within the Balance-Scale, Breast, Heart-s, 

Mushroom and Lymph pertaining to the datasets. Furthermore, the 

findings are seen to be the same in the labor dataset.  

The RCuA algorithm performs an effective accuracy over the 

entire datasets. The RCuA algorithm achieves more precise find-

ings in comparison with the CBA and MCAR algorithms regard-

ing the majority of datasets. The findings illustrate that the RCuA 

algorithm improves the accuracy for 8 datasets in comparison with 

the CBA algorithm and minimizes the number of rules for 6 da-

tasets. On the other hand, the RCuA algorithm improves the accu-

racy for 5 datasets more than the MCAR algorithm and minimizes 

the number of rules for 8 datasets. The connections between the 

classification accuracy and the number of rules for every UCI 

dataset refer to a positive linear connection. Table 6 highlights the 

findings of the classification accuracy and the number of rules that 

are created via the RCuA, MCAR and CBA algorithms based on 

the use of the unstructured dataset REUTERS-21578.  

 
Table 6: The Accuracy and the Number of Rules for the REUTERS-
21578 Dataset 

 Accuracy Number of rules 

Data CBA MCAR RCuA CBA MCAR RCuA 

Acq 89.9 90.2 98.4 27 27 16 
Crude 77 88.1 81.7 4 4 3 

Earn 89.2 99.8 98.4 17 17 17 

Grain 72.1 95.3 98.5 5 5 3 
Interest 70.1 41.6 59.2 2 2 3 

Money-FX 72.4 74.3 93.2 12 12 16 

Trade 69.7 96.2 96.9 6 6 6 

 

The RCuA performs more effective findings for 3 datasets once 

the CBA algorithm performs more effective findings for 2 datasets 

(Interest and Money-FX). Meantime, the findings are the same in 

Trade and Earn. Additionally, the RCuA algorithm achieves more 

effective findings for 3 datasets, while the MCAR performs more 

effective findings for a single dataset in Interest. At the same time, 

the findings are seen to be the same in Trade and Earn. The RCuA 

algorithm performs more effective findings for 6 datasets, while 

the CBA algorithm performs more effective findings for a single 

dataset in Interest. The RCuA algorithm performs more effective 

findings for 5 datasets, while the MCAR algorithm performs more 

effective findings for two datasets in Earn and Crude. In conclu-

sion, the RCuA algorithm performs more effective accuracy for 

the entire datasets. It is found to be proven from the findings that 

the RCuA algorithm improves the accuracy for 6 datasets more 

than the CBA algorithm and minimises the number of rules for 

three datasets. On the contrary, the RCuA improves the accuracy 

for 5 datasets more than the MCAR and minimises the number of 

rules for 7 datasets. The classification accuracy including the 

number of rules regarding the REUTERS-21578 dataset are illus-

trated in Figures 5 and 6. 

 

 
Fig. 5: The Classification Accuracy of the REUTERS-21578 Dataset. 

 

 
Fig. 6: The Number of Rules Regarding the REUTERS-21578 Dataset 

0

20

40

60

80

100

120

C
la

ss
if

ic
at

io
n

 A
cc

u
ra

cy

UCI Dataset

CBA

MCAR

RCuA

0

50

100

150

200

250

N
u

m
b

e
r 

o
f 

R
u

le
s

UCI Dataset

CBA

MCAR

RCuA

0
20
40
60
80

100
120

A
cq

C
ru
d
e

Ea
rn

G
ra
in

In
te
re
st

M
o
n
ey
-F
X

Tr
ad
e

C
la

ss
if

ic
at

io
n

 A
cc

u
ra

cy

REUTERS-21578 dataset

CBA

MCAR

RCuA

0

10

20

30

40

A
cq

C
ru
d
e

Ea
rn

G
ra
in

In
te
re
st

M
o
n
ey
-F
X

Tr
ad
eN
u

m
b

e
r 

o
f 

R
u

le

REUTERS-21578 dataset

CBA

MCAR

RCuA



5664 International Journal of Engineering & Technology 

 

5. Conclusion 

In this paper, a novel text classification model that depends on the 

Associative Classification (AC) method, namely, the Rule Classi-

fication use Association (RCuA) is produced. Since the research is 

a key role for a specific aim of an oriented acting, selecting an 

appropriate research approach and method is a significant mission 

for achieving the major aim. The model comprises five stages, 

which are: the data pre-processing, data representation, rule dis-

cover and production, development and evaluation. The research 

highlights the stages regarding the proposed model, including 

various stages for improving the method that can, in return, devel-

op the association of the classification mining and cope with struc-

tured and unstructured data. The initial test examines the struc-

tured UCI dataset where the findings show an increased competi-

tiveness in comparison with other existing algorithms (e.g. the 

MCAR and CBA algorithms) according to the estimation accuracy 

and the number of rules. The second test examines the unstruc-

tured data Reuters-21578 dataset where the findings show an in-

creased competitiveness in comparison with the MCAR and CBA 

algorithms according to the estimation accuracy and the number of 

rules. Based on the findings of the structured dataset, the RCuA 

algorithm results with an average accuracy of 83.945% in compar-

ison with the results incurred in the CBA and MCAR algorithms, 

which reach 82.34% and 83.655%, respectively. In terms of the 

unstructured dataset, the RCuA algorithm reaches an average ac-

curacy of 89.328% in comparison with the average accuracy in the 

CBA algorithm, which reaches 77.34% and the average accuracy 

in the MCAR algorithm, which reaches 83.64286%. 
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