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Abstract 
 

In recent times, several researchers have immensely involved in conquering 

the propagation of spiteful rumors that often occurs in social networks (SN). 

There is a necessity to abolish these kinds of rumors, once it has identified, 

due to its massive impact across society, such as making political conflicts, 

transposing the opinions of general-public, and deteriorating their belief over 

the governments. In this study, the classifiers, namely Adaboost, Particle 

Swarm Optimization with Adaboost (PSO-Adaboost), random forest, KNN 

and naïve bayes have considered being used for rumor impact reduction from 

the dataset. However, many of these datasets seem to be imbalanced, i.e. 

some of them are same type which may extensively huge in quantity and 

some are exclusive. Also, the classifier performance has the chance to get 

enormously influenced by this imbalanced characteristic of the dataset. For 

resolving this issue, the SMOTE method has employed in this work, besides 

the Semi-Supervised Clustering Algorithm (SSCA) takes place to evade the 

problem of rumor propagation, in which the SNs analysis-driven information 

have gathered. This research work tend to reduce both the circulation and 

impact of these rumor in SNs. Empirical findings represent the efficiency of 

the proposed methodologies to attain the optimal performance over dataset of  
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real-world Twitter, which is superior to other modern approaches, in terms of 

the tasks involved in rumor detection and early detection. 

 
Keywords: Semi Supervised Clustering Algorithm, Class imbalance, naïve 

bayes, random forest, KNN, Adaboost and PSO-Adaboost method. 

 

1 Introduction 
 

The way of news accessibility turns out to be simplified for the people by 

the drastic transition in the commercialization of the mobile Internet. As of 

2019, around 40% of the world population used to access social media as 

stated by the Kantar Media [1]. Though, the Internet users have been eased to 

access wide-ranging news by the social media (Facebook, Twitter, Weibo, 

etc.) at lesser cost, yet it makes the path to extensive circulation of 

rumor/fake news. As per the statement of the official account of Weibo, the 

number of false information has estimated as 77,742 in 2019, which have 

been efficiently controlled by Weibo platform. Accordingly, there exists the 

challenge that misguides the mind-set of general-public, besides leads them 

to troublesome situation due to this deceptive information[1,2]. 

The emergence and spreading of information deprived of factual support 

have termed as a rumor. Even though rumor and fake news seem nearly 

identical, yet they could be differentiated by referring the rumor as the 

unproven information that cannot necessarily be false, which may/may not 

become true, besides it may be left unsolved. While, fake news defines false 

information that generally spread via news medium. Moreover, the method 

of detecting rumor and fake news are almost similar, as both of them have 

correlated features. In general, the verified and unverified information have 

differentiated in the process of rumor detection. Conversely, fake news 

detection inclines for trueas well as false information discrimination. 

Identification of rumors has crucially necessitated across SN and it is 

unavoidable as it has considered being the harmful social threat, since the 

dissemination of false rumor through social media may lead to disruption of 

the mind-set of general-public, deception of people‟s perspective, 

degradation of the trustworthiness on government, and other severe social 

consequences[3].   

However, the following features make the rumor detection a difficult 

process: i) In terms of processing the enormous information, it has 

considered to be non-trivial task. An evolvement of updates over social 

networking as regards attractive events which covers wide ranging fields. In 

such scenarios, for identifying various type of rumor, extensively vast 

information requires to be processed; ii) The requirement for real-time 

detection: Since the social networks users areextremely proactive that eases 

the circulation of wide-ranging information within short-span, the quicker  
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identification of false rumors has crucially required. Because, the chances of 

the occurrence of undesirable consequences may get augmented over time; 

iii) The confusing factor of rumors: According to this challenge, the rumors 

have purposefully cooked-up for miming the original news aiming at several 

intentions (e.g. conducting malicious marketing management, political 

astroturfing), which is really hard for general-public or even field experts to 

discriminate the false rumors and true rumors. In many earlier studies, 

positive information impact augmentation across social networks has 

suggested. Besides, maximization problem can be influenced through 

additional plan regarding faster ways for approximation. However the 

negative influence has less attention. So it requires consistent efforts on 

minimizing the negative influence. During this research, by considering the 

learning methods, namely naïve bayes, random forest, KNN, Adaboost and 

PSO-Adaboost, the efficient approach has proposed. 

The following factors have considered being the vital contributions of 

this study: 

• In initial phase, the methods like Remove Hashtags, Remove RT, 

Remove special characters and Controls, Remove whitespaces and Remove 

Punctuations, Stop words, and Upper to lower have utilized to preprocess the 

dataset gathered from the Twitter platform. 

• Furthermore, the SMOTE technique has applied to the classifier to 

overcome the struggles involved while classifying the imbalanced datasets, 

since classifier ought to incline for samples favoring  whichbelongs to 

majority class. 

• Ultimately, semi supervised clustering takes place to carry out the 

rumors detection, during which it has processed being a kind of 

misinformation propagation. Apart from detection, classifiers, like naïve 

bayes, random forest, KNN, Adaboost and PSO-Adaboost have further 

employed to execute the rumor classification that includes class imbalance 

problem, besides the outcomes have been assessed. 

This research mainly emphasizes the issues involved during the detection 

of rumors, particularly in Twitter data. Section 2 confers the disclosure of the 

entire pipeline alongside a machine learning model that accompanies 

clustering and classification. Section 3 compares current state outcomes of 

the art performances. Eventually, Section 4 concludes the research work and 

reveals the future work. 
 

2 Related Work 
 

This segment briefly confers a few efficient works for rumor 

identification. In [4], detection of numerous rumor sources has considered 

from a deterministic perspective through formulating it as set resolving set 

(SRS) issue. Consider G as a network on n nodes. If overall identifiable sets  
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of node are able to be differentiated by K, an SRS of G can be signified by 

node subset K. Various rumor source detection (MRSD) issue in network can 

be formulated as determining SRS K accompanied by least cardinality. A 

polynomial-time greedy algorithm  is suggested in this study, in order to 

estimate a minimum SRS, attaining performance ratio O(lnn ). By 

enhancing this approach, it has enabled to handle the problem of r-Restricted 

multi-rumor-source detection (r-MRSD) involved in various diffusion 

frameworks (e.g. the models deprived of submodularity property). 

User-specific features under social media environment have explored in 

[5] for rumor detection. The novel strategy conjectures that whether a user 

inclining for rumor message propagation reliant on explicit aspects of user, 

apart from the content features of message itself. For the exploration and 

application of this hypothesis, a new framework has designed to propagate 

the information on the basis of heterogeneous user representation and 

modeling method.  Ensuring that whether the information is real or simply a 

rumor is crucial, as it may shows its support to the whole majorityincorrect 

decision. 

In [6], a mathematical approach has proposed that spreads the news from 

particular posts which have been posted in social network. During the 

development of such model, the epidemiological modeling approach has 

utilized. Subsequently, rumor detection and authentication criteria for the 

model have been suggested. An instance of rumor, an updated model has 

accompanied by media awareness as a control strategy to minimize the 

spread of rumor. 

In [7], the experimental study has furnished to progress an enhanced 

learning model as regards the classification of real-time tweets in accordance 

with truth value, simplifying rumor scrutiny. The work has progressed over 

nearly 14 k tweets collection. These tweets collection concerning to the 

recent mob lynching caused by rumours on assumed child-lifters 

(#moblynching) and run on five classical trivial classifiers to classify tweets 

into true, false and unspecified via 13 attributes (features). Then optimal 

feature selection method is suggested, particle swarm algorithm for the 

enhancement of the performance of classifier. Through the experimental 

assessments, the efficiency of the particle swarm optimization (PSO) has 

validated for performance surpassing of baseline supervised learning 

algorithms during feature subset selection in rumour veracity classification. 

But still, machine learning algorithms struggle to determine the accuracy 

through solely assessing the contents, when a few rumors/fake news have 

intentionally cooked-up to replicate the actual incidents. 

A new classification technique has presented in [8], namely one-class 

classification (OCC), in which the classifier has solely equipped through 

rumors, in another word, it does not require the non-rumor data points. There 

are two primary data sets have considered in this domain for this study, 

among which 86 features have extracted from each tweet. It may have a  
 

 



 
 

 

 

Dynamic Rumor Influence and Propagation using Adaboost Classification with PSO 

in Social Networks 12291 

 

significant impact on the researchers, in terms of computational rumor 

detection, and sets the innovative research path headed for tackling this issue. 

Several Deep Learning methods scrutinized in [9], in which the contextual 

information in both directions have taken to account (i.e. forward and 

backward) among a provided text. Being a dependent on Bidirectional Long 

Short-Term Memory with Convolutional Neural Network, the proposed 

framework efficiently classifies the rumors as well as non-rumors. 

In accordance with a conventional neural network (CNN), a deep 

learning model has been proposed for rumor propagation detection over 

Twitter [10]. For identifying the optimal hyperparameter settings and 

enhancing the performance, various experiments have carried out, yet it may 

have exposed to some issues, when untrustworthy or misguiding information 

involved in the shared content. 

A certainty-factor-based CNN methodology has presented in [11] for 

effectually classifying the events as rumor or not by leveraging information 

set inherent features, despite data sparsity. According to this method, the 

activation function relies on certainty-factor demands the least number of 

training data to get generalized. There are two parallel CNNs have exploited 

in the proposed method, especially for the classification of rumor event, in 

which information inherent features (like, temporal, content, and propagation 

features) have applied proficiently. In order to furnish the output of the 

classification process, both CNNs‟ outputs have unified by a decision 

tree.Even though the success rate of this approach proves to be high, yet 

these methods lack efficiency, in terms of early detection. 

There are two techniques proposed in [12], such as GLO-PGNN (models 

helps to detect rumor based on the embedding global with propagation graph 

neural network) besides ENS-PGNN (Nneural network for ensemble learning 

of rumor detection with propagation) in which individual classification 

methodologies have correspondingly involved to process the rumor 

detection. In addition, attention methodology takes place to enhance 

performance through dynamically modifying each node weight in 

propagation graph. 

Due to high success rate, the neural network-based deep learning 

methods have highly preferred to be utilized in many of the recent works as 

regards rumor detection. Even though the success rate of this approach 

proves to be high, yet these methods are inadequate, in terms of early 

detection. So, there necessitates a vast quantity of training data for these 

models to obtain accurate and optimum outcomes. Regrettably, the 

availability of data during the initial phases of rumor propagation is 

apparently insufficient, which makes the neural networks–based rumor 

detection, a complex one. Consequently, it hampers the effectiveness of 

early-stage rumors. For resolving this problem, this study proposes a novel 

methodology for rumor detection that relies on particle swarm optimisation 

(PSO) within Adaboost. In this work, the PSO based technique has presented 

as a replacement for time consuming exhaustive search to extract 
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optimal features to be utilized to construct weak classifiers in Adaboost. 

Neural network-based deep learning approaches are suggested for rumor 

detection for the reason ofhigh success rate. But, it is considered to be less 

effectual in rumor detection in earlier manner. Also it necessitates vast 

training data for improved and preciseoutcomes  in addition data availability 

in initialphases of rumor propagation are scarce in nature which creates 

rumor detection to be complex one by neural networks. Also it offers reduced 

efficacy for early stage rumors. Particle swarm optimisation (PSO)within 

Adaboost for rumor detection is suggested for mitigating this concern since 

time consuming exhaustive search is not necessitated for obtaining good 

features for constructing weak classifiers in Adaboost. 

 

3 Proposed Methodology 
 

In a perspective of mathematical, a social association can be expressed as 

graph G = (V,E) which comprises set of nodes, where the users have denoted 

by V; and the relationship within users has indicated by a set of directed 

edges E . The methodology suggested examining short text besides rumor-

based users of social media like Facebook, Twitter, etc. In order to eradicate 

the rumor impact accompanying enhanced accuracy, classification-based 

methods are introduced. The execution can be done in real time tweet 

environments to name the rumor with elevated level security.  A general 

framework is proposed, which given a tweet predicts whether it is related to a 

claimed rumor or not. Here two methods are utilized for the purpose of 

classifying rumored data before it starts diffusing to a large community like 

clustering as well as classification.  Quantitative outcomes are returned 

through feature-based methodology which does not depend on language or 

tweet message tweet. 

 The classification algorithms such as KNN, naïve bayes, random forest , 

Adaboost and PSO-Adaboost returns qualitative results after pre-processing 

the language and the content of the message of the tweet and categorizing the 

words in positive and negative models based on whether the word or gestures 

(Stop words, Upper to lower, Removing of Retweet, Hashtags, Contol and 

Special characters, Remove Punctuations&whitespaces) are denying the 

rumor or endorsing it. By grouping all the tweets in the same topic produce a 

categorization of the input. This provides classification task of comments 

into rumor or not. The rumor propagation is detected using the partly 

supervised clustering. 

This research mainly utilizes PSO-Adaboost algorithm on the basis of 

AUC. The error calculation formula is redefined using Adaboost through 

AUC index into weak classifier error calculation. Classifier performance 

evaluation is done by AUC in addition; imbalanced dataeffects are reflected 

on the classifier. The minority class samples are mainly focused by suggested 

Adaboostalgorithm.Also,set of weak classifiers for building a strong 

classifier is achieved by generating Adaboost algorithm. Classifier 
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weight optimization is done by using improved particle swarm optimization 

algorithm based on range of population, thus reducing redundant weight, 

useless classifiers and evading structure resources waste and instant 

operating cost.  The overall infrastructure of DRIP-PSO-Adaboost is shown 

inFig.1. 
 

 
 

Figure 1 Infrastructure of PSO-Adaboost Based DynamicRumor Influence and 

Propagation 

 

3.1 Dataset Preprocessing 
 

 The classification methodology is applied for the gathered tweets after 

filtering inconsistent in addition to redundant elements in it. In the course of 

breaking tweets, Twitter rumours collection and non-rumours posted are 

encompassed in the dataset. Ferguson, Germanwings Crash, Ottawa Shooting 

and Sydney Siege are regarded as five breaking news in the dataset.  In the 

course of training phase more difficulty is said to persist for more irrelevant 

as well as redundant information or noisy as well as unreliable data. The 

various tasks executed in data preprocessing are specified below: 
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Stop-words removal:It confers the removal of frequent usage words 

which are pointless besides unusable for the text categorization. This mainly 

mitigates corpus size deprived of losing significant information.  

Converting to lower characters: There exist amalgamation of both 

upper and lower characters in tweets text.  The analysis is eased through 

case-insensitive comparison by conversion of data into lower case. 

Remove retweet signs and twitter username:Someone else‟s tweet is 

regarded as a retweet (RT).The RT infers the retweeting in earlier style in 

addition twitter username with „@‟ occurs before the name at message 

beginning.   

 The conventional retweeting is utilized even though twitter offers new 

authorized retweet feature excluding those clear „RT‟ besides „original 

Twitter user‟, numerous users as well as numerous twitter client applications. 

Also, comprehensive info to event is not offered by „RT‟. 

Remove whitespaces:  The leading and ending space in twitter 

statements are eliminated. 

Cleaning Special Characters and Removing Punctuations:There 

exists greater dependency on the word2vec embeddings in preprocessing 

pipeline for task classifying process. The proposed preprocessing and 

preprocessing that was utilized before twitter word embedding training must 

always coincide. The special characters in text data must be avoided  as most 

of the embeddings don‟t afford vector values for punctuations as well as 

other special chars. some of the special chars utilized in the twitter are 

specifies and replace function is involved  to evade these special chars. 

Removing hash (#) tags: A specific word(s) in the whole tweet are 

highlighted through Hash (#) tags. Also any contribution toward analyzing 

person emotions is not shared. Therefore, the analysis process is eased by 

elimination the above. 

Replace emoticons: Emoticons like “:)” and “:-)” signify a positive 

sentiment “:(” and “:-(” express negative emotion in the course of analysis. 

 

3.2SMOTE for Class Imbalance Problem 
 

 A lot of attributes are created in the above preprocessing step in which 

many of them being irrelevant with classification ad might possess 

imbalanced data also. It is regarded as integral problem in learning process 

since imbalanced class data are present in a number of different domains. 

The class-imbalanced data biasing classification is done in supporting 

majority class. Random oversampling is greatly achieved through the 

familiar approach namely Synthetic Minority Oversampling TEchnique 

(SMOTE). Nonetheless, there is no systematic investigation for its activities 

on multi-dimensional data. 

The SMOTE properties are examined in both theoretical and empirical 

aspect through simulated as well as real high-dimensional data. 
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SMOTE is regarded as an oversampling method for generating synthetic 

samples from minority class. This is greatly exploited for obtaining 

synthetically class-balanced or almost class-balanced training set, followed 

by classifier training. The linear combinations of two alike samples from 

minority class (x and xR)  confers to SMOTE samples and are distinct as 

                         , 
with 0 ≤ u ≤ 1; xR is arbitrarily picked amid 5 minority class nearest 

neighbors of x. u remains identical for all variables, nevertheless varies for 

every SMOTE sample; this selection assures that SMOTE sample lies on  

line combining two original samples used for creating it [13].  

Semi supervised clustering: It leverages side information such as pair 

wise limitations for grouping procedures guidance. Regardless of capable 

improvement, this approach manages sequential generation of side 

information which is regarded as natural setting rising in social network 

besides analysis. SSCA is used for rumor propagation process model in 

social networks [14].  

 

3.3 Proposed Methods for Rumor Identification 
 

 The feature vectors storing(derived from preprocessing step) as well as 

training samples class labelsare the main steps involved in training phase of 

algorithm. In classification phase, user-defined constant k besides an vector 

of unlabeled (test point) whose classification is done through label  

assignment which is furthermost frequent amid k training samples next to 

that query point. Each dataset is said to possess perfect classification 

technique and this might be an overstatement in data mining, consequently a 

„well- fit model‟ design is necessitated on the data basis.  

Naïve Bayes algorithm (NB):Rumor tweets are detected by this 

algorithm besides it is proficient in distinct classification. Users ought to 

possess rights for tweet any kind of communication in social network, 

whether possibly will be rumor or non-rumor; in addition here user tweets 

are contrasted with information which is previously stored in the database. 

The proper assumption on the basis of prior hypothesis as well as initial 

knowledge is attained through   Bayesian learning.  

KNN Classification: KNN plays a major role in rumor elimination and 

regarded as sort of instance-based knowledge, or lazy learning, where 

function approximation is done locally besides every computation is delayed 

till classification. Twitter database K Nearest Neighbour classification is 

done on the basis of selected number classification of k neighbours. The 

nearest neighbouring rumor classification of influencer practice profiles 

using KNN algorithm is acquired through the ensuing two approaches. 

Nearest Search Rule: The decision for nearestneighbours classification 

is done through number of class 1 (   ) compared to number of class2 (   )  
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Of all k nearest neighbours. If   >  then classification   was 1 as well as 

vice versa for conditions where   >  . 

Basic Bayesian Rule: The twitter database (TD) classification is on the 

basis of Bayes rule. With this methodology, a normal probability distribution 

function was utilized in neighbourhood of every nearest neighbours whose 

identification is assigned:  

Random Forest (RF): Let specified Twitter Dataset TD with   topics 

represented as     {(                  )}              where       ∈ F 

is an instance in m-dimensional feature space     {            } besides ∈
            notates class label related with instance       . Now,   
{    } and         may assume -1 or 1 value for Rumor and non-rumor 

representation, respectively. Assume whole RF classifier is         ; 
decision tree   is represented as     ,      {           ∈ [   ]}, where   

signifies number of decision trees in RF, Twitter topic       is input training 

sample to be classified, and            ∈   is      tag value in which  

 sigifies labeled categoriesset ,           is a output in certain value in  , as 

well as the output of the          is the mode of the estimated value of 
{           ∈ [   ]}. The RF is  utilized for testing,       is new training 

dataset  value arbitrarily produced through resampling technology in feature 

training set; there are only two kinds of labels in rumor identification, 

representing  Rumor and non-rumours. Now, Gini coefficient is nominated as 

single-decision tree partition quantitative approximate criterion, as indicated 

in formula 

          ∑  
 

 

   

 

In this equation,   denotes   users dataset besides   categories,    

denotes proportion of   Topic samples of whole TD sample.  is a sample 

space created for  training set of feature datasets during particular 

experiment. Gini coefficient signifies training model impurity. Additionally, 

decision trees splitting indices in RF is that coefficient not only reflect all 

sample  categories proportion  besides dissimilar sorts of sample proportion 

varies nonetheless might create their values meet amid     , for facilitating 

processingexamination through Gini coefficients 

Adaptive Boosting (Adaboost):It is an adaptive enrichment technique 

and a type of ensemble algorithm utilized for enhancing classification 

performance by grouping weak classifiers into single strong classifier. 

Initially, same weight assigning is done for all Twitter data           .In 

the course of the iteration process, samples weights differ with weak 

classifiers coefficient, and classifiers coefficient are estimated through error.  

Consequently, Adaboost algorithm can upsurge misclassified samples 

weight as well as reduces properly classified topics weight. In the subsequent 

iteration, misclassified topics are more focussed by the classifier. As a final 

point, entire created weak classifiers are amalgamated using linear grouping 
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for strong classifier formation. Adaboost algorithm steps [15] are as in Table 

1. 
Table 1The Algorithm Steps of Adaboost 

 

Input: Training Twitter data set    {       }, 
where         besides  ∈   {     }, and 

a weakly learning algorithm.  

Output: Result of classifier with rumor and non-

rumor outcomes.  

Initialize training Topics   weight distribution 

using Eq.(1) 

                                
 

 
     

                     (1) 

Where    is number of topics and   weight. 

For               ,   represents  number of 

weak classifiers.  

Eq.(2), find weak classifier           on top of 

the basis of weight distribution   . 

            {     }                (2)  

Compute classification error        rate of 

          on training data set following Eq.(3).  

                                   
∑    

 
                   (3)  

Compute coefficient    of           following 

Eq.(4).  

    
 

 
   

         

      
 (4)  

Update training samples weight distribution 

following Eq.(5) and (6).  

   (                               )        
   

  
   (              )                  

(5) 

where   denotes normalization factor. 

   ∑    
 
      (              )(6)  

Build a linear combination           of basic 

classifiers following Eq (7)  

         

 ∑           

 

   

 

Obtain final classifier          following 

Eq.(8). 

                            (9)  

Returnclasslabels finalresultssuch as rumor and non-rumor. 

 

Misclassified samples are focused by means of ensemble algorithm 

though Adaboost algorithm might be directly utilized for imbalanced data 

apart from minority class samples. The error is only linked to weight as well  
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as number of wrongly classified samples which is on the basis of error 

calculation formula of Adaboost weak classifier. No supplementary 

processing for minority class misclassified samples occurs; hence Adaboost 

ensemble algorithm is not well suitable for dealing out imbalanced data [24]. 

Hence PSO is utilized for additional classifier weight optimization besides 

diminishing redundant weight, useless classifiers, evading system resources 

waste as well as time overhead. 

PSO-Adaboost Algorithm: Iteration process is necessitated for 

obtaining weak classifiers coefficients, though the Adaboost algorithm ought 

to merge multiple incorrectly weak classifiers into one strong classifier. The 

redundant or useless weak classifiers generation is unavoidable which 

possess larger weights as these coefficients cannot be changed later.  As a 

result, the classifiers readability is greatly affected as well system overhead is 

increased. PSO algorithm is greatly exploited in this research to mitigate 

these shortcomings through weight optimization of Adaboost classifiers. This 

algorithm makes large weights assignment to misclassified classifiers with 

high accuracy, and small weights to useless weak classifiers, further 

enhancing performance as well as Adaboost classifier readability.  

 PSO is regarded as an optimization algorithm with minimum parameters 

besides rapid convergence. An ensemble type of algorithm by PSO based 

optimizing Adaboost (PSO-Adaboost) is greatly utilized in this research. Re-

initialization is performed as soon as it falls into in local optimum for further 

optimization of Adaboost weak classifiers coefficient weights. Also, 

Adaboost error function is to be utilized as the fitness function, besides 

implementing typical PSO algorithm for Adaboost weak classifiers weights.  

The retaining of optimal particle is done along with re-initialization of 

position and velocity of other particles, when optimal particle does not vary 

for ten consecutive iterations. The iteration process continues till the 

configured number of iterations is attained. The best particle does not vary in 

manifold iterations, and more probable belong to local optimum. By re-

initialization, particle search range is enlarged, besides population diversity is 

improved. Simultaneously, optimal particle is recalled in the course of re-

initialization for evading population the optimal solution loss. The PSOPD-

Adaboost-A ensemble algorithm is elucidated below:  

Step 1: Follow Adaboost algorithm procedure for generating several ( ) 

weak classifiers, besides weak classifiers coefficients    are expressed 

following Eq.(11).  

                                 (11) 

Where     characterizes  th weak classifier weight coefficient.  

Step 2: Fix the size of population to   andinitialize position arbitrarily and 

each particle velocity (data set of twitter) topic following Eq.(12) and (13).  

                       (12) 

                                          (13) 

Where vector   signifies particle i position  

vector    signifies particle   flight speed 
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Step 3:Utilize each particle position component as Adaboost weak 

classifierweight coefficient . As Equation (14) reveals, error rate       of 

Adaboostwhich is computed using Eq.(3) as each particlefitness value  . 

Step 4: For every particle, fitness value created by all the iterations 

contrasted with optimal position fitness value approved by particle. If fitness 

value is larger than optimal position fitness value, current position is kept 

back as optimal location passed through particle, recorded as    .  
Step 5: For every particle, fitness value created by all the  iteration is 

contrasted with optimal position   fitness value passed by all particles. If 

fitness value is larger than optimal position fitness value of all particles, 

current position is considered as global optimal location, recorded as       .  

 

 
Figure 2 theFlow Diagram of PSO-AdaboostAlgorithm 
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Step 6: Update particle position and velocity  in the subsequent iteration on 

the basis of  Eq.(14) and (15).  

   
        

            (        
 )            (        

 )

 (14) 

   
       

     
          (15) 

Where  notates inertia weight, c1, c2, two positive constant, are the 

acceleration factors,    
    represents nth-dimensional velocity component 

generated by (k+1)th iteration of ith particle, and    denotes current position 

of particles,   
    signifies nth-dimensional position component created by 

(k+1)th iteration of the ith particle.  

Step 7: When utmost number of iterations is attained or error is little enough, 

iteration halts.  

Step 8: Or else, check the optimal particle remains unaffected for number of 

consecutive times. 

Step 9: Once the threshold value reached (10 is used in our configuration), 

optimal particle is retained, and reinitialize the position and velocity of other 

particles. 

Step 10:when it obtains lesser than threshold, no action is performed. Then 

go on with to execute steps 4–6. The pseudo code PSO-Adaboost is specified 

in Table 2 and flow diagram is illustrated in Fig.2. 
 

Table 2 The Pseudo Code of PSO-Adaboost 

 

Adaboost Model has been set. 

Initialize particles population. 

Tree = 1 

T = Maximum Iterations/ No.of Trees. 

while Tree = T or required fitness is not reached  

Initialize Adaboost weight from PSO. 

do  

Estimate fitness of each particle   update weight if 

current fitness is better than previously det 

determinedWeight from the neighbours 

for each particle   
do 
Compute velocity and update particle. 

Compute PSO  fitness 

update the best global solution  

end for  

 Tree = Tree + 1 

end while; 
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4 Experimental Results and Discussion 
 

In accordance with statistics, the F-measure has considered being the 

most prominent measurement of the system that evaluates the performance 

within predicted and actual classes in machine learning approach by means 

of precision and recall. During this study, the F-measure plays a vital role in 

measuring the ratio within the actual value and the algorithm-driven value 

(detected and predicted by the algorithm), whereas the F-measure value has 

estimated by the confusion matrix. Being the bias metrics, the classification 

parameters, such as Confusion Matrix, Accuracy, Precision, Recall and F-

Measure have considered for performance assessment of three classifiers. At 

this point, a positive class has designated as rumor, whereas negative class 

has assigned as non-rumors. Based on this criterion, the definition of P, N, 

TP, TN, FP, and FN are given below: 

  Positives (P): number of samples influences of rumor. 

  Negatives (N): number of samples influences of non-rumors. 

  True positives (TP): number of samples predicted as rumor and the 

actual output is rumor. 

  True negatives (TN): number of samples predicted as non-rumors and the 

actual output is non rumor. 

   False positives (FP): number of samples predicted as rumor but the 

actual output is non-rumors     False negatives (FN): 

number of samples predicted as non rumor but the actual output is rumor. 

Besides, rumor influence detection has carried out through exploiting three 

modern classifiers, namely K-NN classifier, naïve Bayes classifier, random 

forest, Adaboost and PSO-Adaboost. Being a common method, the 

oversampling approach has applied for dealing with class imbalance, prior to 

data fed into classifier. However, the extremely imbalanced feature of the 

dataset decays the classifier‟s performance. 

 

4.1 Class Imbalance Results 
 

At the instance of imbalanced datasets, Machine Learning algorithms 

generate inadequate classifiers. Aforeoffering data as input to machine 

learning algorithms, classification algorithms enhancement or balancing 

classes in the training data (i.e. data pre-processing) helps to tackle 

imbalanced datasets. Here, KNN, Naïve Bayes, Random Forest, Adaboost 

and PSO-Adaboost have considered being machine learning algorithms to be 

utilized. Fig. 3 to 5 demonstrate the outcomes derived by various machine 

learning approaches. 

For Charlie Hebdo dataset, Fig. 3 and table 3 represents the outcomes of 

class imbalance, in which proposed PSO-Adaboost proves to be efficient to  
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attain 88.83% of accuracy, 63.73% of precision, 75.00% of recall, and 

68.91% of F-measure. 

 
Table 3 Performance comparison Result of Class imbalance dataset for Charlie 

Hebdo 

Class 

imbalanced 

Accuracy Precision  Recall F-measure 

Naïve bayes 75.90% 45.88% 73.58% 56.52% 

KNN 83.94% 93.33% 26.41% 41.17% 

Random forest 81.12% 63.63% 26.41% 37.33% 

Boosting 83.94% 65.85% 50.94% 57.45% 

PSO_adaboost 88.83% 63.73% 75.00% 68.91% 

 

 

 
 

Figure 3Result of Class Imbalance Dataset for Charlie Hebdo 

 

For the dataset of Ferguson, Fig. 4 and table 4 indicates the results of 

class imbalance. On Ferguson test sets, the PSO-Adaboost proves to be 

proficient to obtain 88.04% of accuracy, 62.99% of precision, 85.92% of 

recall, and 72.69%.of F-measure. 

 
Table 4 Performance comparison Result of Class imbalance dataset for Ferguson 

 

Class 

imbalanced 

Accuracy Precision  Recall F-measure 

Naïve bayes 80.94% 69.84% 56.41% 62.41% 

KNN 78.00% 84.00% 26.93% 40.77% 

Random forest 83.09% 84.44% 48.72% 61.79% 

Boosting 81.65% 72.13% 56.41% 63.31% 

PSO_adaboost 88.04% 62.99% 85.92% 72.69% 
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Figure 4Result of Class Imbalance Dataset for Ferguson 

 

For the dataset, called Germanwings, Fig. 5 and table 5  illustrates the 

results of class imbalance, where the PSO-Adaboost proves to be capable to 

deliver 72.35% of accuracy, 53.72% of precision, 79.27% of recall, and 

64.04 of F-measure. 
 

Table 5 Performance comparison Result of Class imbalance dataset for German 

Wings 

Class 

imbalanced 

Accuracy Precision  Recall F-measure 

Naïve bayes 60.61% 57.59% 50.00% 53.57% 

KNN 45.45% 43.18% 63.33% 51.35% 

Random forest 66.67% 68.18% 50.00% 57.69% 

Boosting 62.12% 58.62% 56.67% 57.63% 

PSO_adaboost 72.35% 53.72% 79.27% 64.04% 

 

 

 
Figure 5 Result of Class Imbalance Dataset for German wings Crash 
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Fig. 6 and table 6 compares the results of class imbalance for the dataset 

of ottawashooting, in which the PSO-Adaboost demonstrates its efficiency to 

secure 85.08% of accuracy, 80.07% of precision, 91.46% of recall, and 

84.63% of F-measure. 

 
Table 6 Performance comparison Result of Class imbalance dataset for Ottawa 

Shooting 

Class 

imbalanced 

Accuracy Precision  Recall F-measure 

Naïve bayes 80.00% 97.78% 63.77% 77.19% 

KNN 77.69% 100.00% 57.97% 73.39% 

Random forest 80.00% 82.09% 79.71% 80.88% 

Boosting 78.46% 81.54% 76.81% 79.10% 

PSO_adaboost 85.08% 80.07% 91.46% 85.39% 

 

 

 
 

Figure 6 Results for Class Imbalance Dataset of Ottawa Shooting 

 

For sydneysiege dataset, Fig. 7 and table 7 compares the results of class 

imbalance, where the PSO-Adaboost proves to be capable to procure 76.66% 

of accuracy, 61.66% of precision, 72.90% of recall, and 66.81%. Of F-

measure. 
 

 

Table 7 Performance comparison Result of Class imbalance dataset for Sydney 

Siege 

Class 

imbalanced 

Accuracy Precision  Recall F-measure 

Naïve bayes 74.70% 67.35% 55.93% 61.11% 

KNN 73.49% 71.43% 42.37% 53.19% 

Random forest 76.51% 64.29% 76.27% 69.77% 

Boosting 75.90% 65.57% 67.80% 66.67% 

PSO_adaboost 76.66% 61.66% 72.90% 66.81% 
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Figure 7Result for Class Imbalance Dataset of Sydney siege 

 

In Fig. 8 and table 8, the overall outcomes of the class imbalanced 

dataset have amalgamated that depict the higher efficiency of the PSO-

Adaboost. Besides it surpasses all other methods, like naïve bayes, KNN, 

random forest and boosting, since the accuracy, precision, recall and F-

measure of PSO-Adaboost are comparatively high, excluding the precision 

rate. Because, the  

PSO may easily get trapped into local optimum, besides its highly sensitive 

nature leads to high imbalance, which reduces the precision rate. 
Table 8 consolidated Result of Class imbalance dataset  

 

Class 

imbalanced 

Accuracy Precision  Recall F-measure 

Naïve bayes 80.07% 69.52% 66.31% 67.88% 
KNN 78.94% 87.40% 39.36% 54.28% 
Random forest 83.33% 81.90% 60.99% 69.22% 
Boosting 82.77% 81.77% 58.87% 68.45% 
PSO_adaboost 82.48% 63.20% 77.87% 69.78% 

 

 
 

Figure 8 Consolidated Results for Class Imbalance 
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4.2 Class Balanced Results with Discussion 
 

Table 9 Performance comparison Result of Class balance dataset for Charlie Hebdo 

 

Class 

imbalanced 

Accuracy Precision  Recall F-measure 

Naïve bayes 75.69% 86.58% 62.62% 72.68% 

KNN 68.67% 64.52% 87.38% 74.23% 

Random forest 86.22% 87.94% 84.95% 86.42% 

Boosting 85.21% 87.69% 83.01% 85.29% 

PSO_adaboost 91.72% 91.15% 92.08% 91.61% 

 

 

 
 

Figure 9 Result for Class Balanced Dataset of Charlie Hebdo 

 

For Charlie Hebdo dataset, Fig. 9 and table 9 depicts the results of class 

imbalance, where the PSO-Adaboost proves to be capable to secure 91.72% 

of accuracy, 91.15% of precision, 92.08% of recall, and 91.61% of F-

measure, which are superior to other methods. Remaining methods, for 

instance KNN, Naïve Bayes, Random Forest and boosting attain lower 

performance results, among which the result of KNN is slightly higher. It 

signifies the detection of rumor influence is simpler, since the data needs to 

be tested has slightly changed from template data, which concludes 

appropriateness of proposed PSO-Adaboost model to be utilized for rumor 

identification. 

On ferguson dataset, Fig. 10 and table 10  compares the results obtained 

by the classifiers, like KNN, Naïve Bayes, Random Forest, Adaboost and 

PSO-Adaboos, where the PSO-Adaboost proves to be efficient to secure 

86.96% of accuracy, 80.64% of precision, 92.03% of recall, and 85.96% Of 
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F-measure values. The results conclude the proficiency of the proposed 

approach to handle large amounts of data. 

 
Table 10 Performance comparison Result of Class balance dataset for Ferguson 

 

Class 

imbalanced 

Accuracy Precision  Recall F-measure 

Naïve bayes 71.67% 86.57% 53.95% 66.48% 

KNN 82.81% 95.57% 70.23% 80.97% 

Random forest 83.78% 87.37% 80.47% 83.78% 

Boosting 81.11% 83.74% 79.07% 81.34% 

PSO_adaboost 86.96% 80.64% 92.03% 85.96% 

 

 

 

 
 

Figure 10 Result for Class balanced Dataset of Ferguson Dataset 

 

On Germanwings dataset, Fig. 11  and table 11 compares the results 

obtained by the classifiers, like KNN, Naïve Bayes, Random Forest, 

Adaboost and PSO-Adaboos, in which the PSO-Adaboost proves to be 

capable to secure 72.73% of accuracy, 71.13% of precision, 73.19% of recall, 

and 72.14 of F-measure values.  

 
Table 11 Performance comparison Result of Class balance dataset for German 

Wings 

Class 

imbalanced 

Accuracy Precision  Recall F-measure 

Naïve bayes 63.89% 73.91% 45.95% 56.67% 

KNN 62.50% 59.26% 86.49% 70.33% 

Random forest 69.44% 74.19% 62.16% 67.65% 

Boosting 70.83% 73.53% 67.57% 70.42% 

PSO_adaboost 72.73% 71.13% 73.19% 72.14% 
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Figure 11Result for Class Balanced Dataset of German Wings 

 

For ottawashooting dataset, Fig. 12 and table 12 compares classifiers 

results, like KNN, Naïve Bayes, Random Forest, Adaboost and PSO-

Adaboos, in which the PSO-Adaboost proves to be efficient to deliver 

86.96% of accuracy, 80.64% of precision, 92.03% of recall, and 85.96% of 

F-measure. Concurrent to the increasing size of test set, the results of PSO-

Adaboost increase rapidly, whereas the remaining approaches solely obtain 

the lower accuracy, precision, recall and F-measure values. 

 
Table 12 Performance comparison Result of Class balance dataset for Ottawa 

Shooting 

Class 

imbalanced 

Accuracy Precision  Recall F-measure 

Naïve bayes 77.14% 93.02% 57.97% 71.43% 

KNN 77.86% 97.50% 56.52% 71.56% 

Random forest 82.86% 92.45% 71.01% 80.33% 

Boosting 81.43% 85.25% 75.36% 80.00% 

PSO_adaboost 86.25% 78.65% 92.86% 85.16% 

 

 

 
 

Figure 12 Result for Class Balanced Dataset of Ottawa shooting 
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For sydneysiege dataset, Fig. 13 and table 13  compares the results of the 

classifiers, like KNN, Naïve Bayes, Random Forest, Adaboost and PSO-

Adaboos, in which the PSO-Adaboost proves to be proficient to procure 

82.97% of accuracy, 82.13% of precision, 83.54% of recall, and 82.83% of 

F-measure. Concurrent to the increasing size of test set, the results of PSO-

Adaboost increase rapidly, whereas the remaining approaches solely obtain 

the lower accuracy, precision, recall and F-measure values.  

 
Table 13 Performance comparison Result of Class balance dataset for Sydney Siege 

 

Class 

imbalanced 

Accuracy Precision  Recall F-measure 

Naïve bayes 75.48% 79.12% 69.23% 73.85% 

KNN 79.81% 81.63% 76.92% 79.21% 

Random forest 72.60% 73.27% 71.15% 72.20% 

Boosting 76.92% 76.92% 76.92% 76.92% 

PSO_adaboost 82.97% 82.13% 83.54% 82.83% 

 

 

 
 

Figure 13 Result for Class Balanced Dataset of Sydneysiege 

 

Fig. 14 and table 14 consolidates the overall outcomes of the class 

imbalanced dataset that depict the higher efficiency of the PSO-Adaboost. 

Besides, it surpasses all other methods, like naïve bayes, KNN, random forest 

and boosting, since the 82.97% of accuracy, 82.13% of precision, 83.54% of 

recall and 82.83% of F-measure values attained by the PSO-Adaboost are 

comparatively high, excluding the precision rate. Because, the PSO may 

easily get trapped into local optimum, besides training of boosting ensemble 

classifier is slightly lengthy and computationally expensive, hence reduce 
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the precision rate and f-measure value. 

 
Table 14 Performance comparison Result of Consolidated result for Class balance 

 

Class 

imbalanced 

Accuracy Precision  Recall F-measure 

Naïve bayes 73.61% 82.19% 58.74% 68.51% 

KNN 88.55% 92.31% 83.53% 87.70% 

Random forest 85.73% 83.90% 87.61% 85.71% 

Boosting 76.92% 76.92% 76.92% 76.92% 

PSO_adaboost 82.97% 82.13% 83.54% 82.83% 

 

 
 

Figure 14Consolidated Result for Class Balance 

 

 

5 Conclusion 
 

Throughout this study, a model named PSO-Adaboost has proposed for 

rumor detection besides rumors minimization over Twitter social network, 

which is also able to optimize the weak classifiers‟ weight. For the rumor 

propagation, SSCA has employed to carry out the feature extraction and 

clustering processes in accordance with five dataset. The KNN, Naïve Bayes, 

Random Forest, Adaboost and PSO-Adaboost classification methods have 

taken to account to process the rumor detection. Empirical findings on both 

topics depict the efficiency of PSO-Adaboo method to secure 82.97% of 

accuracy for class balanced dataset, and 82.48% of accuracy for class 

imbalanced dataset, which are superior to existing classifiers, like KNN, 

Naïve Bayes, Random Forest and Adaboost for this task. Though the novel 

PSO approach was higlyproficient than comprehensiveAdaBoost method in 

terms of object detection and classification, it takes slightly longer time for 

training. In future, more effective ways need to be explored. 
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