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1. INTRODUCTION

Every data analysis process relies heavily on data, it is a competent task which is useful to the extent
that it can be quickly interpreted to reveal valuable information and extract the deep insights hidden in the
data. Nowadays, social media have been at the heart of new communication technologies. They are no longer
used only to facilitate the interaction between people, but used for all kinds of activities, such as exchanging
experiences, posting information, expressing feelings and opinions, bringing people together and advertising
a company [1f]. Social media data can be analyzed to gain insights into either consumer or business behavior.
Hence, it may require filtering before meaningful information can be obtained, as the data to be analyzed may
contain false data or come from a spam campaign [2]. For instance, if we are looking for data published about
a particular event, we may end up with irrelevant and unnecessary data, for this reason filtering all data is a
required step [1]]. The current literature demonstrates the use of social media in a variety of fields, including
medicine, science, and economics, as well as the social sciences. During data collection, users need to be sure
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about the reliability and the source of the data, discarding any suspect ones. Users therefore want to be certain
that the data’s quality and relevance are adequate for the particular context while processing and evaluating the
data. As a consequence, the usefulness and dependability of the data improve decision-making in a variety of
ways [3].

Data quality is a current topic of great attention, thus, a holistic understanding of data quality is
the cornerstone of social media measurement studies. Therefore, the purpose of this study is to review the
existing literature to identify the dimensions of social media data quality, the data quality issues relating to
these dimensions, and the methodologies employed to analyze and measure these dimensions. By giving a clear
insight into research topics related to social media data quality, our goal is to determine which aspects have
been investigated and to identify any potential areas for further research. We then propose three categorizations
of the work by first, identifying the manifestations of data quality issues in social media. Second, the main
dimensions and metrics of data quality used in the social media context and finally summarizing the methods
used to analyze and measure quality. The results of this study will also be a starting point to outline and
measure the dimensions of social media data quality and to identify issues that need to be addressed to improve
the quality of social media data.

The rest of this research paper is structured as follows: we start by outlining the context and prelim-
inary, with an overview of the concepts of data quality and social media in section 2. Our research objectives
are listed in section 3 after that. In section 4, we describe the research methodology and explain the systematic
review’s following specific steps. Section 5 summarizes and reports the results. While section 6 discusses the
limits of this assessment and suggests further research avenues. Finally, section 7 presents our conclusion and
future research.

2.  BACKGROUND

Data quality is considered one of the most crucial parts for any decision-making, especially when such
decisions have a serious influence. This section provides an overview of the main research fields related to our
systematic literature review, namely data quality, and social media.

2.1. Concepts: data quality, quality dimensions and quality assessment

Generally, the notion of quality has been described as all the characteristics or attributes of a product
that define its capacity to satisfy explicit or implicit needs [4]. However, several efforts were made to provide
a clear definition of data quality. In the literature, some have characterized data quality as the extent to which
data are useful and suitable for use in a specific task or context [3], while [6] define it as the ability to be used
and processed by data consumers. As these definitions remain typically qualitative, various dimensions which
represent a single aspect of quality, have been proposed by some researchers to measure and describe data
quality. Hence, before selecting appropriate dimensions or categories, it is first required to specify what the
desired entity is and what the data quality problem is. Then, once this has been determined, all dimensions can
be quantified in the next step in order to provide information about the quality of the entity [4]].

Commonly, the different dimensions of data quality are defined qualitatively, with reference to general
characteristics of the data. On the other hand, the corresponding definitions usually do not provide quantitative
measures, but one or more specific metrics must be assigned to the dimensions as separate and distinct prop-
erties [4]. According to Batini et al. [7], data quality dimensions can be gathered into clusters depending on
their similarity with respect to their ability to capture an aspect of data quality. However, Wang and Strong [6]
described it as a collection of data quality attributes representing a unique aspect or construct of data quality.

The focus of data quality researchers is often directed at different aspects of data quality management,
as managing data quality usually includes selecting and classifying these quality dimensions in order to further
categorize and develop a quality model. Which is considered as a collection of data quality dimensions or
characteristics by which we can assess and evaluate the quality of our data to assess its relevance and to rate it
[8]. When analyzing the quality of data with meaning, the context and intended use of the data are taken into
account, this is known as data quality assessment.

2.2. Social media

Social media has been defined in multiple ways, it is not defined by a single kind of platform or data, it
is a set of web-based systems that enable massive interaction, conversation and sharing messages and contents
(images, videos, and articles) between members of a network [9]. Social media platforms are now playing a
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bigger role in internet users’ personal and professional lives, despite the fact that they were once dismissed
as a fad. Indeed, people are more and more using social media to get first-hand news and information [10].
Twitter and Facebook are some examples of the most popular social media websites which serve a wide user
population who are contributing and consuming content [11]].

Data from social media platforms captures a wide range of information and is presented in a variety
of formats, with varying access methods and levels of availability. Because of their huge amount of data and
timeliness, social media platforms face multiple issues, and most importantly quality issues [[LO]. Social media
data may be strictly textual or include audio or visual elements. Social media sites’ content can be retrieved
directly from the platform itself or using a number of partially or fully automated techniques [9]. Popular
platforms are numerous and subject to quick change, we can classify the types of social media according to
three categories, media sharing such as YouTube, DailyMotion, Instagram, Snapchat, and Flickr, professionals
like LinkedIn and Viadeo, and generalists such as Facebook, Twitter, and MySpace [12].

3. RESEARCH OBJECTIVES

To the best of our knowledge, no prior work has made an attempt to provide a comprehensive review
of the body of research on social media data quality using a systematic approach. In order to do this, we plan to
first determine and assess the findings of all relevant and high quality papers dealing with data quality in social
media context using a rigorous interpretation and evaluation approach, and then perform a comprehensive
survey of all available relevant evidence on quality in social media. To this end, the aim of this study is to
review the existing literature to identify the quality dimensions and metrics used in social media context, the
manifestations of data quality issues in social media, and the methods used to analyze and measure the quality.
Therefore, in addition to serving as a springboard for defining and measuring the quality dimensions required
to assess the quality of social media data, our findings are anticipated to give us, researchers and practitioners,
ideas for future research on data quality assessment. They will also provide a starting point for identifying
problem areas that need to be addressed in order to improve the quality of our data.

4. RESEARCH METHOD

To conduct our systematic literature review (SLR) of data quality in social media, we follow the
original SLR guidelines proposed by [13l], which consists of 4 steps; i) identify the scope of the review, ii)
search for the initial list of papers, iii) select all relevant papers, and iv) analysis and process of the data.

4.1. Identify the scope of the review

This step include 4 main tasks; i) specifying which period of time to take into consideration, ii)
identifying the appropriate search strings, iii) selecting databases and establishing the criteria for inclusion, and
iv) exclusion to be used for selecting studies.

4.1.1. Research questions

The aim of this SLR is the review of the current approaches or methods that are utilized or proposed
by the research community for data quality assessment in social media, in order to obtain a state of the art in
this area. Consequently, we have developed the following research questions:

— RQI : what are the main manifestations of data quality issues in social media context?
— RQ2: what are the most important dimensions and metrics for assessing social media data quality?
— RQ3: what methodologies have been used to measure social media data quality?

4.1.2. Range time and Search string

Our review was constrained in our study to only cover papers published between 2016 and 2021
because we had our search strategy delimited to include recent studies.

With the use of these well chosen search strings, we are able to access a comprehensive collection of
articles on data quality in relation to social media, drawing from a wide range of fields and domains. Thus, the
following is the search string we are using.

(“data quality”) AND (“quality dimensions” OR “quality assessment”) AND (“social media™)
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4.1.3. Databases

The online search have been then applied to the list of digital libraries that is presented in Table[I] We
based our selection on these digital libraries. Because they include all high-quality journals and proceedings of
conferences.

Table 1. Electronic data sources

Digital libraries URL

DBLP http://dblp.uni-trier.de

ACM digital library  http://dl.acm.org

Science direct https://www.sciencedirect.com/
Scopus http://www.scopus.com

4.1.4. Inclusion/exclusion criteria

The following Table2]provides a description of the inclusion and exclusion criteria used in our review,
and accordingly we decide whether or not to select each study for further analysis.

Table 2. The inclusion and exclusion criteria used in our study

Inclusion criteria Exclusion criteria

IC1: studies published between 2016 and 2021 ECI: studies that are duplicates

IC2: studies published in English EC2: studies that are not accessible online

IC3: full papers EC3: Master’s and Doctoral dissertations, tutorials, editorials and magazines

IC4: studies focused on data quality in social media context ~ EC4: studies that were not peer-reviewed

4.2. Search for the initial list of papers

Following the initial search on the four digital libraries. The resulting collection of publications have
been filtered on the basis of years of publication, abstracts, titles, and keywords. We then used the set of
inclusion/exclusion criteria to determine whether or not to select a study for further processing.

4.3. Select relevant papers

In order to demonstrate and strengthen the relevance of our study, the quality of each publication was
evaluated after reading the full text of the selected articles. Thus, a quality assessment checklist is provided
which can be used to determine the importance of each article and whether it includes the requested information.
Thus, our quality assessment checklist is presented in Table 3] we set five quality criteria (QC) whose value is
either yes or no (i.e. 1 or 0) to calculate and evaluate at last the score of each paper.

Table 3. Quality assessment criteria

Quality criteria Score

QCl: focus on data quality Yes/No (1/0)
QC2: focus on social media Yes/No (1/0)
QC3: DQ dimensions defined Yes/No (1/0)
QC4: DQ metrics defined Yes/No (1/0)

QCS5: manifestations of social media DQ issues identified ~ Yes/No (1/0)

4.4. Analysis and process of the data

We reviewed and analyzed the findings and insights contained in each selected paper in relation to our
research questions. However, not all articles answered all of our questions. Therefore, we extracted and stored
the relevant answers from the papers including; i) title and authors’ names, ii) publication year, iii) publication
type, iv) the findings and outcomes : the contribution, and v) quality assessment.

5. RESULT

This section presents the findings of our SLR using the research methodology detailed in the afore-
mentioned section 4. We discuss then the overview of selected papers and also the analysis of the results.
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5.1. Overview of selected studies

A set of 209 papers obtained from the electronic data sources searches using the search string. A
hand sort was done on the titles, abstracts, and keywords to discard duplicated studies, resulting in a set of 123
articles that qualified as relevant. Next, our inclusions and exclusion criteria were used, 10 papers were not
from journals or conferences, 5 papers were written in a language other than English, 17 paper was not full
paper and 19 papers are not accessible online. After full-text review, we further discarded 35 papers, as a result,
37 papers identified and are ready to be filtered by the application of our 5 quality assessment criteria presented
in Table 3] in order to guarantee that the findings contained will be a useful addition to our SLR. Finally, 15
papers that scored less then 2 were, therefore, discarded and a total of 22 papers remained eligible to address
our research question. The following Figure |l|shows the full overview of our selection process.

1- Conducting Digital libraries search

= = = =

76 paper: 71 papers 37 papers 25 papers

|

{

09 papers

2- Remove duplicates

123 papers

l}

3- Applying Inclusion/Exclusion criteria based on titles and abstracts

72 papers

1i

4- Reduction papers based on full paper contents

37 papers

i

5- Applying quality assessment criteria

22 papers

i

Figure 1. Summary of the selection process for the final papers

5.2. Classification of selected studies

We next analyzed and evaluated the results to generate an insight into the current state of the literature
in the area of social media data quality. In this phase, we investigated the distribution of our selected studies
by year of publication and data sources. Figure 2] presents the distribution of 22 selected publications between
2016 and 2021 by years in Figure [2{a) and data sources in Figure 2(b). Our findings show that the majority
of the papers, i.e., 65%, are published in the last three years of the explored time range, i.e., between 2019
and 2021. However, the distribution of the papers according to data sources shows that the highest number
of selected papers, with 32% were published in Scopus. The results for 2021 cannot be conclusive since the
research was conducted in early 2021.

7.5

Number of studies

SCOPUS DBLP ACM Science Direct

(b)

[+]
T T T T T T
2016 2017 2018 2019 2020 2021

(@)

Figure 2. The distribution of the selected studies by (a) year of publication and (b) data sources of publication
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5.3. Data extraction results
We highlight the research question addressed in section 4 by reporting the findings for each RQ from
our systematic literature review and discussing them in this section.

5.3.1. RQ1 : What are the main manifestations of data quality issues in social media context?

With the huge popularity of social media, undesirable users are multiplying to spread content con-
sidered as spam, for example ads and phishing websites [14]]. This distribution can cause major problems
including; i) violating users’ privacy, ii) pollute search results, and iii) degrading the accuracy of statistics ob-
tained through information retrieval tools. The easy-to-use interfaces and the low security limits on publishing
do not help to maintain a consistent level of data quality. These characteristics have made online social media
vulnerable to various attacks by a certain type of malicious users [3]]. According to Patone and Zhang [15], a
major concern about the use of social media for research is the non-representativeness of data, and the measure-
ment. For example, when choosing accounts to be studied based on account metadata, such as residency, one
may encounter errors in case the recorded information is not updated when there has been a change in status.
This type of error can directly affect the accounts selected for the study, i.e. the representation dimension of
data quality. According to Aquino et al. [16], the first challenge of social data quality is the difference that
social data represents depending on the social media from which it was created. This difference can be in the
type of social interaction i.e. the type of platform or the type of data i.e. whether it is structured or not. This
means that social data must be analyzed differently, depending on the social platform from which the message
originated. Research by Popescu et al. [17] investigated a number of issues with data quality between two
representations, social media and enterprise resource planning (ERP). Following that, they classified them into
three potential quality deficiencies, as indicated in Table

Table 4. Possible data quality deficiencies
DQ deficiencies Possible DQ problems

Ambiguous representation ~ The quality data is not clear
Data with diverse and imprecise meanings

Incomplete representation ~ Missing the reviews (or comments) on a product
Missing data (description) regarding the product

Meaningless representation  Data in a wrong format
A product description is related to another product

Social media is one of the volunteered geographic information (VGI) data sources that raises a num-
ber of concerns with regard to the use of specific quality measures. For instance, for usability dimension, it
might be quite challenging to explore social media data to look for patterns that can be used, because it is
harvested rather than crowdsourced. In spite of the potential absence of temporal metadata in the contribu-
tions, the temporal quality of social media VGI data is often good when compared to other data. Moreover,
the logical consistency in the lack of precise guidelines. In addition to positional accuracy, considering that
few contributions actually include a spatial reference. In terms of thematic accuracy, there is a lack of clear
product standards and user characteristics, which leads to a thematic heterogeneity. Finally, completeness is
also important because the location of the major users and the socioeconomic backgrounds of the contributors
frequently alter the distribution of user contributions [18]. According to Hajjar et al. [19], there are some
issues that reside in two important features in LinkedIn. For “skills and expertise” feature, the unstructured
textual data like abbreviations and contextual data. The challenges related to this issue are addressed by using
a standardized corpus that has been subject to some classification. As a result, this increases the correctness
and reliability of the data. Regarding the other feature, people you may know”, one of the main problems with
this feature is the scalability of the match data, the correspondence between a user and the other members.

5.3.2. RQ2: what are the most important dimensions and metrics to assess social media data quality?
This study examined and analyzed the quality dimensions and metrics used for assessing social me-
dia data quality and some manifestations of data quality issues disclosed in the included studies. Recently,
Koumtingue [[11]] focused particularly on Twitter as a social media platform of reference and discussed the
quality of social media data, they presented a comprehensive quality framework tailored to the analysis of
Twitter data and a reformulation of the traditional dimensions of quality is provided, as well as they described
new aspects of quality such as availability, reliability presentation, usability, relevance. Furthermore, Immonen
et al. [20] addressed the issue of evaluating the quality and managing the value of social media data in each data
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processing phase of the big data architecture by using quality metadata and quality policies. They provided a
model of six data quality dimensions with their assessment metrics and their potential applicability in the case
of Twitter. However, Péddkkonen and Jokitulppo [2] extended the previous work of Immonen et al. [20] and
focused on the evaluation of data quality management architecture for social media data. They addressed in
particular reference architecture (RA) design to facilitate design of quality management aspects into imple-
mentation architectures of big data systems. A tool has been implemented which enables assessing, filtering
and querying of tweet-related quality information based on the rules defined by users. Similarly, Arroyo et
al. [1]] have designed a visual interface that could help to measure the quality of data generated form the three
selected social networks by the users about a specific event. In order to develop the theoretical application, they
choose to focus on the five data quality dimensions proposed by [20]: credibility, corroboration, popularity,
opportunity, and relevance.

The purpose of [21] is to examine quality of short texts presented as posts, interpretations and con-
tributions from the online communities genius and stack overflow. The trust model, based on its metadata,
classified these short texts into four levels of trust: trusted, very trusted, untrusted, and extremely untrusted.
Patone and Zhang [15]] delineated two existing approaches, one-phase and two-phase approach to data analysis
based on social media data have been identified in the literature. For data quality assessment, they demon-
strated that applicable total error frameworks developed in terms of representation and measurement of general
statistical data can be used. Hatimi et al. [[18] has performed a literature review that supported the need to use
social media platforms as a source of VGI in the context of risk management applications (RMA). In addition,
they selected six relevant quality dimensions proposed by ISO 19157:2013 to be used in order to assess the
quality of gathered VGI data which are thematic accuracy, positional accuracy, completeness, temporal quality,
logical consistency and trustworthiness indicators which include reliability and reputation.

A different evaluation approach is suggested by [22]], which aimed to assess the quality of data avail-
able on YouTube videos regarding the side effects of biologic therapy. The quality and reliability of the videos
was assessed according to the global quality score (GQS) and discern score. Hajjar et al. [[19] discussed the
data quality issues related to data collected on social media. They choose for each social media platform, the
techniques used for data capture, analysis and processing with the satisfied data quality model. The purpose of
[23]] is to address the issues of measurement and representativeness of data using the results of a study in which
social media advertisements is used for a hard-to-reach sexual and gender minority youth population. They ex-
amine measures of data quality such as exiting the survey before completion, commonly known as “break-off”,
in addition to using the nonsubstantive responses to questionnaire questions such as “’prefer not to answer”” and
”don’t know”. However, Kim et al. [24] presented a cohort study and investigated how students use and eval-
uate social media data to help enhancing the understanding of the changes in students’ social media data use
and evaluation behavior. Looking into further studies that focused specifically on assessing social media data
quality. Tilly et al. [25] proposed a new model of data quality in social media that can explain the interplay
of existing conceptualizations and provides a comparative analysis of these conceptualization. Research by
Aquino et al. [[16]], focused on the issue related to data quality when dealing with social and sensor data, and
present a framework for social and sensor data quality standardizing whose objective is to evaluate and control
data quality aspects using two components: social and sensor DQ component, each component is composed
by two subcomponents: DQ assessment and DQ enhancement sub-components. In the field of education, we
have the work of [26] regarding how the human factor greatly impacts the quality of data collected from social
media. They developed a social media evaluation tool, WeSQu, in order to help evaluators paying attention to
the critical factors of social media service quality. The WeSQu tool includes the following dimensions: reli-
ability, accessibility, security and privacy, supporting navigation, text readability, data presentation, and user
motivation.

About credibility, Abbasi and Liu [27] focused only on one dimension; the credibility of users in
social media. They start by investigating the situations in which the credibility of the content or of the user
cannot be assessed based on the user’s profile. Then, a CredRank algorithm was proposed to measure user
credibility and analyze the online behavior of social media users. ODonovan et al. [28] presented an analysis
of the distribution of the individual features in Twitter such as hashtags, retweets and mentions that can be used
to find interesting, newsworthy and credible information. We summarize the findings of this research question
in the below Table[5] in which we represent the duality dimensions and metrics used in these studies.

Assessing the quality of social media data: a systematic literature review (Oumaima Reda)
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Table 5. A summary of DQ dimensions and metrics used in our review

DQD Proposed metrics Studies
Accessibility (101, [191,126]
Accuracy [10], [19], [21]
Auditability [10]
Authorization (O]
Availability [10], [19]
Believability Evaluated based on creation-date, status-count, followers-count and friends-count, [20]
and is-verified
Backup [19]
Balanced [22], 1211
Comparability [L5]
Completeness [10], [18]
Conformance [25]
Correctness [19]
Consistency [10], [19]
Correspondence [25]
Corroboration Evaluated based on publication’s list, all comments in all publications, the volume of  [1]], [20]
data sets analyzed based on which the identified problem is recognized
Coverage [15]
Credibility Evaluated based on registration date, social context and is a verified account? [, (01, 1271,
28]
Definition [10]
Efficiency [19]
Rapidity [119]
Fitness (100, 125]
Identification [15]
Integrity [10]
Logical consistency [18]
Mapping [15]
Metadata [10]
Navigation [26]
Opportunity Evaluated based on date of all publications [
Organizational [25]
Perceived 125]
Performance [19]
Popularity Evaluated based on how many people retweet, friend, comment, like, follow, andread ~ [1]], [2], [20]
a tweet
Positional accuracy [18]
Precision [21]
Presentation [10], [26]
Protection [19]
Readability 1101, [26]
Reference [22]
Reliability [101, [19], 126]
Scalability [19]
Security [19], [26]
Semiotic [25]
Sensitivity [21]
Specificity [21]
Relevancy Evaluated based on comparing the distance cosine between the words in a tweet, the ~ [1]], [2], [10],
context, the list of comments and the number of occurrences of relevant keywords [15], [20]
Structure [10]
Sustainability [19]
Temporal quality (L8]
Timeliness Evaluated based on timestamp of a tweet (creation date) [10], 191, [20]
Thematic Accuracy 18]
Trustworthiness [18]
Uncertainty [22]
Understandability 191, [122]
Unit [15]
Usefulness (LTl (9]
Validity [20], [22]
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5.3.3. RQ3: what methodologies have been used to measure social media data quality?

We used a similar analysis process to determine the methods and techniques conducted to measure
data quality in social media. A wide range of methods for assessing and improving data quality are available in
the literature. Due to the diversity and complexity of these methods, research has recently been focused on de-
veloping methodologies for choosing and implementing data quality assessment and improvement techniques.
Research by Berlanga et al. [29], which proposed a new methodology whose goal is to determine a valid quality
indicator as a metric in order to assess and analyze the overall quality of a collection of posts and user profiles
from various perspectives, as well as to include the measures obtained by multiple QC used to filter the relevant
posts for a social business intelligence project. Abbasi and Liu [27]] proposed a method for measuring user
credibility in social media by means of a CredRank algorithm which consist of detecting and clustering users
who are dependent and assigning weight for each cluster based on its size. This CredRank algorithm looks for
users who exhibit similar conduct and groups them together. The similarity between users can be calculated
with the following, where B(u;, t) is user u;’s behavior in timestamp t and the function o (B(u;,t), B(u;,t))
that measures the similarity of two users’ behavior in the given timestamp t.

Sim(us,uy) = 250 i, o(Blug, t), B(uj, t)) (D

Next, apply weights to the clusters using the following formula, where w¢; represents the weight
given to the cluster C; with |C;| members. The indicated value reveals how much credibility the member has.

el
Wei = =, Vol 2)

Moreover, Hajjar et al. [[19] discussed, evaluated and then compared the existing techniques used for
data capture, analysis and processing. They presented a framework of techniques for assessing the quality of
big data that is suitable for several social media according to different needs and specifications. The Table [6]
introduces some analytic techniques used to identify the quality of social media data.

Tanvir et al. [30] suggested a model for recognizing and detecting fake news messages extracted
from twitter posts. A deep learning-based model is proposed to identify whether a news is good or fake,
and five different types of machine learning algorithms are used in this study to see how well the data fit
into the model, such as Bayesian model, recurrent neural network (RNN), long short-term memory, logistic
regression and also support vector machine. Equally, the aim of the work presented by [31] was to present and
evaluate two types of classification methods namely logistic regression and fuzzy logic to assess the quality
of crowdsourced social media data retrieved from the public Twitter archive during flood events in Thailand.
Another kind of assessment is implemented by [22] who used questionnaires to asses the quality and the
reliability of data in videos posted in youtube, where they assign scores on each question answered. The
discern score presented in the following Figure [3] Last but not least, Alsyouf et al. [32] published a case
study to assess the veracity of the most widely read articles about genitourinary malignancies on four social
media sites (Facebook, Twitter, Pinterest, and Reddit) and to determine the frequency of false information that
is available to patients. BuzzSumo, a social media research tool that enables users to apply keywords to search
for article links on the most well-liked social media platforms, was used to find these stories.

Table 6. Quality of social media data analytic techniques [19]
SM platforms ~ SM techniques

Facebook FQL, Netvizz

Twitter DataSift, Gnip, Topsy

Flickr NodeXL

LinkedIn Text mining, DataFu Pig, DataFu Hourglass
v ¥ v v v

[ Validity ][ Uncertainty ][ Understandability ][ Reference ][ Balanced ]

Figure 3. The discern used to assess the quality and reliability of video
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6. DISCUSSION

In this section, we outline and discuss the findings and the results in RQ1, RQ2, and RQ3 to depict the
current landscape of social media data quality research. Next, we highlight the limitations of our systematic
review of the literature. Given an environment as open and out of control like many social media platforms, it
is difficult to find the appropriate data. There is a lot of issues related to this data, that we aimed to identify
in the first research question. Among 22 reviewed papers, there are 8 studies that addressed the issues and
possible deficiencies of quality of data received from social media. Firstly, the issue of undesirable users
called spammers, which can violate users’ privacy, pollute search results and degrade the accuracy of statistics
obtained through information retrieval tools. On Twitter, spammers take advantage of various services provided
to launch their spam attacks via URLS, hashtags and mention services. Anti-spam mechanisms are proving to
be insufficient to stop the spam problem, which raises a real concerns about the quality of data collections being
vacuumed. Then, the simple usability of the interfaces and the low level of security in the publications do not
contribute to keep a stable level of data quality. These characteristics have made social media vulnerable to
various attacks by a certain type of malicious users. One of the main characteristics of social media is their
dependence on users as the primary contributors in generating and publishing content. This dependency on user
contributions could be exploited in positive ways, including understanding user needs for marketing purposes,
studying user opinions, and improving information retrieval algorithms.

In this systematic review, we aimed to identify the different data quality models currently used in
social media to define the quality dimensions and metrics commonly suggested by researchers. Within these
different dimensions of data quality, there are a number of measures of quality that can be used to assess data
quality. Therefore, the majority of research carried out between 2016 and 2021 has concentrated on the data
quality model. As a result, there are almost 58 quality dimensions provided in RQ2. As can be seen in the
next Figure[d] based on the reviewed papers, the most dimensions used to assess social media data quality are
namely accessibility, reliability, accuracy and relevancy.

Having discussed the different methods used to analyze and measure social media data quality, several
studies now look into the possibility of validating these methods. Various techniques also designed to process
the quality of data such as; fuzzy logic, data mining, and machine learning. However, RQ3 addresses new
methods that might be useful for assessing the quality of social media data.

Although we systematically followed a research and review strategy by using the guidelines proposed
by [13], however, some research might not have been considered in our data collection for some reasons. Firstly,
our final review process was restricted to 4 particular electronic sources; Scopus, Science direct, DBPL and
ACM, and the use of a limited set of keywords. There may be potentially some papers, for example in different
languages, which are not listed in the databases or identified using our keywords. Secondly, in our search we
only focused on empirical studies on social media data quality, therefore we could have underestimated the
current state of research on data quality.
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Figure 4. Data quality dimensions used in our study
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7. CONCLUSION

In order to measure data quality in the context of social media, this research conducts an SLR of
empirical experiments. Using data gathered from 22 research articles released between 2016 and 2021, our
SLR addressed three key research questions. The current work offers a novel overview that categorizes var-
ious social media data quality issues, quality dimensions, and data analysis and measurement methods. The
findings recommend future research directions including creating guidelines for defining particular dimensions
of data quality and frameworks for measuring data quality in social media, as well as addressing data quality
problems. As part of future efforts, it is intended to broaden quality evaluation to incorporate more data quality
dimensions, as it is currently only confined to a few ones. Focusing on a particular platform or data source,
creating a new quality evaluation model, then selecting and proposing metrics to evaluate them, is one of our
top priorities.
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