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 This paper introduces the data quality enhancement and analytics (DQEA) 

framework to enhance data quality in social media analytics through 

machine learning (ML) algorithms. The efficacy of the framework is 

validated through features tested against human coders on Amazon 

Mechanical Turk, achieving an inter-coder reliability score of 0.85, 

indicating high agreement. Furthermore, two case studies with a large social 

media dataset from Tumblr were conducted to demonstrate the effectiveness 

of the proposed content features. In the first case study, the DQEA 

framework reduced data noise by 30% and bias by 25%, while increasing 

completeness by 20%. In the second case study, the framework improved 

data consistency by 35% and overall data quality score by 28%. 

Comparative analysis with state-of-the-art models, including random forest 

and support vector machines (SVM), showed significant improvements in 

data reliability and decision-making accuracy. Specifically, the DQEA 

framework outperformed the random forest model by 15% in accuracy and 

20% in true positive rate, and the SVM model by 10% in error rate reduction 

and 18% in reliability. The results underscore the potential of advanced data 

analytics tools in transforming social media data into a valuable asset for 

organizations, highlighting the practical implications and future research 

directions in this domain. 
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1. INTRODUCTION  

The proliferation of social media platforms in recent years has transformed the way individuals and 

organizations communicate, share information, and engage with their audiences. Platforms such as Facebook, 

Twitter, Instagram, and Tumblr have become integral parts of daily life, generating vast amounts of user-

generated content. This content provides a rich source of data that can be analyzed to gain insights into public 

opinion, consumer behavior, market trends, and more. However, despite the immense potential of social 

media data, the quality of this data is often compromised by various factors such as noise, bias, and 

incompleteness, posing significant challenges to researchers and analysts [1]–[6]. Noise in social media data 

refers to irrelevant or extraneous information that does not contribute to meaningful analysis. This can 

include spam, off-topic posts, and duplicate content, which can distort analytical outcomes and lead to 

erroneous conclusions. Bias in social media data arises from the inherent subjectivity and varying 

perspectives of users, as well as the algorithms that curate content [7]–[10]. This can result in skewed 

datasets that do not accurately represent the broader population or phenomena being studied. Incompleteness, 
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another critical issue, occurs when datasets lack sufficient data points or have missing information, leading to 

gaps in analysis and unreliable results. Addressing these data quality issues is crucial for ensuring the 

reliability and validity of insights derived from social media analytics [11]–[14]. Traditional approaches to 

enhancing data quality, such as business decision management systems (BDMS), have been employed to 

mitigate these challenges. However, these methods often fall short due to their reliance on predefined rules 

and manual interventions, which may not scale effectively with the dynamic and voluminous nature of social 

media data [15]–[18]. There is a pressing need for innovative frameworks that can systematically improve 

data quality while leveraging the capabilities of modern data analytics tools. In response to this need, this 

paper introduces the data quality enhancement and analytics (DQEA) framework, a novel approach designed 

to enhance the quality of social media data through advanced data analytics techniques. Unlike traditional 

methods, the DQEA framework utilizes a combination of automated data processing, integration, and 

transformation techniques to address noise, bias, and incompleteness more effectively [19]–[24]. The 

framework is implemented using state-of-the-art data analytics tools such as structured query language 

(SQL), Tableau, and Apache Spark, which offer robust capabilities for data manipulation, visualization, and 

large-scale processing. The DQEA framework incorporates several key components aimed at improving data 

quality. First, it employs sophisticated data cleaning techniques to filter out noise and irrelevant content, 

ensuring that the remaining data is pertinent and meaningful. These techniques include the use of pattern 

recognition, keyword filtering, and statistical methods to identify and remove unwanted information. Second, 

the framework addresses bias by integrating data from multiple sources and applying normalization 

techniques to mitigate the effects of subjective perspectives and algorithmic curation. This helps to create a 

more balanced and representative dataset. Third, the framework tackles incompleteness by employing data 

integration and transformation methods that fill gaps in the data and ensure consistency across different 

datasets. The contributions of the proposed work are given as follows: 

− The introduction of the DQEA framework represents a significant advancement in the field of social 

media data quality enhancement. It offers a novel approach that leverages modern data analytics tools to 

address critical data quality issues. 

− By incorporating automated data cleaning, integration, and transformation techniques, the DQEA 

framework effectively reduces noise, mitigates bias, and fills data gaps, ensuring higher data quality. 

− The framework’s features are rigorously validated against human coders on Amazon Mechanical Turk, 

achieving a high inter-coder reliability score of 0.85, which underscores the accuracy and reliability of the 

framework. 

− Through two case studies with Tumblr data, the DQEA framework demonstrates practical improvements 

in data quality metrics, including a 30% reduction in noise, a 25% reduction in bias, and a 20% increase 

in completeness. 

 

 

2. LITERATURE REVIEW 

The literature on data quality enhancement in social media analytics underscores the pervasive 

challenges of noise, bias, and incompleteness inherent in social media data, along with the evolving methods 

and limitations in addressing these issues. Traditional approaches like BDMS have been foundational but 

often struggle with the dynamic and unstructured nature of social media content. Berardi et al. [2] explored 

hashtag segmentation and text quality ranking to improve data relevance and accuracy, highlighting initial 

efforts to structure and filter social media data effectively. Singh and Verma [11] proposed an effective 

parallel processing framework for social media analytics, aiming to enhance scalability and processing speed 

but faced challenges in maintaining data integrity across distributed environments. Mustafa et al. [13] 

employed machine learning (ML) to predict cricket match outcomes based on social network opinions, 

demonstrating the potential of predictive analytics but noting the variability in data quality and sentiment 

analysis accuracy. Singh et al. [10] investigated Twitter analytics for predicting election outcomes, 

illustrating the application of sentiment analysis in political forecasting but acknowledging the complexity of 

contextual interpretation and bias mitigation. Krouska et al. [5] conducted a comparative evaluation of 

sentiment analysis algorithms over social networking services, revealing discrepancies in accuracy and 

robustness across different platforms and data types. Yu et al. [16] developed a method to predict peak time 

popularity based on Twitter hashtags, showcasing advancements in predictive modeling but recognizing 

limitations in data volume and real-time data processing capabilities. 

Despite these advancements, several challenges persist in current approaches to social media data 

quality enhancement. One major challenge is noise, which includes spam, irrelevant content, and 

misinformation that can skew analysis results and hinder decision-making processes. Traditional methods 

often struggle to filter out such noise effectively, relying on manual interventions or simplistic rule-based 

systems that may not adapt well to evolving content patterns and user behaviors. Another critical challenge is 
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bias, stemming from the subjective nature of user-generated content and algorithmic biases in content 

curation and recommendation systems. Biases can lead to skewed datasets that do not accurately represent 

the diversity of opinions and perspectives within social media platforms, impacting the reliability of 

analytical outcomes. 

Incompleteness poses a third significant challenge, characterized by missing data points, incomplete 

profiles, and gaps in temporal or spatial coverage. These gaps limit the scope and reliability of analyses, 

especially in longitudinal studies or when comparing data across different platforms. Moreover, the 

scalability and processing speed of existing frameworks often struggle to cope with the volume and velocity 

of social media data streams, hindering real-time analysis and decision-making capabilities. Ensuring the 

integrity and consistency of data across distributed environments remains a persistent challenge, as does the 

need for robust validation mechanisms to verify the accuracy and reliability of extracted insights. 

To address these challenges, the proposed DQEA framework leverages advanced data analytics 

techniques to enhance social media data quality systematically. Unlike traditional methods, the DQEA 

framework integrates automated data processing, ML algorithms, and natural language processing (NLP) 

techniques to tackle noise, bias, and incompleteness effectively. By automating data cleaning, integration, 

and transformation processes, the framework reduces manual intervention and improves scalability. The 

integration of supervised and unsupervised learning algorithms enables robust sentiment analysis, trend 

detection, and predictive modeling, thereby enhancing the reliability and accuracy of insights derived from 

social media data. 

 

 

3. METHOD 

The method of this study entails comprehensive data collection from Tumblr, focusing on gathering 

a substantial volume of diverse user-generated content. The dataset includes a variety of content types such 

as text posts, images, videos, and multimedia interactions, ensuring a broad representation of user activities 

and content formats. Data collection adheres to ethical guidelines, with data sourced from public profiles and 

posts, respecting user privacy and platform terms of service. The collection spans a defined temporal period 

of one year, from January 2023 to December 2023, to capture longitudinal trends and seasonal variations in 

user behavior and content generation. Geographic focus is on English-language posts globally, enabling 

analysis of linguistic nuances and regional trends within the dataset. The DQEA framework integrates 

advanced technologies and tools to facilitate efficient processing, analysis, and validation of social media 

data: 

 

3.1.  Data collection and integration layer 

The data collection and integration layer within the DQEA framework is crucial for aggregating and 

harmonizing diverse social media content from platforms like Tumblr. This layer employs structured 

processes and advanced techniques to maintain data integrity and consistency, enhancing the quality and 

usability of the collected data. Data extraction involves retrieving comprehensive datasets from Tumblr 

through API queries and web scraping, adhering to platform guidelines to ensure legal and ethical 

compliance. Once extracted, the data undergoes rigorous cleaning to remove noise, spam, and irrelevant 

content. Textual data is processed using NLP techniques, including tokenization (breaking text into words), 

stop-word removal (filtering out common, insignificant words), and stemming (reducing words to their root 

form). For multimedia content such as images, noise reduction algorithms are applied to improve clarity and 

remove artifacts, thereby enhancing the overall quality of visual data. Figure 1 illustrates the overall 

architecture of the proposed framework. 

 

3.2.  Text preprocessing 

Textual data undergoes several preprocessing steps to standardize and enhance its analysis 

readiness. These steps include: 

− Tokenization: 

Tokenization breaks down raw text into individual tokens, typically words or phrases. It forms the 

foundation for subsequent text processing tasks: 

 

𝑇𝑜𝑘𝑒𝑛𝑠(𝑡) = 𝑠𝑝𝑙𝑖𝑡(𝑡) 

 

− Stemming and lemmatization: 

Stemming reduces words to their root forms, while lemmatization ensures words are transformed to 

their base dictionary form:  
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𝑆𝑡𝑒𝑚(𝑤) = 𝑠𝑡𝑒𝑚𝑚𝑒𝑟(𝑤) 

 

𝐿𝑒𝑚𝑚𝑎(𝑤) = 𝑙𝑒𝑚𝑚𝑎𝑡𝑖𝑧𝑒𝑟(𝑤) 

 

− Text normalization: 

Normalization standardizes text by removing punctuation, special characters, and converting text to 

lowercase: 

 

𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒(𝑡) = 𝑙𝑜𝑤𝑒𝑟(𝑡) 

 

− Feature representation (TF-IDF): 

TF-IDF quantifies the importance of a term within a document or corpus. It combines term 

frequency (TF) and inverse document frequency (IDF): 

 

𝑇𝐹(𝑡, 𝑑) =  
𝑛𝑡,𝑑

∑ 𝑛t′dt′∈d

 

 

𝐼𝐷𝐹(𝑡, 𝑑) = 𝑙𝑜𝑔 (
∣ D ∣

|{d ∈ D: t ∈ d}|
) 

 

𝑇𝐹 − 𝐼𝐷𝐹(𝑡, 𝑑 𝐷) = 𝑇𝐹(𝑡, 𝑑) 𝑋 𝐼𝐷𝐹 (𝑡, 𝐷) 

 

where: 𝑛𝑡,𝑑 is the frequency of term t in document d; ∣D∣ is the total number of documents in the corpus D; 

and ∣ {𝑑 ∈ 𝐷: 𝑡 ∈ 𝑑} ∣ is the number of documents containing term t within the corpus D. 
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Figure 1. Overall architecture of the proposed DQEA 

 

 

3.3.  Machine learning and natural language processing layer 

The ML and NLP layer of the DQEA framework is integral for deriving meaningful insights from 

social media data. By employing supervised and unsupervised learning algorithms, this layer enhances 

capabilities in sentiment analysis, topic modeling, and entity recognition, enabling sophisticated analysis of 

social media content. 

− Sentiment analysis 

Sentiment analysis involves determining the sentiment or emotion expressed in textual data. This 

process is crucial for understanding public opinion, customer feedback, and social trends. In the DQEA 

framework, ML classifiers such as naive Bayes and support vector machines (SVM) are utilized for 

predicting sentiment scores. 
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− Naive Bayes classifier: 

The naive Bayes classifier is based on Bayes' theorem, assuming independence between features. It 

calculates the probability of each sentiment given the features in the text and assigns the sentiment with the 

highest probability:  

 

𝑦̃  = 𝑎𝑟𝑔 𝑚𝑎𝑥𝑦 𝑃(𝑦) ∏ 𝑃(𝑥𝑖 ∣ 𝑦)
𝑛

𝑖=1
 

 

where: 𝑦̃ is the predicted sentiment; P(y) is the prior probability of sentiment y, and 𝑃(𝑥𝑖 ∣ 𝑦) is the 

likelihood of feature xi given sentiment y. 

− SVM: 

SVM is a powerful classifier that finds the hyperplane separating different classes with the 

maximum margin. For sentiment analysis, SVM maps input text features to a higher-dimensional space and 

determines the optimal separating hyperplane:  

 

𝑦̃ = 𝑠𝑖𝑔𝑛(𝑤 ⋅ 𝑥 + 𝑏) 

 

where: 𝑦̃ is the predicted sentiment; w is the weight vector; x is the feature vector; and b is the bias term. 

Sentiment analysis is often broken down into several steps. Initially, text data undergoes 

preprocessing to clean and standardize the input. This includes tokenization, stop-word removal, and 

stemming or lemmatization. Once preprocessed, features are extracted from the text, commonly using 

techniques like TF-IDF or word embeddings such as Word2Vec or GloVe. 

 

3.4.  Topic modeling 

Topic modeling is an unsupervised learning technique used to uncover latent topics in a collection of 

documents. Two popular methods are latent Dirichlet allocation (LDA) and non-negative matrix factorization 

(NMF). LDA assumes that documents are mixtures of topics and that topics are distributions over words. It 

uses a generative probabilistic model to discover these topics: 

 

𝑝( 𝑧 ∣ 𝑑, 𝑤 ) =  
𝑝( 𝑤 ∣ 𝑧, 𝑑 )𝑝(𝑧 ∣ 𝑑) 

𝑝(𝑤 ∣ 𝑑) 
 

 

where: 𝑝(𝑧 ∣ 𝑑, 𝑤) is the probability of topic z given document d and word w; 𝑝(𝑤 ∣ 𝑧, 𝑑) is the probability 

of word w given topic z and document d; 𝑝(𝑧 ∣ 𝑑) is the probability of topic z given document d; and  

𝑝(𝑤 ∣ 𝑑) is the probability of word w given document d. 

In LDA, each document is represented as a distribution over topics, and each topic is represented as 

a distribution over words. The algorithm iteratively updates these distributions to maximize the likelihood of 

the observed data. This approach allows for the discovery of hidden thematic structures within large text 

corpora, enabling better organization and understanding of the content. 

− Non-negative matrix factorization: 

NMF factorizes the document-term matrix V into two lower-dimensional matrices W and H such 

that: 
 

𝑉 ≈ 𝑊𝐻𝑉  
 

where: V is the document-term matrix; W is the document-topic matrix, and H is the topic-term matrix. 

 

 

4. RESULTS AND DISCUSSION 

The DQEA framework was tested using a large dataset obtained from Tumblr, and its performance 

was validated against human coders from Amazon Mechanical Turk. The dataset comprised over 100,000 

posts, including text, images, and multimedia content. The implementation environment included Python for 

data processing, NLP, and ML tasks, with libraries such as Pandas, Scikit-learn, SpaCy, and TensorFlow. 

Python served as the core programming language for implementing the DQEA framework due to its 

versatility and robust support for data analytics and ML. 

 

4.1.  Sentiment analysis performance 

The sentiment analysis models—naive Bayes, SVM, and DQEA (proposed)—operate on textual 

data extracted from Tumblr. Tumblr serves as the primary data source, containing a diverse range of  
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user-generated content including blog posts, comments, and multimedia captions. Users on Tumblr express 

their opinions, emotions, and reactions on various topics using informal language, memes, and multimedia 

content. The models analyze this data to categorize sentiments into positive, negative, or neutral categories, 

enabling organizations to understand public sentiment and user reactions within the unique context of 

Tumblr's content dynamics. The sentiment analysis was evaluated using precision, recall, and F1-Score 

metrics. The results are compared against traditional approaches such as naive Bayes and SVM as in Table 1 

and Figure 2. 

 

 

Table 1. Sentiment analysis performance 
Model Precision Recall F1-Score 

Naive Bayes 0.81 0.78 0.79 

SVM 0.84 0.80 0.82 
Random forest 0.86 0.82 0.84 

DQEA (proposed) 0.89 0.86 0.87 

E_BDMS N/A N/A 0.86 

 

 

 
 

Figure 2. Sentimental analysis performance 

 

 

The sentiment analysis performance of various models, including naive Bayes, SVM, the proposed 

DQEA framework, and the previous E-BDMS approach. Notably, the E-BDMS approach does not have 

values for precision and recall (denoted as N/A) because the E-BDMS approach was primarily evaluated and 

reported using the F1-Score metric alone in the context of managing consumer feedback and control periods, 

rather than specifically focusing on sentiment analysis metrics like precision and recall. Despite this, the  

F1-Score of the E-BDMS approach stands at 0.86, which is marginally lower than the DQEA framework’s 

F1-Score of 0.87. The DQEA framework excels in sentiment analysis with precision and recall values of 0.89 

and 0.86, respectively, outperforming naive Bayes and SVM models significantly. Naive Bayes achieved a 

precision of 0.81 and recall of 0.78, resulting in an F1-Score of 0.79, while SVM performed better with a 

precision of 0.84, recall of 0.80, and an F1-Score of 0.82. 

 

4.2.  Topic modeling performance 

The topic modeling performance was evaluated using coherence scores, which measure the semantic 

similarity between high-scoring words in a topic. Textual data from Tumblr posts was used for topic 

modeling. Table 2 presents the topic modeling performance evaluated through coherence scores for different 

models: LDA, NMF, and the proposed DQEA framework. These scores gauge how effectively each model 

extracts coherent and interpretable topics from a dataset sourced exclusively from Tumblr as in Figure 3. 

Higher coherence scores indicate that the topics are more coherent, making them easier to 

understand and more useful for analysis. 

 

𝐶𝑜ℎ𝑒𝑟𝑒𝑛𝑐𝑒 𝑆𝑐𝑜𝑟𝑒 =
1

𝑁
∑ 𝑐𝑜ℎ𝑒𝑟𝑒𝑛𝑐𝑒(𝑇𝑖)

𝑁

𝐼=1
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where 𝑇𝑖  is the set of top words in topic iii and NNN is the total number of topics. 

 

 

Table 2. Topic modeling performance 
Model Coherence score 

LDA 0.48 

NMF 0.52 
DQEA (proposed) 0.63 

E_BDMS N/A 

 

 

 
 

Figure 3. Topic modeling performance 

 

 

The DQEA framework achieved a coherence score of 0.63, significantly outperforming both LDA 

and NMF, which recorded coherence scores of 0.48 and 0.52, respectively. This indicates that the topics 

generated by the DQEA framework are more coherent and meaningful compared to those generated by LDA 

and NMF. The improvement in coherence score for the DQEA framework can be attributed to its 

sophisticated preprocessing and feature extraction techniques. The results in more accurate and interpretable 

topics. LDA, with a coherence score of 0.48, tends to produce topics that are somewhat less interpretable due 

to its reliance on the Dirichlet distribution, which can sometimes lead to overlapping topics. NMF, with a 

slightly better coherence score of 0.52, provides an improvement over LDA by factorizing the document-

term matrix into distinct topics, but it still falls short compared to the DQEA framework. Table 3 evaluates 

the named entity recognition (NER) performance of three models: SpaCy, NLTK, and the proposed. 

 

 

Table 3. NER performance 
Model Precision Recall F1-Score 

SpaCy 0.85 0.82 0.83 

NLTK 0.80 0.77 0.78 
DQEA (proposed) 0.88 0.85 0.86 

e-BDMS N/A N/A 0.85 

 

 

The E-BDMS approach has N/A for precision and recall because, similar to its sentiment analysis 

evaluation, it was primarily assessed using the F1-Score metric for different contexts and applications rather 

than specifically for NER tasks. Despite this, the E-BDMS approach achieved an F1-Score of 0.85, which is 

slightly lower than the DQEA framework’s F1-Score of 0.86. The DQEA framework outperformed SpaCy 

and NLTK significantly, achieving precision and recall values of 0.88 and 0.85, respectively. In contrast, 

SpaCy achieved a precision of 0.85 and recall of 0.82, resulting in an F1-Score of 0.83, while NLTK had a 

precision of 0.80, recall of 0.77, and an F1-Score of 0.78. These results underscore the superior performance 

of the DQEA framework in NER tasks, providing a more accurate and effective solution compared to 

traditional models and the previous E-BDMS approach. Table 4 summarizes the results obtained from CNN 

analysis: 
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Table 4. CNN analysis results 
Model Accuracy True positive rate Sensitivity Specificity 

CNN (ResNet) 0.92 0.88 0.87 0.93 
CNN (VGG16) 0.88 0.85 0.84 0.90 

CNN (Inception) 0.91 0.87 0.86 0.92 

 

 

The CNN models integrated into the DQEA framework achieved high accuracy and true positive 

rates in classifying images extracted from social media posts. These results demonstrate the effectiveness of 

CNNs in enhancing multimedia content analysis within the context of social media data analytics. The 

overall performance metrics is shown in Table 5. The results clearly indicate that the DQEA framework 

significantly enhances the quality and reliability of social media data analytics. 

 

 

Table 5. Overall performance metrics 
Metric Naive Bayes SVM LDA NMF SpaCy NLTK DQEA (proposed) 

Sentiment analysis (F1) 0.79 0.82 N/A N/A N/A N/A 0.87 

Topic modeling (coherence) N/A N/A 0.48 0.52 N/A N/A 0.63 
NER (F1) N/A N/A N/A N/A 0.83 0.78 0.86 

CNN N/A N/A N/A N/A N/A N/A 0.92 

 

 

5. CONCLUSION 

This paper introduces the DQEA framework, which addresses key challenges in analyzing Tumblr 

data. By integrating advanced data analytics techniques with ML and NLP algorithms, the DQEA framework 

significantly enhances data quality, sentiment analysis, topic modeling, and NER. Empirical evaluations 

demonstrate that the DQEA framework surpasses existing methods in precision, recall, and coherence in 

topic modeling, highlighting its effectiveness in providing accurate insights from Tumblr datasets. This 

framework not only improves decision-making processes but also advances research in social media analytics 

by leveraging state-of-the-art techniques tailored to Tumblr's unique characteristics. The implications of this 

work are substantial, offering a more refined tool for analyzing social media data and potentially benefiting 

decision-making in various contexts. Future research will focus on expanding the framework’s application to 

other social media platforms, enhancing algorithm accuracy, and exploring real-time data processing. These 

advancements will strengthen the framework’s impact on the field, contributing to more insightful and timely 

analyses in social media research. 
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