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Abstract 

Massive amounts of data available online has led to a lot of models leveraging 

the available knowledge for decision making. However, identifying the 

appropriate data for analysis seems to be a daunting task. This paper proposes a 

framework that can be used to effectively identify and retrieve appropriate 

content from large repositories. The proposed model builds the user’s profile 

based on context, sentiment pairs and frequency of usage of information 

pertaining to the pair. This leads to the building up of an effective user profile 

that can be utilized to retrieve content appropriate to the user when a query is 

presented to the system. Further, incorporation of the final feedback helps in 

continuous improvement of the user’s profile such that frequent usages will lead 

to better predictions. Comparisons with the existing sentiment analysis models 

indicate high efficiency in the prediction levels of the proposed feedback based 

root cause analysis model in terms of Accuracy, F-Measure, True and False 

Prediction levels. 

Keywords:  Root Cause Analysis; Sentiment Analysis; User Profiling; Polarity 
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1. INTRODUCTION 

The exploding growth of social media has led to the huge information sharing habit. 

The information being shared is a representative of personalized content. Such content 

are rich in context and semantic orientations. Online media is currently not only famous 

for its information acceptance level, but also serves as a reliable repository of 
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information that can also be effectively leveraged for use. Leveraging information is 

one of the critical aspects, due to the huge size of data and the possibility of a large 

number of matches from the repository. Although the search terms aims to reduce the 

search domain to a large extent, there still exists several subdomains with huge amounts 

of data that matches the current search. This in turn leads to overwhelming number of 

results returned to the user. This issue can be effectively solved if the search term can 

be effectively associated with an additional semantic and contextual information, which 

can be used to narrow down the domain further. 

User profiling is one of the major models currently on the raise. With the spread of 

interconnected devices, it could be observed that every user has their own distinct 

digital footprint. This can be assimilated to form a behavior pattern that can be 

effectively used to predict the likes and dislikes of a user. User profiling is a model that 

has been currently under research for its powerful nature of operation and the high 

accuracy level associated with it in terms of information association. This paper 

presents another usability domain for user’s profile data. It deals with identifying the 

content appropriate to the user’s requirements during the process of information 

retrieval.  

 

2. RELATED WORKS 

Root cause identification using sentiment analysis and information extraction has been 

one of the major research domains currently on the raise due to the improved platforms 

for information sharing. This section discusses some of the recent contributions in the 

domain of sentiment analysis.  

A product rating model using sentiment analysis was presented by Pham et al. in [1]. 

This model proposes a multiple layered architecture that is used for representing 

different sentiment levels. These representations are provided to neural networks and a 

prediction model is created, to predict overall ratings of product ratings. Other machine 

learning based prediction models include, Latent Rating Regression (LRR) [2,3] that 

analyzes the aspect ratings and aspect weights for prediction, deep learning models 

using convolutional neural networks [4], deep memory neural networks [5] and long 

short term memory networks [6]. A method using bag-of-words (BOW) model and 

neural network based learning was proposed by Zhao et al. in [7]. This provides an 

aggregated approach to identifying the best model for sentiment analysis. A survey of 

models used for document annotation was proposed by Koncz et al. in [8]. This model 

analyzes all the available active learning models to facilitate their usage in annotation 

and sentiment analysis.  

The rise of microblogging sites has led to the usage of text in microblogs to perform 

sentiment analysis. A cross media public sentiment analysis model was proposed by 

Cao et al. in [9]. This model fuses text and image sentiment levels to provide an 

aggregated fusion based model for sentiment identification. A similar model using 
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Twitter data for sentiment analysis was proposed by Pandarachalil et al. in [10]. The 

three sentiment lexicons, SenticNet, SentiWordNet and SentislangNet are used to 

identify polarity levels for the process of prediction. The proposed unsupervised 

sentiment analysis model is proposed to provide effective F-Scores. Other similar 

microblog based sentiment analysis frameworks include a multimodal learning model 

by Huang et al. in [11] and a cuckoo search based sentiment analysis model by Pandey 

et al. in [12].  

Health based social media sentiment analytics have also been on the raise with the 

evolution of social media content. A framework to analyze health based data from user 

communities was proposed by Yang et al. in [13]. This model proposes three 

operational phases namely; medical term extraction model, virtual document clustering 

and cluster analysis for sentiments. Another similar model that performs sentiment 

analysis of HPV vaccine related tweets was proposed by Du et al in [14]. Some of the 

very recent contributions in the domain of sentiment analysis includes multi-lingual 

sentiment analysis. This includes a technique comparison model by Dashtipour et al. in 

[15] and Chinese online review analysis by Zheng et al. in [16]. Other similar sentiment 

analysis models include an emoticon based sentiment analysis model by Nirmal et al. 

in [17], fuzzy sequential sentiment analysis model by Charles Britto et al. in [18] and a 

parallel sentiment analysis model by Charles Britto et al. in [19]. 

 

3. FEEDBACK BASED ROOT-CAUSE IDENTIFICATION MODEL 

Root cause analysis is the process of identifying the core or base of the given query. 

The identification process is usually performed by matching the context and the 

semantic correlation between the query and the document. This paper proposes a 

feedback based root cause analysis model that creates a user’s profile to identify results 

not just based on query, but also based on the user’s general requirements. The proposed 

architecture has two major components; the profiler and the semantic correlation 

identifier. The profiler gathers and organizes data corresponding to the user, which can 

be utilized while ranking the results. The semantic correlation identifier analyses the 

results, identifies the semantic correlation between the result, the input query and user’s 

profile and ranks the results. The overall architecture is presented in figure 1.  

 

3.1. Profiling 

Profiling is the process of identifying the user’s behavior in terms of their interests. 

Interests vary in terms of information context and the sentiment associated with the 

information. Hence user profiles are built based on context and sentiment of the input 

query. Building a user’s profile requires continuous monitoring of the user’s searches 

and their selections. Hence this is a continuous monitoring module activated on every 

query and every result selection.  

As the user inputs a query, the profiler identifies the significant terms from that query 
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and records them. A sentiment identification of the terms is also performed. However, 

queries need not necessarily be oriented towards a sentiment. They can be neutral terms, 

expecting a result set with a particular sentiment. Hence, if the sentiment was not 

identified, it is marked as neutral and included in the user’s profile. Profile data ranking 

is also performed by identifying the number of times a particular term with a particular 

sentiment has been queried for results. This enables better correlation with the user’s 

requirements. Selection of a particular result also creates an impact on the profile, by 

either appending the context and sentiment or if the context sentiment pair is already 

present, its significance level is increased. 

 
 

Figure 1: Feedback based Root-Cause Identification Model – Architecture 
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3.2. Semantic Correlation Identifier  

This module retrieves the results from the query and identifies its semantic intensity, 

matches it with the user’s profile, ranks them and finally provides ordered results to the 

user for analysis. 

 

3.2.1. Query Processing and Result Retrieval 

The input query presented by the user is tokenized and the tokens are passed to the 

profiler to be recorded. Significant terms and their corresponding sentiments are 

extracted from the tokens, followed by profile building. In parallel to this process, the 

query modified in accordance with the data source on which it is to be applied using 

wrappers. Customized query are then applied on the data source and the results are 

retrieved. 

 

3.2.2. Significant Token Identification and Significant Vector Creation 

Every result is treated as a vector and significant terms are identified from each of the 

vectors and the significant vectors are created. Results are usually in the form of text or 

documents. Hence they tend to contain several additional content other than the 

required information. The general vocabulary necessitates the usage of connectors 

between words to provide a sequence to the sentence. Such connectors are to be 

eliminated for effective analysis of context and sentiment. In order to simplify this 

process, significant term identification is performed by identifying the Term Frequency 

(TF) and the Inverted Document Frequency (IDF) for the tokens [20]. Tokens with 

higher values of TF-IDF are considered to be significant terms while the tokens with 

low values of TF-IDF are considered to be terms of low significance. 

 

TF-IDF is calculated using equation 1.  

𝑡𝑓𝑖𝑑𝑓(𝑡, 𝑑, 𝐷) = 𝑡𝑓(𝑡, 𝑑) × 𝑖𝑑𝑓 (𝑡, 𝐷)  (1) 

 

 

Term Frequency (TF) and the Inverted Document Frequency (IDF) are calculated using 

(2) and (3) 

𝑡𝑓(𝑡, 𝑑) =
𝑓(𝑡,𝑑)

𝑐𝑜𝑢𝑛𝑡(𝑤,𝑑)
     (2) 

 

where, f(t,d) refers to the number of times the word t is contained in the document d 

and count(w,d) refers to the total number of words contained in the document d. 
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𝑖𝑑𝑓(𝑡, 𝐷) = 𝑙𝑜𝑔
𝑁

|{𝑑∈𝐷:𝑡∈𝑑}|
    (3) 

 

where, N is the total number of documents in the corpus, and |{𝑑 ∈ 𝐷: 𝑡 ∈ 𝑑}| is the 

number of documents that contains word t. If the term is not in the corpus, then it will 

lead to a divide-by-zero error, hence it is also common to adjust the denominator 

to1+|{𝑑 ∈ 𝐷: 𝑡 ∈ 𝑑}|. 

 

A user based threshold for the TF-IDF value is used to filter the most appropriate terms 

from the terms of low significance. These filtered terms are used to create the significant 

term repository (STR).  Significant vectors are created by cross verifying the terms in 

results with STR to identify and eliminate terms that are of low significance.  

  

3.2.3. Vector based Sentiment Identification 

The major requirement for creating the significant vectors is that sentiment 

identification is to be performed on per result basis. Each vector created from the results 

represents a single result entry. Identifying sentiment for each of these vectors will 

provide record based sentiment levels that can effectively aid result segregation.  

Sentiment identification is performed using SentiWordNet polarity repository [21]. 

SentiWordNet is a human annotated repository that contains terms with their polarity 

levels from positive and negative dimensions. Every term in the vector is associated 

with a polarity value. An aggregation of these polarity values provide the final 

sentiment of the vector. Sentiment of a vector v is given by 

𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑣 = ∑ 𝑃𝑜𝑙𝑎𝑟𝑖𝑡𝑦(𝑡𝑖)

𝑛

𝑖=1

 

Where Polarity(ti) refers to the polarity of the ith term in the vector v. 

 

Polarity identification is usually performed with the aid of the input query. If the input 

query has a sentiment related to it, the polarity intensity of the particular sentiment alone 

is considered for analysis. However, if the input query was identified to be neutral, the 

polarity dimensions are aggregated and used as the final polarity value. The aggregation 

is given by, 

𝑃𝑜𝑙𝑎𝑟𝑖𝑡𝑦(𝑡) = 𝑃𝑜𝑙𝑎𝑟𝑖𝑡𝑦(𝑝𝑜𝑠,𝑡) − 𝑃𝑜𝑙𝑎𝑟𝑖𝑡𝑦(𝑛𝑒𝑔,𝑡) 

 

Where Polarity(pos, t) refers to the positive polarity associated with the term t and 

Polarity(neg,t) refers to the negative polarity associated with the term t. 

This phase results in the creation of vectors with a sentiment level associated with it, 

and each vector representing a single result obtained from the input query. 
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3.2.4. User Profile based Significance Integration  

Although sentiment based categorization of results is possible at this stage, they only 

correspond to the sentiment levels and not the actual user requirements. Hence a profile 

based significance value is integrated with the vectors to provide appropriate 

associations with the user’s requirements. The user’s profile is built with sentiment, 

context and their frequency of occurrence. Frequency is considered to represent the 

significance factor for the context related to the particular sentiment. Each term of the 

sentiment vectors is matched with the user’s profile for the frequency level and the 

frequency factors are aggregated to provide the Association Factor (AF) for the vector. 

Hence every vector now contains the sentiment level factor, representing the intensity 

of the sentiment levels and the Association Factor that represents the association levels 

of the user’s profile. 

 

 

3.2.5. Result Ranking and User Feedback Incorporation 

Ranking of the vectors is performed in two phases. The first phase ranking is performed 

using the Association Factor and the second phase ranking is performed using the 

sentiment levels, within a group of vectors with the same AF value. The results are 

presented to the user.  

Although the results are ranked based of the user’s profile, ultimately, it is the user who 

determines the relevancy level of the presented results. Their selections and order of 

selection play a vital role in providing improved accuracy levels. Result selections and 

the order in which the results are selected are provided to the user’s profile in terms of 

feedbacks. These feedbacks enable profile updates for providing precise association 

levels in the future. 

 

4. RESULTS AND DISCUSSION 

Experiments were performed using STS Gold Sentiment Corpus [22], which is a 

human annotated set of tweets. Comparisons were performed with the emoticon based 

sentiment analysis model [17], the Sequential Sentiment Analysis model [18] and 

Parallel Sentiment Analysis model [19]. Analysis is performed in terms of True and 

False Prediction levels, Accuracy and F-Measure. 
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Figure 2: True Prediction Levels (Sentiment Analysis) - STS Gold Sentiment 

Corpus 

The true prediction levels of the proposed algorithm depicting the true positive rates 

(TPR) and the true negative rates (TNR) are shown in the figure 2. An effective 

algorithm should exhibit high TPR and TNR levels, depicting effective prediction of 

both positive and the negative classes. It could be observed from the figure that the 

proposed feedback based sentiment analysis model exhibits very high TPR and TNR 

levels showing the efficiency of the proposed architecture. 

 

 
Figure 3: False Prediction Levels (Sentiment Analysis) - STS Gold Sentiment 

Corpus 
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The false prediction levels of the proposed algorithm depicting the false positive rates 

(FPR) and the false negative rates (FNR) are shown in the figure 3. An effective 

algorithm should exhibit very low FPR and FNR levels. The FPR and FNR levels are 

inversely proportional to the TNR and TPR levels respectively. It could be observed 

from the figure that the proposed model exhibits very low false prediction levels, 

exhibiting the efficiency of the algorithm. 

 

 
Figure 4: Accuracy Comparison (Sentiment Analysis) - STS Gold Sentiment 

Corpus 

 

A comparison of the accuracy levels of the proposed feedback based sentiment analysis 

model is shown in figure 4. It could be observed that the proposed model exhibits 24% 

higher accuracy compared to emoticon based and sequential sentiment analysis models 

[17,18] and 1.2% improved accuracy compared to the parallel sentiment analysis model 

[19]. F-Measure levels of the proposed model is shown in figure 5. It could be observed 

that a correlation similar to accuracy can be observed in the F-Measure levels.  
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Figure 5: F-Measure Comparison (Sentiment Analysis) - STS Gold Sentiment 

Corpus 

 

Table 1: Performance Metrics 

Metrics Emoticon 

based 

Sentiment 

Analysis 

Sequential 

Sentiment 

Analysis 

Parallel 

Sentiment 

Analysis 

Feedback Based 

Sentiment Analysis 

Accuracy 0.5837 0.583869372 0.816326531 0.828571429 

F-Measure 0.3542 0.364323507 0.863636364 0.876712329 

TNR 0.6240 0.674084709 0.741935484 0.741935484 

TPR/ Recall 0.3800 0.383757962 0.850746269 0.864864865 

Precision 0.3500 0.34676259 0.876923077 0.888888889 

FNR 0.6262 0.616242038 0.149253731 0.135135135 

FPR 0.3859 0.325915291 0.258064516 0.258064516 

 

All the performance metrics used for analysis and the results obtained from each of the 

compared models is shown in Table 1. It could be observed that the proposed model 

exhibits excellent prediction levels in terms of all the proposed metrics, in comparison 

to the existing models in literature. 

 

 

Emoticon based
Sentiment Analysis

[17]

Sequential
Sentiment Analysis

[18]

Parallel Sentiment
Analysis [19]

Feedback Based
Sentiment Analysis

(Proposed)

F-Measure 0.3542 0.364323507 0.863636364 0.876712329

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

P
er

fo
rm

an
ce

Technique

F-Measure Comparison 

F-Measure



Steganography for Secure Data Transmission 2307 

5. CONCLUSION 

User requirement based content extraction from a huge repository is a complex task, 

which can be effectively performed only with accurate domain information. This paper 

presents an effective feedback based model that can be used to filter appropriate content 

from a large repository of data. User’s queries and selections are used to build user’s 

repositories. Results for the input queries are correlated with the user’s profile to 

identify results that match the user’s requirements. Although accurate matches can be 

achieved, the user might also need to view content that is not related to them. Hence 

the results are ranked and presented to the user instead of being filtered. Experiments 

on STS Gold Sentiment Corpus indicates high prediction levels. Comparison with 

existing models also indicate highly effective performances. The limitations of this 

method includes moderate False Positive levels. Future extensions of the proposed 

work will provide effective mechanisms to reduce the FP levels. 
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