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Abstract: Recent research activities related to opinion mining, 

sentiment analysis and emotion detection from natural language 
texts are all under the umbrella of affective computation. There is 
now a huge amount of textual information on social media (for 
example, forums, blogs, and social media) about consumers' ideas 
about buying products and service experiences. Sentiment 
analysis or opinion mining is part of an investigation that 
analyzes people's thoughts and feelings from written text available 
online. In this paper, this work present a comprehensive 
experiment to evaluate the effectiveness of psychological and 
linguistic features in emotion classification. In this scheme, we 
used five broad categories of LIWC (namely, psychological 
processes, linguistic processes, punctuation, spoken categories 
and personal concerns) as feature sets. Five types of LIWCs and 
their group combinations were considered in the experimental 
analysis. To understand the predictive performance of various 
aspects of the engineering scheme, five controlled learning 
algorithms (namely, Naïve Bayes, support vector machines, 
Extreme Learning Machine, Kernel Extreme Learning Machine, 
Multi Kernel Extreme Learning Machine) and proposed Multi 
Kernel Improved Extreme Learning Machine (MKIELM) are 
used. Experimental results show that the ensemble feature sets 
provides a higher predictive effect than the individual set.. 
 

Keywords: Natural Language Processing (NLP), Emotion 
Recognition, social media analysis, Sentiment Analysis, 
psychological feature sets, Twitter, ELM and MKIELM.  

I. INTRODUCTION 

 The huge amount of information that can be obtained with 
the significant growth of social media and micro blogging 
platforms can be an important source of decision-making for 
products, services and policies [1-2]. Twitter is a popular and 
fast-growing platform where people can send short messages 
(referred to as tweets) in a limit of 140. 
 Twitter enables users to communicate effectively. 
User-generated content on Twitter provides a useful source of 
information for researchers and practitioners [3]. Information 
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received from Twitter can serve as an important source of 
information for a wide range of applications, including event 
detection, epidemiology, news and crisis management [4-6]. 
Emotional analysis is an important area of research in natural 
language processing that aims to determine the direction of 
Emotion in material objects. Emotional analysis can be used 
to obtain information about new products and services. It can 
be further applied to identify the positive and negative aspects 
of a particular product or service [7]. Emotional analysis 
methods can be divided into two groups: the acoustic-based 
approach and the machine-based approach. 
 In addition, emotional analysis can be performed in 
different ways, depending on the level of detail. Depending on 
the level of detail, sentiment analysis methods are grouped 
into three categories: sentiment analysis at the file level, 
sentence level and view [8]. Emotional analysis can be 
modeled as problems with text classification. In machine 
learning-based emotion analysis, managed classification 
algorithms (such as the Naive Bayes algorithm, support vector 
machines, k-nearest neighbor algorithm and logistic 
regression) can be used to target emotion.  
 Machine learning sentiment analysis schemes include 
pre-processing of data, extracting functions, and selecting and 
training classification algorithms that are controlled with 
labeled datasets. In order to obtain a scheme of high 
predictive classification efficiency, the extraction of traits is a 
necessary task [9]. LIWC (Language Investigation and Word 
Counting) is a research program for text analysis to extract 
psychometric features from text documents. Characteristics 
related to psychological, linguistic, social, and cultural 
aspects may be important for emotional analysis [10]. To this 
end, we present a psychological approach to the analysis of 
emotions on Twitter. In this document, we used five major 
LIWC categories (namely, linguistic processes, psychological 
processes, personal concerns, spoken categories and 
punctuation) as feature sets. Five types of LIWCs and their 
group combinations were considered in the experimental 
analysis. To investigate the anticipation of the different 
functions that constitute the scheme of work, this introduces 
the CSCNNN classification method.  
 The rest of the article is organized as follows. Section 2 
presents the work related to emotional analysis. Section 3 
presents the methodology of the study and Section 4 presents 
the experimental procedures and the actual results. Section 5 
describes concluding remarks. 
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II.  RELATED WORK 

In recent years, several proposals have presented studies 
based on two main methods of polarization:  Semantic 
Orientation and Machine learning. The Semantic Orientation 
method (SO) uses lexical resources such as acoustics that are 
automatically generated or semi-automated [13], [14], [15].  
These lexicons extend the featured WordNet database. Two 
obvious examples of this lexicons are WordNet-Affect [14] 
and SentiWordNet [13]. Many suggestions based on 
sentimental encyclopedias have been featured in the 
literature. For example, in [16], an acoustic approach was 
proposed to extract emotions from the text. The method is 
based on The Semantic Orientation CALculator (SO-CAL), 
that uses the dictionaries of words annotated with their 
semantic orientation (polarity and strength), and includes both 
reinforcement and negative. [[12] proposed an innovative 
approach that uses new web solutions to enhance the results 
obtained with traditional language processing techniques and 
website sentiment and technological analysis processes. 
Specifically, the proposed method is based on three steps: 1) 
an ontology based mechanism for feature identification, 2) a 
technique to assign a polarity to each feature based on 
SentiWordNet and 3) a new approach for opinion mining 
based on vector analysis. [17] presented a principle-based 
method for determining the specificity of sentence comments. 
SentiWordNet was used to calculate the total emotional score 
of each sentence. Moreover, the results suggest that 
SentiWordNet can be used as an important resource for 
emotion classification tasks. Most opinion polls are related to 
English. In fact, the major drawback of the sentiment-based 
approach is the lack of sentimental vocabulary in non-English 
languages, which makes it difficult to apply in other 
languages. 
 Despite the numbers mentioned above, there are some 
interesting works that provide a focused encyclopedia for 
languages such as Spanish [15], [18] German [19], Dutch [20] 
and Arabic [21]. In addition, due to the limitations mentioned 
above, some proposals use alternative methods. The first 
alternative approach uses a number of lexical resources to 
analyze WordNet-based emotions (independent of target 
language such as English) together with lexical databases 
based on WordNet and specific for target or multilingual 
languages [22]. The second alternative method uses a 
different emotional glossary than the target language. 
Therefore, automatic hull translation is performed before the 
polarization phase. However, this method depends on the 
availability and reliability of the available automated 
translator [23] [24].  On the other hand, there are a number 
of suggestions [25] [26] [27] [28] based on psychoanalysis 
tools such as lava, a tool that provides vocabulary in several 
languages: Spanish, English, French and German, among 
others. . These suggestions form a framework based on two 
dynamic orientations (“positive emotion” and “negative 

emotion”) of 76 categories of LIWC. These categories 

include terms such as love, good, good, bad, bad, bad, bad, 
and worse. The LIWC dictionary has been used in a variety of 
studies, including languages such as English [25], [27], [28], 
Portuguese [26] and Spanish [29]. In addition, with regard to 
machine learning methods, it is worth noting that this method 
often relies on the assigned classification method.  These 

methods use data collection to train classifier algorithms. 
Machine learning techniques commonly used in the sentiment 
polarity classification are Support Vector Machine (SVN), 
Naive Bayes (NB), Maximum Entropy (MaxEnt), among 
others. For example, in [30] they compared three controlled 
machine learning methods (Naïve Bayes, SVM and the 
character based N-gram model) for emotion classification. 
This comparison is made on user reviews obtained from travel 
blogs. The authors conclude that a well-trained machine 
learning algorithm can provide a good idea of the sentiment 
polarity classification on the travel domain. [31] examined 
whether different settings (n-gram size, corpus size, number 
of sentiment classes, balanced vs. unbalanced corpus, various 
domains) affect the accuracy of machine learning algorithms. 
Naïve Bayes, Decision Tree, and Support Vector Machines 
were considered. 
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III. PROPOSED APPROACH 

This section describes the process of collecting data sets, 
processes the engineering schemas for displaying datasets, 
classification algorithms, and combines the training methods 
used in experimental analysis. The outline of our proposed 
work is shown in Figure 1. The proposed work consists of 
four modules. They are 

1. Dataset Collection 
2. Data Preprocessing 
3. Feature Extraction 
4. Sentiment Analysis Model 

Generation. 
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Fig. 1. Outline of the Proposed Work 

A. Dataset Collection 

 To assess the predictive performance of the psychosocial 
and linguistic features of emotion analysis, we analyzed 
Twitter posts that contained positive, negative, and neutral 
emotions. In compiling the database, we adopted the 
framework presented in [11]. We used Twitter4J, an open 
source Java library, to use Twitter Streaming API, to collect 
tweets. Each tweet is labeled by a class of labels, either 
positive, negative or neutral. After collecting tweets, 
automatic filtering is performed to remove inappropriate and 
unnecessary tweets (copy and duplicate). So we got a 
collection of 6,218 negative, 4891 positive and 4252 tweets. 
To achieve a balanced corpus, our final dataset contains 4,200 
tweets of negative tweets and 4,200 positive tweets. 

B. Preprocessing 

 Due to the precarious and informal nature of Twitter posts, 
pre-tweeting is necessary to eliminate specific issues (such as 
unnecessary repetition and text abuses) [12]. In the 
pre-treatment phase, we adopted the framework presented in 
[32]. The pre-processing phase is primarily aimed at 
eliminating unnecessary symbols or sequences that are not 
valuable for emotion classification. To this end, the 
following tasks are performed for each tweet [32]: 
• Exclude mentions and replies from other users' tweets, 

represented by a string that begins with "@". 
• Eliminating URLs (such as strings with "http: //"). 
• Eliminate the "#" character 

C. Feature Extraction 

 After the database has been processed, the next step is to 
create a feature matrix. Before feature extraction, tokens are 
first applied to pre-processed data. Tokenization is simply the 
process of dividing a sentence into words. Then stop. Stop 
words a frequently used word and is so common that they lose 
their semantic meaning. Words like “of, are, the, it, is” are just 

a few examples of the word stop. There are two common 
methods of removing words, and both are clear.  
 One way is to count all event words and assign a numeric 
value for the number and get rid of any terms/words that occur 
more than the specified value. Another way is to have a 
predefined word break list that can be drawn from a short list 
of stop words, which can be removed from the list of 

tokens/tokenized sentences. n our work, we have 
implemented both methods to remove stop words. 
 Finally, the process of stemming is continued. The purpose 
of is to reduce the reflective form and sometimes relate the 
derivative of the word to a common basic form. Stemming is 
easy way to reduce conditions to their roots, just set a rule for 
cutting some characters at the end of a word and hope they get 
the best of them. And then the features of the matrix are 
created.  
 In this section, we examine different psychological sets of 
emotional analysis. In this scheme, we used LIWC (linguistic 
investigation and word counting) to extract psychometric 
features from the dataset. LIWC has been successfully used in 
many areas of the language, including the identification of 
ambiguities and satirical findings [33, 34]. LIWC is a textual 
analysis program for identifying emotional, cognitive, and 
structural aspects of speech and speech patterns. The first 
version of the LIWC was launched in 1993 and the last 
version was released in 2015 [35]. 
 The LIWC dictionary contains approximately 6400 words, 
words, and emoticons. Each dictionary entry contains one or 
more types of words or hyphens. For a particular word that 
occurs in the text, ratings for each category or dictionary are 
increased. This category can be categorized into five major 
categories: psychological processes, linguistic processes, 
punctuation, spoken categories and personal concerns. In 
Table 1, main LIWC sets and categories are listed. 

Table I. Main liwc sets and categories 

 
 As can be seen from the categories listed in Table 1, 
language processing includes grammatical information such 
as word count, pronouns, personal pronouns, articles, 
prepositions and auxiliary verbs. Psychological processes 
include psychological information such as affective, positive, 
and negative emotions. Personal concerns include 
information such as work, entertainment, home and money. 
Speech types include information about spoken languages.  
Finally, punctuation sets include punctuation marks such as 
punctuation marks, punctuation marks, question marks, 
dashes, exclamation points. Based on the five key LIWC 
features listed above, the target word or phrase is searched 
through the LIWC dictionary. Each word is assigned to one or 
more subdirectories. 

https://gist.github.com/sebleier/554280
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D.  Sentiment Analysis Model Generation 

 To build a high-efficiency Sentiment Analysis model by 
Multi kernal Improved Extreme Learning Machine 
(MKIELM).  ELM has the advantage of fast training speed 
and high generalization performance, but ELM also has the 
disadvantage of bad robustness. To solve this problem the 
kernel method is combined with extreme learning machine 
and produce forward extreme learning machine with kernel. 
This method is called Kernel Extreme Learning Machine with 
Kernel(KELM). 

Extreme Learning Machine with Kernel 

In KELM, the outputs of the hidden layer of ELM can be 
regarded as the nonlinear mapping of samples. When the 
mapping is an unknown, we can construct the kernel function 

instead of  

=   

h(x)  =        (1) 

The most popular kernel of KELM in use is the Gaussian 

kernel K( , ) = exp(−‖ − ‖/ ), where  is the kernel 

parameter. Thus, the output weight matrix OV in KELM can 
be expressed as (4.13) and the Classification of formula of 
KELM can be expressed as (4.14): 

    (2) 

f(x) = h(x)  =     

(3) 
where C is a scale parameter which adjusts experiential risk 
and structural risk. Even though KELM has shown promising 
results because it chooses weights and biases of hidden nodes 
efficiently and obtains the output weights and biases 
analytically. In most cases, KELM is fast and presents good 
generalization, but the stability and generalization 
performance still can be improved. So instead of gaussian 
kernel, Bayesian “sum of kernels” model is introduced in 
KELM and named as Extreme Learning Machine with 
Multiple Kernels (MK-ELM).  

Extreme Learning Machine with Multiple Kernels 
(MK-ELM) 

 In this method, the kernel function is represented by a 
weighted sum of kernel functions, which is constructed by a 
prior knowledge. The “sum-of-kernels” model explores the 

additive effects through the linear combination of the 
different generating functions. The goals using the Bayesian 
methods are obtaining a sparse representation with few 
kernels in the sum, and getting good kernel functions for 
regression and classification problems. This method 
optimizes the kernel function using a weighted sum of kernel 
functions by a prior knowledge. MK-ELM can be 
summarized in below algorithm 

MK-ELM Algorithm 

Input: Given a training set, a validation data, a set of kernel 
functions, the number of hidden nodes.  
Training phase:  
Step 1: Randomly assign the weights of input layer and the 
biases of output layer . Step 2: Randomly generate the initial 
parameter for the kernel function.  
Step 3: For k=1,2......L 
a) Calculate the hidden layer output matrix using the initial 
kernels. 
 b) Calculate the output weight  
c) Calculate the error function using the network. And apply 
empirical Bayesian to approximate the marginal. Then update 
the parameter estimation of the kernel function.  
Step 4: Using the Multiple Kernels to train Extreme Learning 
Machine. 

Multi Kernel Improved ELM  

 Even though MK-ELM works better than KELM and 
ELM, it sums all of the kernel and produce weighted sum 
value. But the existing analysis proved that the improved 
learning produces very satisfactory result in classification 
approach. So this work introduce the improved learning in 
MK-KLM by not doing additive process of multiple kernel. 
Instead of adding the kernel use all the kernels separately in 
classification process. Finally the all the classification values 
are fused by AVG fusion approach to produce the Deep 
classification. So in Multi kernel Improved ELM the gaussian 
kernel,  Bayesian kernel, Laplican kernel, Gaussian Radial 
Basis kernel and polynomial  kernel are used separately and 
then multiple kernel ELM approach is proceeded to classify 
the features value. Finally all the classified values are fused by 
applying the average function to produce the final classified 
result. This approach produce high value because using 
improved learning. 

Multi Kernel Improved ELM Algorithm 

Input: Given a training set, a validation data, a set of kernel 
functions, the number of hidden nodes.  
Training phase:  
Step 1: Randomly assign the weights of input layer and the 
biases of output layer .  
Step 2: Randomly generate the initial parameter for the kernel 
function.  
Step 3: For k=1,2......L 
a) Calculate the hidden layer output matrix using the initial 
kernels. 
 b) Calculate the output weight  
c) Calculate the error function using the network. And apply 
five kernel function separately  to approximate the marginal.  
Then update the parameter estimation of the kernel function.  
Step 4: Using the Multiple Kernels to train Extreme Learning 
Machine. 
Step 5: Apply average fusion approach to fuse all the 
classification value. 
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IV. RESULT AND ANALYSIS 

A. Efficiency Parameters  

To assess the efficiency of the proposed ontology 
constructing process, several efficiency metrics are available. 
This paper employs the Detection Accuracy, Precision Rate, 
Recall Rate, Sensitivity, Specificity, F-Measure and Error 
Rate to analyses the efficiency. 

Detection Accuracy 

Detection Accuracy is the measurement system, which 
measure the degree of closeness of measurement between the 
original labeled texts and the correctly labeled texts  

  (4.1) 

Where, TP – True Positive 
FN – False Negative  
TN – True Negative  
FP – False Positive 

Error Rate 

Error Rate is the measurement system, which measure no of 
falsely recognised characters form the given input character 
images. 

  

(4.2) 

Precision Rate 

The precision is the fraction of retrieved instances that are 
relevant to the find. 

  (4.3) 

Where, TP – True Positive  
FP – False Positive  

Recall Rate 

The recall is the fraction of relevant instances that are 
retrieved according to the input image. 

   (3.3.4) 

Where, TP – True  
FN – False Negative  

Sensitivity 

Sensitivity also called the true positive rate or the recall rate in 
some field’s measures the proportion of actual positives. 

 
where, TP – True Positive (equivalent with hit) 
FN – False Negative (equivalent with miss) 

Specificity 

     Specificity measures the proportion of negatives which are 
correctly identified such as the percentage.  

 
where, TN – True Negative (equivalent with correct 
rejection) 
FP – False Positive (equivalent with false alarm) 

F-Measure 

F-measure is the ratio of product of precision and recall to the 
sum of precision and recall. The f-measure can be calculated 
as, 

 

Experiment No #1 : Accuracy Analysis of  Proposed 
Sentiment Analysis Model  

 In this experiment, we will assess the contribution of each 
classifier approaches which are employed in the work. To 
assess the efficiency of this sentiment analysis scheme, the 
Detection Accuracy, Precision Rate, Recall Rate, Sensitivity, 
Specificity, F-Measure and Error Rate measures are 
employed. It is shown in equation 4,5,6 and 7 
correspondingly. Ideally, a excellent feature retrieval scheme 
is accepted to have a high Accuracy, Precision Rate, Recall 
Rate, Sensitivity, Specificity, F-Measure value. Table 1 lists 
the accuracy analysis  of  IDCNN.  

Table 1: Detection Accuracy Analysis of Proposed 
Sentiment Analysis Model 

 
      

Classifi
er 

      

Metrics NB SVM ELM KELM MKELM MKIELM 

 
LF 

77.3
4 

76.72 72.29 72.79 91.11 93.21 

 
PF 

83.
75 

81.8
5 

79.9
5 

80.98 92.24 92.92 

PCF 
84.6

6 
82.76 80.86 81.89 93.15 93.83 

SCF 
82.7

4 
80.84 78.94 79.97 91.23 91.91 

All 
85.1

1 
83.13 81.38 83.03 94.23 97.23 

 
As observed from Table 1, the Accuracy of the MKIELM in 
range 93-97, which is superior than other methods. So the 
MKIELM classifier is considered to be the  best for  sentiment 
analysis. Fig.8 depicted the Detection Accuracy of classifier 
approaches.  
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As observed from above figure, the Accuracy of the 
MKIELM in range 93-97, which is superior than other 
method. So the MKIELM classifier are best for sentiment 
analysis. 

Experiment No #2 : Precision Rate Analysis of  Proposed 
Sentiment Analysis Model  

 In this experiment, we will assess the contribution of each 
classifier approaches which are employed in the work. To 
assess the efficiency of this sentiment analysis scheme, the 
Detection Accuracy, Precision Rate, Recall Rate, Sensitivity, 
Specificity, F-Measure and Error Rate measures are 
employed. It is shown in equation 4,5,6 and 7 
correspondingly. Ideally, a excellent feature retrieval scheme 
is accepted to have a high Accuracy, Precision Rate, Recall 
Rate, Sensitivity, Specificity, F-Measure value. Table 1 lists 
the Precision Rate analysis  of  MKIELM.  

Table 2: Precision Rate Analysis of Proposed Sentiment 
Analysis Model 

 
      

Classifier       

METRICS NB SVM ELM KELM MKELM MKIELM 

LF 
77.6

5 
77.0

3 
72.6 73.1 91.42 93.52 

PF 
84.0

6 
82.1

6 
80.2

6 
81.29 92.55 93.23 

PCF 
84.9

7 
83.0

7 
81.1

7 
82.2 93.46 94.14 

SCF 
83.0

5 
81.1

5 
79.2

5 
80.28 91.54 92.22 

All 
85.4

2 
83.4

4 
81.6

9 
83.34 94.54 97.54 

 
As observed from Table 2, the Precision Rate of the 
MKIELM in range 92-96, which is superior than other 
method. So the MKIELM classifier is considered to be the  
best for  sentiment analysis. Fig.8 depicted the Precision Rate 
measures of classifier approaches.  
 

 

As observed from above figure, the Accuracy, Precision Rate, 
Recall Rate, Sensitivity, Specificity, F-Measure of the 

MKIELM in range 97-98, which is superior than other 
method. So the MKIELM classifier are best for sentiment 
creation. 

4.2.3 Experiment No #3 : Recall Rate Analysis of  
Proposed Sentiment Analysis Model  

 In this experiment, we will assess the contribution of each 
classifier approaches which are employed in the work. To 
assess the efficiency of this sentiment analysis scheme, the 
Detection Accuracy, Precision Rate, Recall Rate, Sensitivity, 
Specificity, F-Measure and Error Rate measures are 
employed. It is shown in equation 4,5,6 and 7 
correspondingly. Ideally, a excellent feature retrieval scheme 
is accepted to have a high Accuracy, Precision Rate, Recall 
Rate, Sensitivity, Specificity, F-Measure value. Table 1 lists 
the Recall Rate analysis  of  MKIELM.  

Table 3: Recall Rate Analysis of Proposed Sentiment 
Analysis Model 

 
      

Classifier       

Metrics NB SVM ELM KELM MKELM MKIELM 

LF 
77.5

6 
76.9

4 
72.5

1 
73.01 91.33 

93.43 
 

PF 
83.9

7 
82.0

7 
80.1

7 
81.2 92.46 93.14 

PCF 
84.8

8 
82.9

8 
81.0

8 
82.11 93.37 94.05 

SCF 
82.9

6 
81.0

6 
79.1

6 
80.19 91.45 92.13 

All 
85.3

3 
83.3

5 
81.6 83.25 94.45 97.45 

 
As observed from Table 1, the Accuracy, Precision Rate, 
Recall Rate, Sensitivity, Specificity, F-Measure of the 
MKIELM in range 93-97, which is superior than other 
method. So the MKIELM classifier is considered to be the  
best for  sentiment analysis. Fig.8 depicted the Recall Rate  
measures of classifier approaches.  
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As observed from above figure, the Accuracy, Precision Rate, 
Recall Rate, Sensitivity, Specificity, F-Measure of the 
MKIELM in range 93-97, which is superior than other 
method. So the MKIELM classifier are best for sentiment 
analysis. 

4.2.4 Experiment No #4 : Sensitivity Analysis of  Proposed 
Sentiment Analysis Model  

 In this experiment, we will assess the contribution of each 
classifier approaches which are employed in the work. To 
assess the efficiency of this sentiment analysis scheme, the 
Detection Accuracy, Precision Rate, Recall Rate, Sensitivity, 
Specificity, F-Measure and Error Rate measures are 
employed. It is shown in equation 4,5,6 and 7 
correspondingly. Ideally, a excellent feature retrieval scheme 
is accepted to have a high Accuracy, Precision Rate, Recall 
Rate, Sensitivity, Specificity, F-Measure value. Table 1 lists 
the accuracy analysis  of  MKIELM.  

Table 4: Sensitivity Analysis of Proposed Sentiment 
Analysis Model 

 
      

Classifier       

Metrics NB SVM ELM KELM MKELM MKIELM 

LF 
77.7

5 
77.1

3 
72.7 73.2 91.52 93.62 

PF 
84.1

6 
82.2

6 
80.36 81.39 92.65 93.33 

PCF 
85.0

7 
83.1

7 
81.27 82.3 93.56 94.24 

SCF 
83.1

5 
81.2

5 
79.35 80.38 91.64 92.32 

All 
85.5

2 
83.5

4 
81.79 83.44 94.64 97.64 

 
As observed from Table 1, the Accuracy, Precision Rate, 
Recall Rate, Sensitivity, Specificity, F-Measure of the 
MKIELM in range 93-97, which is superior than other 
method. So the MKIELM classifier is considered to be the  
best for  sentiment analysis. Fig.8 depicted the Sensitivity 
measures of classifier approaches.  

 
As observed from above figure, the Sensitivity of the 
MKIELM in range 93-97, which is superior than other 
method. So the MKIELM classifier are best for sentiment 
analysis. 

4.2.5 Experiment No #5 : Specificity Analysis of  Proposed 
Sentiment Analysis Model  

 In this experiment, we will assess the contribution of each 
classifier approaches which are employed in the work. To 
assess the efficiency of this sentiment analysis scheme, the 
Detection Accuracy, Precision Rate, Recall Rate, Sensitivity, 
Specificity, F-Measure and Error Rate measures are 
employed. It is shown in equation 4,5,6 and 7 
correspondingly. Ideally, a excellent feature retrieval scheme 
is accepted to have a high Accuracy, Precision Rate, Recall 
Rate, Sensitivity, Specificity, F-Measure value. Table 1 lists 
the Specificity analysis  of  MKIELM.  

Table 5: Specificity Analysis of Proposed Sentiment 
Analysis Model 

 
      

Classi
fier 

      

Metri
cs 

NB SVM ELM KELM MKELM MKIELM 

LF 
77.6

7 
77.0

5 
72.6

2 
73.12 91.44 93.54 

PF 
84.0

8 
82.1

8 
80.2

8 
81.31 92.57 93.25 

PCF 
84.9

9 
83.0

9 
81.1

9 
82.22 93.48 94.16 

SCF 
83.0

7 
81.1

7 
79.2

7 
80.3 91.56 92.24 

All 
85.4

4 
83.4

6 
81.7

1 
83.36 94.56 97.56 

 
As observed from Table 1, the Specificity, F-Measure of the 
MKIELM in range 93-97, which is superior than other 
method. So the MKIELM classifier is considered to be the  
best for  sentiment analysis. Fig.8 depicted the Specificity 
measures of classifier approaches.  

 
As observed from above figure, the Specificity of the 
MKIELM in range 97-98, which is superior than other 
method. So the MKIELM classifier are best for sentiment 
analysis creation. 
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4.2.6 Experiment No #5 : F-Measure Analysis of  
Proposed Sentiment Analysis Model  

 In this experiment, we will assess the contribution of each 
classifier approaches which are employed in the work. To 
assess the efficiency of this sentiment analysis scheme, the 
Detection Accuracy, Precision Rate, Recall Rate, Sensitivity, 
Specificity, F-Measure and Error Rate measures are 
employed. It is shown in equation 4,5,6 and 7 
correspondingly. Ideally, a excellent feature retrieval scheme 
is accepted to have a high Accuracy, Precision Rate, Recall 
Rate, Sensitivity, Specificity, F-Measure value. Table 1 lists 
the F-Measure analysis  of  MKIELM.  

Table 6: F-Measure Analysis of Proposed Sentiment 
Analysis Model 

 
      

Classifier       

Metrics NB SVM ELM KELM MKELM MKIELM 

LF 
77.4

9 
76.8

7 
72.4

4 
72.94 91.26 93.36 

PF 83.9 82 80.1 81.13 92.39 93.07 

PCF 
84.8

1 
82.9

1 
81.0

1 
82.04 93.3 93.98 

SCF 
82.8

9 
80.9

9 
79.0

9 
80.12 91.38 92.06 

All 
85.2

6 
83.2

8 
81.5

3 
83.18 94.38 97.38 

 
As observed from Table 1, the Accuracy, Precision Rate, 
Recall Rate, Sensitivity, Specificity, F-Measure of the 
MKIELM in range 94-98, which is superior than other 
method. So the MKIELM classifier is considered to be the  
best for  sentiment analysis. Fig.8 depicted the F-Measure 
measures of classifier approaches.  

 
As observed from above figure, the F-Measure of the 
MKIELM in range 94-98, which is superior than other 
method. So the MKIELM classifier are best for sentiment 
analysis. 

V. CONCLUSION 

In this document, we present the emotion classification 
method that uses the psychological and linguistic features that 

LIWC receives when analyzing emotions on Twitter. To this 
end, the five main types of LIWC (namely, linguistic 
processes, psychological processes, personal concerns, 
spoken categories and punctuation) and those combinations 
are taken into account. Experimental analysis with the ranking 
algorithm shows that the psychopathology set can provide 
encouraging results when analyzing the sentiment of Twitter 
data. Experimental analysis shows that the band is more than 
individual. For Twitter sentiment analysis, the highest 
predictive performance (98.31%) was achieved by combining 
the language and mental processes of MKIELM. Therefore, 
this proposed method and combination of language processes, 
psychological processes, perform best in emotion analysis. 
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