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Abstract 
 

Nowadays people express themselvesin the form of weblogs attracting and benefiting users in their perspective. Blogs are maintained by 

individual users with specific software reporting activities that removing all possible barriers and developing learning blogs. Blogs together 

forms a linked community as blogosphere. Procuring information from these blogs has become very tough due to the intense growth of 

blogs. The proposed system classifies and compiles the blog ensuring appropriate chemo taxis analysis and reporting. These data prepara-

tion and analysis helps the healthcare organizations to solve many health related problems and identify new improvements. The movement 

of organism to chemical stimulus is recognized in chemo taxis. Chemo taxis is subverted in cancer phases. Weblogs not only manage and 

organize these data but also reduces the time required for data gathering, acquisition, analysis and reporting. 
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1. Introduction 

Within a very short span of time, blogging has addicted innumer-

able internet users, representing their culture and media of com-

munication.  While companies own the traditional social media, 

and other online web cast including news, blogs have two unique 

characteristics: 

1. Primarily, created based on individuals personalized ap-

proach. 

2. Secondarily, blogs interlink forming localized commu-

nities. 

Increase of daily bloggers paved way for researchers to perform-

better on content analysis. The evolutionary in blogs are based on 

the characteristics of the blogs. Bloggers use user-friendlymethods 

to prepare, analyse and characterize the blogs with the help of var-

ious search engines. 

The face of communications on the Internet is being changed by 

blogs.  It not only helps in publishing the contents, but also enables 

the user to interact among themselves forming a close-knit com-

munity, forming a very dominant medium in the web.The person-

alized nature of blogs in combination with the capacity to formu-

late and analyze them immediately bring forward innovative op-

portunities in the analysis of the pulse of society and the search 

and speeding up the working of many applications including mar-

ket research public relations, psychology of the society, and polit-

ical scenario. 

World wide web acts as an intermediate for people to easily update, 

socialize, interact and share with each other their views. The online 

is the most popular means to bloggers in sharing new informations 

in the format of blog reviews, sentiments, events that are created 

on daily routines. Though all the comments are not informative 

high quality comments have great impact on the readers opinions 

about the original post content and their quality are discussed.  

Therefore, developing an efficient mechanism is highly desirable. 

For this purpose, sites like slash dot, where users rate comments 

based on their reliability forms an automated system using ma-

chine learning techniques[3]. This classification problem is usu-

ally solved by improvising the learning techniques, while learning 

with high performance needs an increased amount of manually la-

belled blogs. In contrast, unlabelled blogs can be retrieved easily 

from internet, these are done using semi supervised mode[2].  The 

magnitude of blogs is multiplying at avery fast rate and isdiscov-

ered that nearly 2-7% of internet users create blogs and around 11% 

of these users follow. Technorati’s web crawlers states that for 

about 12,000 new blogs are created in every 7.4 seconds.  Because 

of the popularity and accessibility of blogs content classification 

system directory is hard to generate due to the tediousness in cate-

gorizing blogs into different groups based on its unique nature. 

There is no hard-and-fast rule as to what should be written in a 

blog.  From personal to politics, anything can be written, hence 

writing whatever is there in one’s interest, even devising a new 

vocabulary and grammar.  A few blogs, in the perspective of at-

tracting more audience, intentionally move away from rules of lan-

guage and decorum.  It is very obvious that blogs are growing in 

geometric proportion, although specific figures differ from time to 

time.  A situation has arisen such that blogs have become a very 

active part of the online media.  Research on blogging has brought 

forth the true attitude of the blogging activity, the general behavior 

of the bloggers and the common practices involved in blogs. 

Currently blogs have become the source for the advertisement 

market.  Various applications have been developed for capturing 
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this, thus many search engines are providing blog search services.  

The explosion of blogging has thrown light on more research op-

portunities on text mining, retrieval of information, social studies 

and other areas which need more exposure.  Each and every blog 

is made of many elements including entries, tgas, lings and others.  

Entry seems to be the most important element for the content anal-

ysis of a blog. 

A blog deals with a wide range of issues including professional 

book keeping or more often frequently-improvised views and per-

sonal remarks.  Mood classification has attracted an increasing in-

terest in the different research communities, and is used in a variety 

of activities including implementation of techniques in assisting 

behavioral scientists and improving the interaction between doctor 

and patient.  As access to internet has become easier and has al-

most become a very common mode of communication between 

communities, more number of people share their information, 

ideas or opinion in their weblogs. 

2. Literature Reviews 

Sun et al., [3] classified blogs based on the personal versus official 

aspect. The system adopted a 2-stage method; primary is the train-

ing model, where lexicons were constructed automatedly, and in 

the other scoring as well as ranking were performed respectively.  

The outcomes of simulations revealed that lexicons hold good for 

feature selection and mutual information.  Sentiment words could 

add flavor to the contents. 

Ayyasamy et al., [4] described a technique to classify blogs auto-

matedly through the usage of fuzzy similitude. The authors per-

formed simulations utilizing TREC data set as well as employed 

the method to 6 distinct fuzzy similitude metrics. Outcomes of ex-

periments prove that the Einstein fuzzy similitude metrics per-

formed better than the others.  

Shi et al., [5] proposed a novel technique of multilabel classifica-

tion for Chinese blogs. The authors attained automated classifica-

tion using dempster-shafer theory on semantic word similitude 

protocol. And test results prove that one of the biggest Social Net-

work Service (SNS) is China.  The outcomes showed that the sug-

gested technique gave an excellent performance in multilabelling 

actual social networking blogs and corpuses.  

Bai et al., [6] proposed a novel classification technique called 

Folksonomy as well as SVM classifier (FSVMC). The FSVMC 

used SVMs as a Tagagent. This is a program for determining if a 

certain tag ought to be appended to a web blog page while Folk-

sonomy is dedicated to categorizing web blog posts. Outcomes of 

experiments indicated the technique is flexible as well as efficient 

much more than conventional techniques.  

Gao et al., [7] presented a technique of microblog data 

classification utilizing mixed features of chi-square, the autho-

rused features selection as well as the weight computation tech-

nique. The outcomes of the experiments showed that the technique 

proved to be helpful in improving classification of microblog data.  

Duan et al., [8] calculated the Semantic Orientation between the 

particular phrase as well as the polar terms. The SO of the partic-

ular blog is computed through the max MI value. Blog texts are 

sorted as joy and the blog archive gathered by the Monitor and 

Research Center for National Language Resource achieved a 

higher enhancement in comparison to conventional techniques.  

Sun et al., [9] presented a blogger modelling technique for Chinese 

microblog sentiments classification.  The presented work adopts a 

multi-dimensional method for accomplishing the features extrac-

tion job. In comparison to conventional techniques merged with 

the interactive characteristic of the blog, blog comments are re-

garded as the performance feature of microblog emotions expres-

sion. The results demonstrated the efficacy of the multi-dimen-

sional features extraction technique on sentiments classification as 

well as for the classification of the impact of fuzzy Support Vector 

Machine (SVM) is better than SVM. 

Dalal and Zaveri [10] attempted to automatedly classified the text 

entries written by bloggers on several sport blogs, to the 

appropriately categorizing the sports through stages such as pre-

processing, features extraction, as well as NB classifications. The 

classification accuracy rendered by this technique by empirical 

evaluation is around 87% over the tes dataset. Apart from the clas-

sification of text entries of sport blogs, it is suggested that the ex-

tracted attributes themselves be further sorted under more mean-

ingful titles that result in the creation of semantic resources which 

lend more comprehension to the job of classification. The semantic 

resources may be utilized for data mining needs which may emerge 

in the future.  

Chen et al., [11] proposed blogs IR model on the basis of semantic 

through analyzing the existenttechnology in blog systems as well 

as focus on semantic retrieval of blog information resources. For 

implementing semantic descriptions for blog information re-

sources, the authors designed blog ontologies as well as domain 

subject classification ontologies. With pre-set rules, the authors 

suggested a class hierarchy tree creating protocol for expanding 

blog classification items semantic retrieval, as well as execute it in 

the end through SPARQL query. 

3. Methodology 

3.1 Proposed PSO feature selection 

Particle swarm optimization search technique which is simple and 

is formulated based on the search technique of birds in search of 

food.  PSO uses this technique where problems are solved using 

social interaction.  This has been applied successfully in solving 

many search and optimization problems. 

To start with the pre-processed web data randomly initialized with 

a random position and zero velocity.  The velocity and the fitness 

value of each and every particle is different depending on the fit-

ness function of each particle in the swarm, the particle with best 

fitness function is accredited as pbest  and the fitness of the global 

best particle is termed as gbest.  Finally the clusters are optimized 

by continuous updation in the function using number of iterations 

and termination criteria. 

Velocity update equation 

 

                         
(1) 

Position Update equation 

                                                                    (2) 

Wherein, parameters are:  

 - velocity  

 - Personal Best Position 

 - Global Best Position  

 - Current Position  

&  - Acceleration Constant.  

&  - Random function ranging between [0, 1].  

 

w - Inertia weight. 

If the optimized clusters are formed after number of iterations, then 

the system will move to an end state known as Meet Stopping Cri-

terion.  If stopping criteria is not met then velocity and position 

loops back to fitness evaluation for further optimization.  Even 

though it is an optimized technique, the gbest leads to trapping in 

the local area.  Here velocity is defined as the rate of change of 

motion of a particle with a specific speed and direction of motion. 

Base on the number of iterations the velocity needs to be continu-

ously optimized.  

Every particle has its own inertia (momentum) which stores in its 

memory their previous best position, thus preventing them from 
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changing position suddenly.  The tendency of the particle to return 

to its best position is defined by Cognitive Component model. 

Social component compares the particle with its neighbour, in this 

position and velocity of a particle is updated as a group, thus help-

ing the group attain globally best results when compared to their 

neighbor.  Velocity is another important criteria and  clamps each 

velocities in each dimension depending upon its fitness within the 

region that is searched. [25].  The two possible criteria are:  

• Too high velocity moves the particle past the optimal so-

lutions. 

• Those too low get stuck in local minima. 

3.2 Proposed Bacteria Foraging Optimization (BFO) 

Feature Selection 

The Bacteria Foraging Optimization is a global optimization algo-

rithm which calculates the cost function leading to a better fitness 

with lesser cost in every iteration.  Here, the optimizingvariables-

denotes the position of the bacteria at a favourable range located 

at each point.  At every forward step the bacteria move to a new 

position and cost function for that particular movement is calcu-

lated.  Cost function for each movement is calculated giving a bet-

ter optimization parameter with both cost and fitness optimization. 

The foraging method of E. Coli bacteria (strategy to search for 

food) is taken for representation here.  This is governed by chem-

otaxis, swarming, reproduction as well as elimination and disper-

sal.  The first step is chemotaxis that is search for food that is when 

the bacterium faces a favourable environment and which help their 

growth, it moves in the direction of the food by swimming and 

tumbling.  When the environment is adverse then they move away 

from the food.  Here, decrease in cost function is depicted by fa-

vourable environment and vice versa.  In swarming, bacteria move 

in the form of ringreducing the mean square error to a minimum 

value. 

 

Swarming and chemo taxis  

If s1,s2,s3 are the variables for optimization, they denote the axes 

of spatial coordinates, assuming fi,j,k,l(s1,s2,s3) denotes position 

of ith bacteria at a point in thecoordinate system.  Furthermore, C(i) 

denotes the run length of a bacteria. Then, the motion of the ith 

bacteria in jth chemotaxis isgiven as: assume s1 as m1 and so on.  

                  
(3) 

 

where del(i) is the position of bacteria denoted as 3 coordinate sys-

tem. Every element is an arb 

 

   (3) 

where del(i) is the position of bacteria denoted as 3 coordinate sys-

tem. Every element is an arbitrary number ranging between [-1, 1]. 

If ith bacteria is in a desirable setting that is denoted by lesser value 

of cost function at the point, it moves to the earlier (j-1 th) chem-

otaxis step. Else, del (i) is designated a fresh value ranging be-

tween [-1,1]. 

After every step, the bacterium reaches new point in space and 

each point represents an optimization parameter which is the coor-

dinate axis of the position of the bacterium.  At this new location, 

the fitness of each bacterium is studied which acts as a deciding 

factor in the subsequent movement of the bacteria. Better fitness 

represents lessercost function. 

Reproduction 

Fitness of every bacteria after chemo taxis procedure is the total 

sum of cost function
, , ,

1

Nc i j k l

j
P

 , wherein NC is the overall 

quantity of steps in the chemo taxis procedure. More healthy 

bacterium represents better set, while the healthy bacteria survive, 

the other half gets eliminated.  Each surviving bacteria splits using 

binary fission and are situated in the same position, thus maintain-

ing the bacterial population. 

 

Elimination and Dispersal Event 

While chemo taxis performs the search procedure that helps in 

maintaining the population thus keeping the count of bacteria at an 

optimum level.  But this is not sufficient to reach a global mini-

mum point presuming that to be the best fitness position. The bac-

teria that has the probability Ped (elimination as well as dispersion) 

is eliminated from current location thus maintaining the population 

[16]. 

 

3.3 Classifiers 

3.3.1 Bagging 

 

Bagging is a technique to improve outcomes of machine learning 

classification protocols. The two potential classes are classifica-

tion protocol generates a classifier 
 H: D -1,1

 on the base of a 

training dataset of sample descriptions D. Bagging technique 

builds a set of classifiers Hm, m=1… M in the training dataset. The 

classifiers are merge as one compound classifier and the weighted 

combination of individual classifier predictions are as follows: 

   
1

M

i m m i

m

H d sign H d


 
  

 


                                                 (4)

 

 

A sample di is considered to be the class for which most classifiers 

vote. This is known as the theory of classifiers voting. Variables

m , m=1,…,M are defined to be more accurate classifiers those 

have strong effect on the end prediction rather than lesser accurate 

classifiers. The precision of base classifiers Hmcould be greater 

than the precision of arbitrary classifications. This is why the clas-

sifiers Hm are known as weak classifiers [12]. 

 

3.3.2 AdaBoost 

 

AdaBoostcombined classifiers, all of which can only be somewhat 

inaccurate. Within the context of learning procedure, weak learn-

ers are trained in a sequential manner one at a time. Everycycle a 

weak classifier is inaccurate for classifying the samples, forming 

the weak hypothesis. Once a particular quantity of iterations are 

over, the resulting weak hypotheses are merged in a linear manner 

into one prediction rule, the combined hypothesis.  

The generalized AdaBoost protocol for binary classification uses 

a vector Dt over the datasets. At cycle t, the aim of AdaBoost is 

the weak hypothesis :th X R with adequately lower error with 

respect to the weights tD
. In this scenario, weak hypotheses 

 th x
makes the real-valued confidence-rated predictions. Initially, 

the distribution tD
 is uniformly initialized, which means that all 

instances are equally weighted. The boosting protocol in-

creasesand decreases with the weights  tD i when 
 t ih x

makinggood or badprediction of instances, with variations propor-

tional 
 t ih x

the end hypothesis, 
:Tf X R

, calculates its pre-

diction utilizing the weighted vote on weak hypothesis 

   
1

T

T j jj
f x h x




. The rule may be given as [13]: 

                                         (5) 
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3.3.3 Logitboost 

 

The additive model by a greedy stage-wise process is as follows: 
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Assuming the sum-to-zero constraint on a “base class” the result-

ant derivatives do not dependent on the base option: 
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The diagonal approximation is necessary if base learners are to be 

executed using regression tree. For industrial applications, utiliz-

ing tree as weak learnersseems to be the general practice [14]. 

4. Experiments and Related Results 

The classification accuracy, average precision and average recall 

for BFO and PSO feature selection including Bagging and 

Logitboost classifiers are shown below: 

 
Table 1: Classification Accuracy 

Techniques Classification Accuracy 

PSO - Bagging 0.8768 

BFO- Bagging 0.8811 

PSO- Logitboost 0.8874 

BFO- Logitboost 0.9158 

 
Table 2: Average Precision 

Techniques Average Precision 

PSO - Bagging 0.8637 

BFO- Bagging 0.8699 

PSO- Logitboost 0.8767 

BFO- Logitboost 0.9075 

 
Table 3: Average Recall 

Techniques Average Recall 

PSO - Bagging 0.8755 

BFO- Bagging 0.875 

PSO- Logitboost 0.885 

BFO- Logitboost 0.9137 

 

 
Figure 1 Classification Accuracy 

 

In table 1 as well as figure 1, it is observed that the classification 

accuracy has enhanced by 0.49% in comparison to PSO-Bagging 

as well as BFO-Bagging. 

 

 
 

Figure 2 Average Precision 

 

In table 2 as well as figure 2, it is observed that the average preci-

sion has enhnaced by 3.45% in comparison to PSO-Logitboost as 

well as BFO-Logitboost. 

 

 
Figure 3 Average Recall 

 

In table 3 as well as figure 3, it is observed that the average recall 

has enhanced by 1.14% in comparison to BFO-Bagging as well as 

PSO-Logitboost. 

5. Conclusion 

Blogs are hard for categorizing by both humans as well as ma-

chines, as they are written capriciously. For any particular blog, 

there is no particular group which fulfils the judgment of the clas-

sifier. In this work, it addresses the job of distinguishing the two 

genres of blogs, informative as well as affective content. The bag-

ging method is an adequate mean for improving efficiency of 

standardized machine learning protocols. Result show that the 

classification accuracy has improved by 0.49% compared to PSO-

Bagging and BFO-Bagging. 
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