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ABSTRACT 

Artificial intelligence is an emerging space of recent analysis that aims at infusing machine intelligence through 

computational techniques. Data mining (DM) permits economic information extraction from massive raw data sets, 

so as to get hidden or non-obvious patterns in data. Our motivation for mistreatment data mining was supported the 

hypothesis that the applying of the suitable data mining techniques on result records might produce an acceptable 

mechanism for the knowledge extraction representing the correlation between students and results. The extracted 

data was then used for the availability of customized recommendations to varsities together with the cascade 

framework developed. Naïve Bayes classifier and Random Tree classifier comparatively produces better accuracy 

and hence we propose an improvised Naïve Bayes classifier which is more efficient in accuracy. The cascade system 

developed interacts with completely different modules of the general integrated system developed to support college 

performance prediction system. This work aims at exploring the impact of machine learning techniques in 

categorizing performance on datasets comprising over 10,000 school records between 2010 and 2013. The findings 

disclosed that cascade improvised Naïve Bayes – C4.5 and cascade Random Tree – PART algorithm were able to 

achieve around 90 percent accuracy in classification of the performance of schools and that we believe 

implementation of the planned system can raise an explicit and correct prognostic system. To the simplest of our 

data, this is often the primary conceive to explore this massive assortment of supervised machine learning 

techniques within the style of intelligent prognostic systems within domain of result analysis. 

 Keywords: Prediction, classifier accuracy, improvised Navie Bayes, cascade classifier  

1. INTRODUCTION 

Data mining becomes a method of discovering 

hidden pattern information from the training dataset 

developed by previous survey. The distinction that 

shows in the data, presents in the database and 

exceedingly database that contains data warehouse 

can be explained that, the data present in the database 

has formatted in structured kind and in the other 

hand, data warehouse, there is no certain that data 

will be in structure kind [1]. Within the new era of 

data mining and intensive prediction, data processing 

techniques receive additional and additional 

attention. Nowadays, knowledge analysts have 

confidence on a broad spectrum of tools, move in 

practicality, scope and target computer architectures. 

Within the open supply state of affairs, we find, at 

one facet, some recently appeared tools like 

VOWPAL WABBIT and MAHOUT, which might 

perform massive knowledge analytics in giant 

computer clusters. On the opposite hand, we have 

desktop-based tools like R, WEKA and 

RAPIDMINER, that area unit typically utilized in 

smaller however vital issues. The format of the 

information could also outlined in improving 

compatibility better for process. Thus in knowledge 

mining, a tendency to conjointly think about 

preprocessing or cleansing the information is 

established in this era. Thus on create it possible for 

any process, the method of cleansing the information 

is additionally known to be as feature reduction. The 

process of preprocessing in cleaning the data are 

often created by victimization tools like Extract 

Transform Load tools out there within the market or 

could also be done by victimization varied 

appropriate techniques out there. The collected 

knowledge area unit holds on in varied On Line 

Transaction Processing systems and in varied formats 

for a specific amount of your time. Over a period of 

time older knowledge area unit removed from the 

system and archived to get higher performance. 

Management selections in an exceedingly timely 
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manner cannot be simply taken from the knowledge 

out there because the method is not really easy. In the 

state of Tamil Nadu, India each year lakhs of scholars 

complete their higher school public examinations. 

The board of directors of state Examinations 

publishes the results on-line. These yearly result 

knowledge area units are out there in unorganized 

format in traditional access info (accdb/mdb). But 

knowledge hold on in OLTP systems isn't helpful in 

higher cognitive method process and thus the 

construct of knowledge warehouse arose in middle 

Eighties to assist in effective deciding cognitive 

process and news [2]. It‟s troublesome to perform the 

mandatory question for various levels on the result 

knowledge supported there would like. The 

warehouse separates on-line Analytical process from 

this Online Transactional Process by making new 

data repository and makes the historical knowledge 

out there for straightforward maintenance and helps 

the management in effective deciding cognitive 

method by reducing the complicated queries and 

therefore the time taken to process a question [3]. 

The vital side for thought in data processing is 

whether or not the information thought of is static or 

dynamic. Handling static knowledge is relatively a 

lot of easier to handling dynamically variable 

knowledge. While considering fixed dataset, the 

complete knowledge is available for exploration 

purpose before the process, mostly not a time 

adaptable knowledge. But active knowledge talk 

about high copious endless attributed data that is not 

a stand still knowledge and is also not at the hand for 

process or analyzing. 

Data mining needs associate rule or technique to 

research the information of interest. Knowledge 

could also be a sequence knowledge, successive 

knowledge, statistic, temporal, spatio- temporal, 

audio signal, and video signal to call a couple of. The 

construct of knowledge streams has gained lots of 

sensible interest within the field of knowledge 

mining. An information stream is associate infinite 

sequence of knowledge points outlined typically 

either victimization time stamps or associate index. 

We have a tendency to might also read knowledge 

within the knowledge streams as comparable to a 

multidimensional cubes containing number, 

categorical, graphical with the information in 

structured or unstructured format. If the information 

isn't structured we have a tendency to might have to 

be compelled to remodel in to an appropriate format 

for process by the rule getting used. With the terribly 

high voluminous structured or unstructured 

continuous knowledge being generated from varied 

applications and devices, the construct of knowledge 

is not any additional static however is popping intent 

on be dynamic. This brings lots of challenges in 

analyzing the information. Ancient data processing 

algorithms don't seem to be appropriate for handling 

knowledge streams as a result of the algorithms 

designed perform multiple scans over the information 

that isn't attainable once handling the information 

streams. This brings actual challenge before the 

information mining researchers operating within the 

space of knowledge streams. 

Further, several of the present data processing 

algorithms out there for bunch, classification, 

clustering, filtering and predicting the common 

pattern within the previous study are appropriate for 

less than constant or dynamic knowledge sets and 

aren't any additional much appropriate for handling 

knowledge streams or for mining the stream 

knowledge. Knowledge streams could also be 

statistic or spatial temporal. The construct of group 

classification is widely used as an alternative of 

typical interest among these data processing 

researchers. This analysis paper analyzes all 

economical existing classification rules for the 

mining of public examination results and proposes a 

completely unique cascade classifier algorithm. 

2. LITERATURE REVIEW 

In case of data streams, the quantity of distinct 

choices or things that exist would be so big that 

creates even the amount of on cache memory or 

system memory out there are not acceptable for 

storing the entire stream data. The foremost 

disadvantage with data streams is that, the speed at 

the data streams arrive is comparatively faster than 

the speed at that, the data are typically hold on and 

processed. at intervals the ACM KDD International 

conference management in 2010, the authors discuss 

the matter of finding the top-k frequent things in an 

passing data stream with versatile slippery  widows 

[4]. The idea is to mine only the top-k frequent things 

instead of noting all the frequent things. But the 

crucial issue or limitation that evolves here is that the 

number of memory that is required still for mining 

notice of top-k frequent things remains a bounding 

issue. The authors finally discusses that there exists 

however a memory economical algorithms by making 

some assumptions. 

In [5] the authors focus on developing a framework 

for classifying dynamically evolving data streams by 

considering the employment and take a glance at 

streams for dynamic classification of datasets. The 

target is to develop a system throughout that, a 

training system can adapt to quick changes of the 

underlying data stream. The amount of memory out 

there for mining stream data, victimization of one 

pass algorithms is extraordinarily less and so there is 

chance for data loss. Collectively it is unacceptable to 

mine the data on-line as and once it looks as a result 

of twin in speed and variety of many different 

important factors. 
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Cheng et al (2011) have improved the classical 

cascade-Adaboost classifier by developing a cascade-

Adaboost-SVM classifier which combine Adaboost 

and SVM Classifier along with a real-time pedestrian 

detection system using a single camera. The 

pedestrian candidate areas was captured with a 

window of fixed size and feature extraction was 

conducted to candidate areas and mobile images with 

Haar-like rectangle feature calculation. Then the 

complete pedestrian classification was done by using 

the proposed cascade-Adaboost-SVM classifier. The 

proposed cascade-Adaboost-SVM classifier is 

capable of adjusting the numbers of cascade 

classifiers adaptively. In addition, it can construct 

cascade classifiers effectively based on training set. 

The proposed model combines the advantages of 

simplicity of calculation in Adaboost classifier 

together with the classification effectiveness of SVM 

on linearly non-separable problems. In order to 

evaluate the system, samples of dataset captured from 

PETs database and self-built samples was also used. 

A total of 3,000 samples were used in the 

experiments which included 500 samples of 

pedestrians and 2,500 samples of non-pedestrians. 

The parameter of evaluation included Accuracy rate, 

detection rate and false alarm rate. The experimental 

result has shown that the proposed cascade classifier 

produces better performance than cascade-Adaboost 

classifier and its accuracy reached 99.5% and the 

false alarm rate has been less than 1e-5. 

Tian et al (2013) have proposed a novel multiplex 

classifier model for visual surveillance application 

like pedestrian detection. A cascade model consists 

of two-cascaded single classifiers. The proposed 

model is composed of two multiplex cascade parts 

namely a Haar-like cascade classifier and a shapelet 

cascade classifier. Haar-like cascade classifier is 

composed of 20-stage Adaboost classifiers and 

shapelet cascade classifier is composed of 10-stage 

Adaboost classifiers. The Haar-like cascade classifier 

filters are employed to filter out most of irrelevant 

image background. On the other hand, shapelet 

cascade classifier are employed in the detection of 

intensively head-shoulder features. The weighted 

linear regression model is used to train the weak 

classifiers. The model introduces a structure table to 

label the foreground pixels by means of background 

differences. The experimental results illustrated that 

planned classifier model provided the satisfying 

detection accuracy. Pedestrian detection rate usually 

can increase by increasing false-positive per image in 

all of the thought of models, i.e. the sole model, 

simple model and multiplex model [15]. Planned 

model significantly outperformed the other 2 

classifier models in terms of pedestrian detection 

rate. Planned approach can also perform well at 

intervals the sphere of intelligent police work, 

notably for lower resolution or relatively tough 

scenes. 

A method for 3D face recognition supported Cascade 

Classifier rule is projected in this paper. By 

victimization PCA technique, they need an 

inclination to extract the complete choices supported 

vary image. Some human faces in information were 

dominated out through the nearest neighbor classifier 

in keeping with the complete choices. To the left 

faces, they need an inclination to extract abstraction 

feature by victimization Hausdorff distance technique 

and classified them. The result shows that this system 

will do a high recognition rate. The unvaried 

interpolation technique is adopted to urge the upper 

vary image. Not only can have an inclination to urge 

associate correct vary image, but collectively it'll 

improve the last word recognition rate greatly [9]. 

With extensive applications classification may be an 

important processing technique. It classifies data of 

several categories. Classification is applied in every 

single arena of our life. Classification is utilized to 

sort every single item in associate degree passing set 

of records into altogether predefined set of classes or 

groups. Performance analysis of Naïve Bayes and 

C4.5 classification rule has been disbursed in this 

paper [12]. Naive Bayes rule depends on chance and 

C4.5 rule depends on decision tree. A comparative 

analysis of classifiers Navie Bayes and C4.5 at 

intervals of the context of economic institute dataset 

to maximize true positive rate and minimize false 

positive rate of defaulters rather than achieving only 

higher classification accuracy victimization WEKA 

tool is discussed in this paper. The effects of 

experimentations shown throughout this paper with 

unit of measurement is relating to classification 

accuracy and worth analysis. Efficiency and accuracy 

of C4.5 and Naive Bayes is shown to be excellent for 

this dataset collectively [10]. 

The projected technique usages bank dataset. The 

experimentations are performed using WEKA tool. 

Bank data set having three hundred instances and 

nine attributes are downloaded from UCI repository. 

C4.5 could also be a simple classifier technique to 

create a selection tree; economical result has been 

taken from bank dataset victimization WEKA tool at 

intervals of the experiment [13]. Naïve Bayes 

classifier is in addition showing good results. The 

experiments results shown at intervals, the study unit 

of measurement is relating to classification accuracy 

and worth analysis. C4.5 provides further 

classification accuracy for sophistication gender in 

bank dataset having 2 values Male and female. The 

tip within the study on these datasets collectively 

shows that the efficiency and accuracy of C4.5 and 

Naive Bayes is efficient. Classification technique of 

data mining is helpful in every domain of our life e.g. 

universities, Crime, Medical etc[17]-[20]. 
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The experimental work of Tina et al., concludes that 

correct instances generated by C4.5 having unit of 

measurement of 203 and Naïve Bayes unit of 

measurement as 184, additional as performance 

evolution on the premise of mortgage is respectable. 

This proves that the, C4.5 could also be a simple 

classifier technique to create a selection tree. 

Economical result has been taken from bank dataset 

victimization weka tool at intervals of the experiment 

[11].  Naive Bayes classifier is in addition showing 

good results. The experiments results shown at 

intervals of the study unit of measurement is relating 

to classification accuracy and worth analysis. C4.5 

provides further classification accuracy for 

sophistication mortgage in bank dataset having a pair 

of values affirmative. Though here throughout this 

instance, analysis valued is same for every classifier, 

with gender attribute, it'll be established that C4.5 is 

worth economical than the Naive Bayes classifier. 

 

3. PROPOSED METHODOLOGY 

The aggregated school data (2010 – 2012) is 

processed using probability Naive Bayes classifier 

algorithm, Random Forest and KNN clustering 

algorithm to find the classification accuracy. Naive 

Bayes was able to show better accuracy as shown in 

Table 1.   

Classification Methods Random Forest K-NN 

 

K-NN 

Navie Bayes 

 
Factors Information Gain Gain Ratio 

Overall Time Taken Classification 1:04 41 Seconds 1:55 11seconds 

Accuracy 69.50% 67.96% 73.42% 84.11% 

Kappa 0.579 0.555 0.642 0.786 

Classification Error 30.50% 32.04% 26.58% 15.89% 

Mean Squared Error 0.226 0.265 0.266 0.141 

Mean Absolute Errors 0.389 0.417 0.266 0.162 

Root Mean Squared Error 0.467 0.51 0.515 0.376 

Root Relative squared Error 1.247 1.362 1.376 1.004 

Table 1: Comparison of performance of different classifiers 

Since Navie Bayes was able to show better accuracy 

we intended to increase the navie Bayes by 

improvised Navie Bayes Classifier. We also intended 

to build a self-constructing optimized cascade 

classifier to improve the prediction accuracy. 

3.1 Improvised Naïve Bayes 

In the analysis of prediction of public school results, 

Naïve Bayes classifier produces comparatively better 

results and thus we propose an improvised Naïve 

Bayes classifier. Naïve Bayes algorithm works on the 

probability basis and when considering multinomial, 

the probabilistic algorithm comprises of joint 

probability distribution of the various attributes with 

the class attribute is given in the equation (1). 

  In general, Multinomial Naïve Bayes takes the form: 

    (1) 

where p(c) is Categorical and p(w|c) Multinomial. 

In the analysis in improvising the Naïve Bayes 

prediction, the way that can be possible is to modify 

the probability distribution of all attributes with the 

class attribute. The probability distribution function 

where wn represents the attributes of the datasets and 

c represents the class attribute. Here, the performance 

is referred to be class attribute. 

The multinomial prediction is referred to be p(w|c) 

and the improvised Naïve Bayes algorithm can be 

organized by reversing the joint probability function 

by replacing the class attribute with other attribute.   

The improvised Naïve Bayes can be given by, 

    (2) 

Thus, it can be simplified as, 

  

    (3) 

International Journal of Pure and Applied Mathematics Special Issue

3218



 

Figure 1: Graphical representation of statistical 

comparison of classification accuracy between 

Improvised Naïve Bayes and Naïve Bayes in 

different datasets 

From the Figure 1, it is cleared that the change in the 

joint probability function slightly improves the 

predictive accuracy. But the accuracy have to be 

improved much more and thus we proposed an 

optimized cascade classifier that shows better results. 

3.2 Optimized – Cascade Classifier: 

We proposed an novel cascade classifier that works 

on the principle that the mistake of one classifier is 

rectified by the other classifier. This can be obtained 

by setting the predicted result of one classifier as the 

attribute to the other classifier. Thus the error rate can 

be minimized that the error of former classifier is 

trained to the later classifier. 

Here, our proposed novel self – Constructing 

Optimized – Cascade Classifier is a cascade classifier 

that works on the optimistic results of the set of 

efficient classifiers. The proposed classifier 

comprises of two phases. 

 Phase 1: Cascade Improved Naive 

Bayes – C4.5 tree classifier  

 Phase 2: Cascade Random Tree – 

PART classifier 

 

Figure 2: Architecture of Optimized – Cascade Classifier 

 

Phase 1: Cascade Improvised Naïve Bayes – C4.5 

Decision Tree Classifier 

The proposed improvised Naïve Bayes algorithm and 

C4.5 are used in phase 1 of optimized – cascade 

classifier. The data set is first applied in the proposed 

improvised Naïve Bayes algorithm and the prediction 

accuracy along with other parameter are calculated. 

The prediction on class attribute (say result) is 

appended as a new attribute (TrainData) to the data 

set. Then the updated data set is applied to C 4.5 

classifier and the final result is taken which is the 

prediction result of phase 1 of proposed optimized – 

cascade classifier. 

Cascade Improved Naive Bayes – C4.5 decision 

tree 

numFail <= 0:  

|   Performance == TrainData: Excellent (7163.0) 

numFail > 0 

|   PassPercentage <= 0.9 

|   |   Performance == TrainData 

|   |   |   PassPercentage <= 0.7:  

|   |   |   |   Performance == TrainData: Bad (4823.0) 

|   |   Performance == TrainData 

|   |   |   PassPercentage > 0.7 

|   |   |   |   PassPercentage <= 0.8997 

|   |   |   |   |   Performance == TrainData: Average 

(8202.0) 

|   |   |   |   PassPercentage > 0.8997 

|   |   |   |   |   Performance == TrainData: Bad (196.0) 

|   Performance == TrainData 

|   |   PassPercentage > 0.9: Good (7610.0) 
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Figure 3: Flow chart for cascade Improved Naive Bayes – C4.5 Tree decision tree 

The rules of decision tree given above describes the 

implication of error occurred (TrainData) in proposed 

improvised Naïve Bayes algorithm in the 

classification. TrainData in the decision tree referred 

to be the prediction of former classifier which acts as 

an attribute for the later classifier. 

Phase 2: Cascade Random Tree – PART Rules 

based Classifier 

The cascade of Random Tree and PART rules based 

classifiers are used in phase 2 of optimized – cascade 

classifier. The data set is first applied in the Random 

Tree algorithm and the prediction accuracy along 

with other parameter are calculated. The prediction 

on class attribute (say result) is appended as a new 

attribute (TrainData) to the data set. Then the updated 

data set is applied to PART rules based classifier and 

the final result is taken which is the prediction result 

of phase 2 of proposed optimized – cascade classifier. 

Cascade Random Tree – PART rules 

numFail > 0 AND 

PassPercentage <= 0.9 AND 

PassPercentage > 0.7 AND 

PassPercentage <= 0.8997 AND 

Performance == TrainData: Average (8202.0) 

numFail > 0 AND 

PassPercentage > 0.9 AND 

Performance == TrainData: Good (7610.0) 

numFail <= 0 AND 

Performance == TrainData: Excellent (7163.0) 

Performance == TrainData: Bad (5019.0) 

Number of Rules:  4 

The rules given above describes the implication of 

error occurred (TrainData) in Random Tree algorithm 

in the classification. Number of rules generated (say 

4) depends on the multinomial class attribute 

(Excellent, average, good and bad). TrainData in the 

decision tree referred to be the prediction of former 

classifier which acts as an attribute for the later 

classifier. 

The novel optimized – cascade classifier is the 

combination of two phases that described before. 

This algorithm uses the prediction of all classification 

algorithms of both phases for the optimized 

prediction. The implementation is done in Netbeans 

7.4 with the integration of weka jar file. Some in built 

and repository data sets are used to analyse the 

performance of the proposed classifier. 
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Figure 4: Flow chart for Optimized – Cascade Classifier 

Rules for Optimized – Cascade classifier  

 P  and value of p 

depends on the class instances  

 P =  and it is already explained 

in above. 

 If P2 = = P4: Final Predict = P2   |    If P1 

= = P2 then Output = P1 

P3 = = P4 then Output = P3  |   If P2 

= = P3 then Output = P2  

Output = P4 

The detailed procedure of the proposed algorithm is 

described below. Before step into the proposed 

algorithm, the described phases are taken into 

account. The results of phase 1 of the proposed 

algorithm be P1 and P2 and that of phase 2 will be 

known to be P3 and P4 respectively. 

As described, the optimized prediction can be 

obtained by the rules that described in the flow chart 

(Fig 4). When the result of both phases are same, 

then it will be the final result of the proposed 

classifier. When the results of both phases are not 

same, the former classifiers are taken into account to 

improve the optimized selection of the predicted 

results 

Optimized – Cascade Classifier algorithm 

Step 1: perform Improved Naive Bayes 

classification 

Step 2: store the predict class attribute as 

the attribute  

Step 3: let the predicted resultant class 

attribute be P1 

Step 4: formation of data set with predicted 

result as an attribute 

Step 5: perform C4.5 classification for new 

data sets 

Step 6: let the predicted resultant class 

attribute be P2  

Step 7: perform Random Tree 

classification 

Step 8: store the predict class attribute as 

the attribute  

Step 9: let the predicted resultant class 

attribute be P3 

Step 10: formation of data set with predicted 

result as an attribute 

Step 11: perform PART rules classification 

for new data sets 

Step 12: Let the predicted resultant class 

attribute be P4  

Step 13: Apply Optimized rules (explained 

above) for the resultant class attributes 

sets. 

Step 14: The calculated resultant sets are 

the final class attributes. 
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4. EXPERIMENTAL RESULTS 

This algorithm is self – constructing in the sense, the 

final prediction will not be static and procedure 

modified in each instances. The optimized cascade 

algorithm has been tested on public exam result data 

set and cross verified with other data sets downloaded 

from UCI Machine Learning Repository. 

The proposed classifier with the existing classifier is 

compared with various data sets to analyse the 

comparative performance of the proposed classifier. 

The results are tabulated and graphical representation 

is shown for the better understanding of the 

performance of the proposed classifier. 

Table 2: Comparative results of algorithms for Public results aggregated data 

 
Improvised 

Naïve Bayes 

Cascade 

Improvised Naive 

Bayes – C4.5 

(cascade) 

Random Tree 
Cascade Random Tree 

– PART (cascade) 

Optimized 

– Cascade 

Correctly Classified 

Instances 
89.0035 99.194 79.0767 99.194 100 

Incorrectly Classified 

Instances 
10.9965 0.806 20.9233 0.806 0 

Kappa 0.8523 0.989 0.7173 0.898 1 

Relative Absolute Error 15.8701 1.0853 30.8563 1.0853 0 

Mean Absolute Error 0.0589 0.004 0.1146 0.004 0 

Root Mean Squared Error 0.2123 0.0635 0.3035 0.0635 0 

Root Relative squared Error 49.2626 14.733 70.4425 14.733 0 

Total Number of Instances 28289 28289 28289 28289 28289 

Ignoreed Number of 

Instances 
0 0 0 0 0 

Time Taken (in seconds) 5.242 11.7 5.164 13.588 25.943 

  

 

Figure 5: Graphical representation of statistical comparison of algorithms for Public results aggregated data 

4.1 PERFORMANCE EVALUATION 

Performance evaluation is carried out in Intel 

Pentium Core 2 Duo processor machine with 3GB 

RAM.  The experiments are conducted on the last 

four years (2010 – 2013) aggregated data (28289). 

The proposed method shows better performance in 

terms of accuracy, sensitivity Specificity and F-

Score.  

The performance of the proposed approaches are 

evaluated using the following parameters: 

 Testing Accuracy 

 Sensitivity 

 Specificity  
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 F-Score 

4.1.1 Classification Accuracy 

 According to Bernado & Garrell ( 2003) for 

measuring the performance of the algorithms 

classification accuracy is more important. The 

proposed method optimized cascade classifier (OCC) 

has better when compared to other methods. 

Accuracy is calculated with the Equation 1 as shown 

below.  

Accuracy = (TP+TN) / 

(TP+FP+TN+FN)  

   (1)  

Where TP indicated True Positive, TN indicates True 

Negative, FP indicates False Positive, FN indicates 

False Negative. The accuracy achieved for the 

educational dataset across multiple classes is high 

when compared to other methods shown in Table 3. 

 

 

Table 3: Classification Accuracy across Multiple Classes for various Algorithms (%) 

Sl.No   Excellent Average Good Bad 

1 Random Forest       88.8        80.1        85.6        87.8  

2 K-NN       85.0        85.8        82.5        93.6  

3 Naïve Bayes       99.2        85.3        91.9        91.9  

4 Opti-cascade       99.7        99.6        99.6        99.5  

   

The table 3 represents the accuracy of each method 

and the proposed method outclasses other methods.  

The following graphical chart shows clearly that 

Optimized Cascade Classifier (OCC) accomplishes 

good results when compared with other methods 

Figure     

 

 

Figure 6: Classification Accuracy across Multiple Classes for various Algorithms 

4.1.2 Sensitivity 

Sensitivity (also called the true positive rate, or the 

recall rate) approximates the probability of the 

positive label being true; in other words, it assesses 

the effectiveness of the algorithm on a single class, 

and is opposite to the false negative rate. Sensitivity 

is measured by the true positive divided by the sum 

of true positive and false negative as shown in the 

Equation 2  

Sensitivity = TP / (TP+FN)   (2) 

The proposed method shows high sensitivity 

compared to other methods. The Sensitivity 

calculated for the educational dataset for various 

classes is shown is shown by the bar diagram Figure   
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Figure 7: Sensitivity of various algorithms across Multiple Classes 

4.1.3 Specificity 

Specificity (sometimes called the true negative rate) 

approximates the probability of the positive label 

being true and is complementary to the false positive 

rate. Specificity is measured by the true negative 

divided by the sum of true negative and false positive 

as shown in the Equation 3. 

Specificity = TN / 

(TN+FP)  

  (3) 

The proposed method shows high specificity 

compared to other methods. The Specificity 

calculated for the educational dataset for various 

classes is shown is shown by the bar diagram Figure   

 

Figure 8: Specificity of various algorithms across Multiple Classes 

4.1.3 F-Score 

F-score is a composite measure which benefits 

algorithms with higher sensitivity and challenges 

algorithms with higher specificity. F- Score is the 

harmonic mean of precision and sensitivity. It is 

calculated using the formula as shown in Equation 4. 

F1= 2TP / (2TP+FP+FN) 

   

  (4) 

The proposed method shows high F-Score compared 

to other methods. The F-Score calculated for the 

educational dataset for various classes is shown is 

shown by the bar diagram Figure 
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Figure 9: Specificity of various algorithms across Multiple Classes 

4.2 CROSS VERIFICATION OF OPTIMISED 

CASCADE CLASSIFIER (OCC) RESULT 

WITH                    OTHER DATASETS 

FRON UCI                     

 Table 4: Comparative results of algorithms for hypothyroid data 

Classification Methods 
Improvised 

Naïve Bayes 

Cascade 

Improvised Naive 

Bayes – C4.5 

(cascade) 

Random Tree 
Cascade Random 

Tree – PART 

(cascade) 

Optimized 

– Cascade 

Correctly Classified 

Instances 

95.3904 99.6951 97.9586 99.6421 99.8674 

Incorrectly Classified 

Instances 

4.6096 0.3049 2.0414 0.3579 0.1326 

Kappa 0.6107 0.9789 0.8605 0.9753 0.9908 

Relative Absolute Error 48.6523 3.4694 15.2267 3.4657 2.147 

Mean Absolute Error 0.0353 0.0025 0.0111 0.0025 0.0016 

Root Mean Squared 

Error 

0.1365 0.0357 0.0973 0.0401 0.0261 

Root Relative squared 

Error 

71.8311 18.7364 51.089 21.0518 13.7196 

Total Number of 

Instances 

7544 7544 7544 7544 7544 

Ignored Number of 

Instances 

0 0 0 0 0 

Time Taken (in seconds) 1.001 1.911 0.62 1.71 4.091 

                        

Dataset source: 

https://archive.ics.uci.edu/ml/datasets.html        
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Figure 10: Graphical representation of statistical comparison between correctly and incorrectly classified 

instances using existing and proposed algorithms for hypothyroid data 

 

Figure 11: Graphical representation of statistical comparison between classification errors and instances 

using existing and proposed algorithms for hypothyroid data 

Table 5. Comparative results of algorithms for 

tumor data 

Classification Methods 
Improvised 

Naïve Bayes 

Cascade 

Improvised Naïve 

Bayes – C4.5 

(cascade) 

Random Tree 
Cascade Random 

Tree – PART 

(cascade) 

Optimized 

– Cascade 

Correctly Classified 

Instances 
70.8861 89.9371 70.4403 91.195 99.0196 

Incorrectly Classified 

Instances 
29.1139 10.0629 29.5597 8.805 0.9804 

Kappa 0.2682 0.7814 0.3605 0.8071 0.9804 

Relative Absolute Error 76.199 25.977 77.3525 24.3879 3.5307 

Mean Absolute Error 0.2911 0.0993 0.2956 0.0932 0.0176 

Root Mean Squared Error 0.5396 0.2956 0.5437 0.2928 0.0939 

Root Relative squared 

Error 

124.0548 67.9768 125.0359 67.3231 18.7903 

Total Number of Instances 159 159 204 159 204 

Ignored Number of 

Instances 

45 45 0 45 0 
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Time Taken (in seconds) 9.601 21.923 2.23 15.561 38.705 

                   

 Dataset source: 

https://archive.ics.uci.edu/ml/datasets.html 

 

Figure 12: Graphical representation of statistical comparison between correctly and incorrectly classified 

instances using existing and proposed algorithms for tumor data 

 

Figure 13: Graphical representation of statistical comparison between classification errors and instances 

using existing and proposed algorithms for tumor data 

Table 6. Comparative results of algorithms for Breast Cancer data 

Classification Methods 
Improvised 

Naïve Bayes 

Cascade 

Improvised Naïve 

Bayes – C4.5 

(cascade) 

Random Tree 
Cascade 

Random Tree – 

PART 

(cascade) 

Optimized – 

Cascade 

Correctly Classified 

Instances 
72.7848 76.3103 76.1006 76.3103 81.1189 

Incorrectly Classified 

Instances 

27.2152 23.6897 23.8994 23.6897 18.8811 

Kappa 0.2934 0.312 0.4163 0.3155 0.4729 

Relative Absolute Error 75.8997 85.4901 58.9597 79.969 68.2245 

Mean Absolute Error 0.3123 0.3505 0.2419 0.3279 0.2854 

Root Mean Squared 

Error 

0.4383 0.4222 0.4605 0.4285 0.3772 

Root Relative squared 

Error 

96.7354 93.3345 101.8166 79.969 82.5227 

Total Number of 

Instances 

495 477 477 477 495 

Ignored Number of 

Instances 

0 18 18 18 0 

Time Taken (in seconds) 0.17 0.28 0.05 0.18 0.48 
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Figure 14: Graphical representation of statistical comparison between correctly and incorrectly classified 

instances using existing and proposed algorithms for Breast Cancer data 

 

 

Figure 15: Graphical representation of statistical comparison between classification errors and instances 

using existing and proposed algorithms for Breast Cancer data 

 

Figure 16: Graphical representation of statistical comparison between overall classification time and 

algorithms in different datasets 
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Figure 17. Graphical representation of statistical comparison between classification accuracy and algorithms 

in different datasets 

 

Figure 18: Graphical representation of statistical comparison between Ignored instances and algorithms in 

different datasets 

5. CONCLUSION AND FUTURE WORK  

  In this paper, an improvised Naïve Bayes 

classifier with an optimized – cascade classifier has 

been proposed with optimization of the prediction 

strategies for public result classification. The 

proposed optimized – cascade classifier comprises of 

two-phase method which uses the optimization of 

both phases where the later classifier is responsible 

for the rectification of the error obtained from the 

former classifier. The first phase of the proposed 

cascade classifier consists of Improved Naïve Bayes 

and C4.5 random tree classifier together with cascade 

computation. During classification, the optimization 

is the key factor that process the proposed optimized 

– cascade classifier that receives a implication of 

error rectification of the existing algorithms. The 

second phase classifier comprises with Random Tree 

and PART rules based classifier that generates error 

rectified results of the former classifier by the later 

classifier as well associated with the classifications. 

The cascade outputs of every phase have produced 

the appreciable results. The optimization of the 

results of these classifiers is made into Opti – 

Cascade classifier, which improves the accuracy and 

improves the overall efficiency of the prediction. The 

proposed optimized – cascade classifier possess a 

better prediction and scaled performance than 

existing classifiers and clustering environments when 

compared with the UCI Machine Learning 

Repository data bases. In addition, our proposed 

Optimized – Cascade classifier is referred in 

unsupervised learning, error rectification that brings 
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efficient in optimization that is analyzed by numerous 

tests and verifications in accuracy. 

Many data sets are classified with the proposed 

optimized – cascade algorithm which provides more 

accurate predictions than other classifiers. The 

training time of the proposed model is optimum when 

comparing with the iterative classifiers. Along with 

accuracy, availability, scalability and dimensionality 

are focused. The future implication of the paper 

works on the cascading the efficient algorithms in 

various data mining strategies. Error rectification 

should be improved in large scale so as to make the 

cascading concept more worth in machine learning. 
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