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Abstract 

Data analysis originated from social media presents huge interest among 

researchers and practitioners. In order to understand better and clarify notions and 

methodologies, used regarding social media analytics, a framework is needed with 

clear classification schemes and procedures. The objective of this paper is to 

develop a unified framework that clusters the possible categories of data and their 

interactions. Furthermore, the proposed framework indicates the procedures that 

have to be followed in order to achieve the most optimized choice of social media 

analytics (SMA) methodology, initiating the 4P's procedure (People, Purpose, 

Platform and Process). Next, the methodologies used on SMA, in specific the 

structural and content-based analysis, as well as their sub-methodologies 

(community and influencers' detection, NLP, text, sentiment and geospatial analysis) 

are indicated. The proposed framework will facilitate researchers and marketers on 

the decision-making process by clarifying each step, regarding the objectives, the 

involved parties, the social media platform and the analysis process that can be 

chosen. 

Keywords: Social media; Social media analytics, SMA Framework; Social Data; 

SMA methodologies, Decision-making.  

 

 

1. Introduction 

Social media provide practitioners and researchers with the relevant communication 

tools with customers and vice versa. Consumers, in that way, acquire a voice that 

marketers use in order to convert social media data into useful marketing insights. 

On January 2017, Facebook counts more than 1.8 billion active users and Google 

more than 415 million. We upload 10000 photos on Instagram and we perform over 

20000 times of Skype calls every second. Internet produces 31500 GB of data every 

second (www.internetstats.com). If Facebook was a country it would be bigger than 

China or India, two times bigger than Europe, ten times bigger that Russia and 1.8 

million times bigger than Vatican City (esa.un.org). Kaplan and Haenlein (2010) 

define social media as a group of Internet-based applications that build on the 
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ideological and technological foundation of Web 2.0 and that allow the creation and 

exchange of user generated content (UGC). In 2010 social media represented a 

revolutionary way for companies to do business and could be seen as the most 

remarkable innovation penetrating the everyday life. Five years later, more than 70% 

of marketers use Facebook to successfully gain new customers in a total of 93% of 

marketers who use social media for business matters (shortstack.com). Forrester 

Research, Inc. predicts that social media will be the second-fastest growing 

marketing channel in US in 2016 (Gandomi & Haider, 2015). Constantinides and 

Fountain (2008) claim that Internet of Things and Web 2.0 will offer endless 

possibilities in the business world. Social media, also as a part and sub-category of 

big data platforms, will contribute to such possibilities, as well. As a result of these 

innovative web models and technologies on the social media landscape, 

considerable research issues and questions arise, regarding social media analytics 

and big data technologies: How to render actionable the large datasets from social 

media? How to classify all the relevant techniques? How to capitalize all the existing 

information? The objective of this study is to approach the above research issues 

regarding several social media types, social media analysis methodologies in a 

precise unified framework, based on literature review and Internet search. Our 

proposed framework will facilitate the decision-making process of practitioners and 

researchers. Each part of the framework is explained and composed of the relevant 

literature. Therefore, e specific procedure of well-analyzed steps is followed in order 

to take the best decision of which will be the best methodology, data or tool to use.  

The article is structured as follows. Next, we perform a full report of social media 

landscape, presenting three main classification suggestions for social media. 

Furthermore, we analyze social media on marketing and its research options. In the 

following section we present the main definitions for social media analytics analyzing 

further different approaches in analysis, dividing in structural and content-based 

approach. All the above literature review and discussion leads to a unified framework 

suggested for the SMA procedure. Finally, we provide with concluding remarks and 

future research implications.  

 

2. The social media landscape 

The assemblage of the extrapolated social data is the main subject for further 

analysis. In order to study Social Media Analytics (SMA), analysts need to 

understand fully the complete social media landscape. Current literature consists on 

diverse theories and frameworks regarding social media taxonomy. Constantinides 

and Fountain (2008) present a five-group classification system composed from: 
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Blogs, social networks, content communities, forums and content aggregators.  

Respects to the same authors, back in 2008, blogs were the most known and fastest-

growing category of Web 2.0 applications. Today the scenery is completely different, 

with social media, and especially Facebook, to be the dominant platform, followed by 

Google+, Twitter and Pinterest (www.pewresearch.org). Kaplan and Haenlein (2010) 

divide social media on collaborative wikis, blogs, social content and virtual 

communities. Mangold and Faulds (2009) separate social media on social networking 

sites, creativity work sharing sites, user sponsored websites, company sponsored 

cause, invitation-only social networks, business networking sites, collaborative web 

sites, virtual worlds, commerce communities, podcasts, news delivery sites, 

educational material sharing sites, open-source software communities and social 

bookmarking sites. 

 

Table 1: Main classifications of social media. 

Authors Social media categories 
Constantinides and Fountain (2008) Blogs, social networks, content 

communities, forums, content 
aggregators 
 

Kaplan and Haenlein (2010) Collaborative wikis, blogs, social 
content, virtual communities 
 

Mangold and Faulds (2009) Social networking sites, creativity work 
sharing sites, users sponsored websites,  
company sponsored cause, invitation-
only social networks, business 
networking sites, collaborative websites,  
virtual worlds, commerce communities, 
podcasts, news delivery sites, 
educational material sharing sites, open-
source software communities, social 
bookmarking sites 

 

3. Social Media Marketing & Analytics Research Options 

SMA is the practice of gathering data from social media platforms and applications 

and analyzing that data to make effective business/ marketing decisions. The most 

common use of SMA is to mine customers' sentiment, support marketing and 

customer service activities. 

In specific, research on social media marketing and analytics is divided into three 

areas, according to the point of focusing the involved entities and their roles. 

Therefore, social media analytics can be approached from several perspectives, 

related to the different involved entities: the users’/ customers’ perspective, the 

platform and application providers’ perspective, and the suppliers’/organizations’ one. 
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Therefore, consumer- centric studies generally focused on social media use and their 

impact on consumer behavior. Researchers need to study several perspectives of 

usage alternatives. For example, which is the specific platform and application used, 

how often used, how and when or what do they seek, what is their demographics and 

which is the specific field of interest (e.g. health, tourism, general info, travel, sports, 

games, etc.). This research analysis leads to large volumes of data, here and after 

known as CustomerData or CD that constitute valuable resource for the marketing 

strategy related to the decision making of several organizations. On the other side, 

platforms and applications of social media, concentrate also the interest of 

researchers posing a series of questions, like: which are the appropriate or most 

preferred platforms and applications, what data they record, which is the relationship 

between platforms and customers. We call these data, PlatformData or PD. The third 

perspective is consisted of the supplier-related social media studies, focusing on the 

specific use of social media by several organizations/ brands (e.g. TripAdvisor, 

Skyscanner, Uber, Booking, Trivago, etc.). Companies may have doubt as to 

whether their investments in social media marketing could turn into business or how 

much resources they should invest in several social media platforms/ applications. 

These research questions can be answered based on data collected and analyzed in 

order to provide clues or directions for their future marketing strategy. The ultimate 

goal of the organizations for employing several social media is to convert social 

media visitors to actual customers, using social media platforms for information 

dissemination – sharing, brand awareness, engagement, advocacy, and direct sales. 

The companies' social media sites are the intermediates between platforms and 

customers, combining useful, but different data from alternative sources and media 

(also known as Suppliers’/ BusinessData or SD), rendering these data actionable for 

business insights and decision-making procedures. The raised challenge for 

marketers and data analysts is what to do with this amount of user-generated data, 

and how exactly to analyze these data in order to be more effective (Kobielus, 2010). 

According to Smith, Pilecki, and McAdams (2014)social media analytics should be 

used, in order to make the emerging social data actionable based on the following 

four P’s procedure: People (assign responsibilities, clarify tasks and identify skills), 

Purpose (set goals and metrics in continuous way), Platform (determine the exact 

platform - source of data - to use) and Process (identify and distribute the insights to 

the involved entities). 

The first step in a social media analytics initiative is to determine which business 

goals data gathered and analyzed will benefit. Typical objectives include brand 

awareness & engagement, increasing revenues, reducing customer service costs, 
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getting feedback on products and services and improving public opinion of a 

particular product or business division. Once the business goals have been identified, 

specific metrics (e.g. key performance indicators -KPIs) for objectively evaluating the 

data should be defined. SMA refers to the approach of collecting data from social 

media platforms and evaluating that data to support business decisions.  

 

4. Social media analytics 

Social media constitute a source of data, information and knowledge, which analysis 

leads to understanding real-time consumer choices, intentions and sentiments. The 

most prevalent application of social media analytics is to get to know the customer 

base on a more emotional level to help better target customer service and marketing. 

As we notice, the social media environment is complex enough with a plethora of 

definitions and classifications. As a consequence, SMA is also not yet fully clarified. 

Many researches argue that there is a scientific gap concerning the taxonomy of the 

field of SMA and the relative techniques/ methodologies. Next we provide with 

several definition approaches for SMA, four from scientific journals and four from the 

business world. Thus, understanding the field exactly will help us to choose the 

appropriate sub-category related to the SMA objectives. 

 
 

Table 2: SMA definitions 

Authors SMA definition approaches 

Daniel, Hsinchun, 
Lusch, and Shu-
Hsing (2010) 

[…] developing and evaluating informatics tools and 

frameworks to collect, monitor, analyze, summarize, and 

visualize social media data, usually driven by specific 

requirements from a target application. 

Yang, Kiang, Ku, 
Chiu, and Li (2011) 

[…] developing and evaluating informatics tools and 

frameworks to measure the activities within social media 

networks from around the web. Data on conversations, 

engagement, sentiment, influence, and other specific 

attributes can then be collected, monitored, analyzed, 

summarized, and visualized. 
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Authors SMA definition approaches 

Mayeh, Scheepers, 
and Valos (2012) 

[…] scanning social media to identify and analyze 

information about a firm’s external environment in order to 

assimilate and utilize the acquired external intelligence for 

business purposes. 

Grubmüller, Götsch, 
and Krieger (2013) 

[…] social listening and measurements […] based on use 

generated public content (such as postings, comments, 

conversations in online forums, etc.). 

Sterne and Scott 
(2010) 

SMA is the study of social media metrics that help drive 

business strategy. 

Nielsen (2012) SMA is the ability to analyze performance of social media 

initiatives and social data for business intelligence. 

Bensen Connie -  
Dell Company 
(conniebensen.com) 

[…] consist on web analytics, engagement and revenue 

generated from social media. 

Awareness (2012) […] an evolving business discipline that aggregates and 

analyzes online conversation (industry, competitive, 

prospect, consumer, and customer) and social activity 

generated by brands across social channels. SMA enable 

organizations to act on the derived intelligence for business 

results, improving brand awareness and reputation, 

marketing and sales effectiveness and customer 

satisfaction and advocacy. 

 

Next, we classify SMA in main methodologies and sub-methodologies. More 

analytically, SMA can be divided in two main methodologies - each one following by 

further sub-divisions: a. structural analysis and b. content-based analysis. 

 

5. SMA Methodologies 

With the emergence of social data and the advance of analytical technologies and 

methodologies, organizations can apply SMA in order to create a competitive 

advantage within their markets. Studying several approaches on SMA, we conclude 

that there is not a specific choice suitable for every decision, but it is common the 

combined use of several analyses. In specific, according to the literature, SMA can 

be divided in structural and content-based. Each of them contains different 

subcategories of analyses. Through structural analysis we conduct community and/ 
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or influencer detection. With content-based analysis we conduct sentiment, text, 

geospatial analysis and natural language processing. Next figure summarizes the 

above mentioned processes and their interactions. More analytically, we present 

each analysis methodology, based on the existing literature. 

 

5.1 Structural analysis 

Structural analysis is performed mainly by graphs. It is the base notion for two 

important techniques; community and influencers’ detection (Gandomi & Haider, 

2015). Community detection is capable of revealing homophily and shared 

characteristics among users, as well as personality's correlations with social media 

(Chu & Chen, 2016).   Behavioral patterns of community can also be detected from 

graphs (Aggarwal, 2011). Influencers’ detection is also another useful technique on 

structural analysis and graphs. By counting, for example, the number of edges of a 

node, analysts understand which user is more active, who interacts with whom, who 

posts more item etc. Community and influencers’ detection is strongly correlated with 

behavioral analytics and social science and represents a field of study for many 

researchers (Amichai-Hamburger & Vinitzky, 2010; Bishop, 2007; Kaptein, 

Markopoulos, de Ruyter, & Aarts, 2009; Moore & McElroy, 2012; Ryan & Xenos, 

2011). 

 

5.2 Content-based analysis 

Content-based analysis is the most complete type of analysis on social media. This 

subcategory contains all the data mining techniques based on statistics, computing, 

engineering and machine learning. Generally, the content-based analysis focus on 

user generated content, whether this content is text, video, images and/ or geospatial 

data. This type of data is mostly unstructured, noisy and dynamic. Today, 2.5 billion 

GB of unstructured content (sensors, social media posts and photos) is created every 

day, while only a 1% of the data is finally analyzed. Unstructured data represent the 

90% of all data available (IBM, n.d.; Syed, Gillela, & Venugopal, 2013; Valkanas & 

Gunopulos, 2013). 

Four sub- analysis processes are included in content-based analysis: 

a. Natural Language Process (NLP). In this type of analysis, data mining is 

performed on text, trying to produce meaningful outcomes. NLP is related to 

computer-human interaction, artificial intelligence and linguistics. After studying 

relevant definitions, we conduct that text analysis is supplementary for NLP. Text 

analysis conducts lexical analysis by recognizing patterns and word frequencies 

(Bello-Orgaz, Jung, & Camacho, 2016; Gandomi & Haider, 2015). 
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b. Sentiment analysis. This type of analysis applies the NLP outcomes in order to 

extract users’ sentiments and opinions on a subject. Sentiment analysis adapts tools 

from machine learning, such as automatic procedures for determining opinions and 

extracting subjective information from users (Batrinca & Treleaven, 2015). 

c. Text analysis. The text data are commonly related to information associated to 

context and content. Aggarwal (2011) considers important to extend text mining to 

incorporate context in order to obtain powerful text analysis. Regarding social media, 

text analysis refers to the lexicon analysis of posts, comments, even photos.  

d. Geospatial analysis. This type of analysis includes four types of diverse data 

such as: a. both location and time sensitive data (e.g. foursquare), b. location 

sensitive only data (e.g. yelp), c. time sensitive only data (e.g. Facebook status 

updates and tweets), and d. neither location nor time sensitive data (YouTube videos 

and Wikipedia entries). 

Next we propose a unified framework that collects both existent and original schemes 

for SMA. In order to summarize the SMA process we use the Smith's et al. (2014) 

model of 4 P's together with this article's proposed models of Data Interaction and 

SMA methodologies. On Figure 1, the correlations and the process from one model 

to another are shown.  On previous paragraphs we explained all the mid-processes 

analytically. Figure 1 shows the alternate usage among the different proposed 

frameworks. More analytically, after clarifying People involved, the Purpose of the 

research, the social media Platform used and the Process chosen, the study has to 

be focused on the Data Interaction and Gathering. Consequently the framework 

indicates the internal interactions among all SMA methodologies. We notice that 

every item of the proposed framework is correlated with the others, interchanging 

measurable data or techniques. We can notice this interchangeable nature also on 

Table 3, where diverse methodologies are used in common according to the 

literature review, since several of the research articles use techniques and methods 

that are mutual.  
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Figure 1: A unified framework for Social Media Analytics procedure 

 

Lastly, Table 3 summarizes for each sub-methodology proposed, the relevant 

literature. This table will provide researchers and practitioners the necessary 

information for further research of the methodologies, depending on their specific 

choice.  
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Table 3: Literature review for SMA related articles 

Main SMA 

methodology 

Sub-methodology Articles 

Structural 

analysis 

Community detection Amichai-Hamburger and Vinitzky 

(2010); Bishop (2007); Kaptein et al. 

(2009); Moore and McElroy (2012); 

Ryan and Xenos (2011); Aggarwal 

(2011); Gandomi and Haider (2015) 

Influencer detection Chang and Chen (2014); Fan and 

Gordon (2014); Leong, Ooi, Chong, 

and Lin (2013); Taneja, Vitrano, and 

Gengo (2014) 

Content-based 

analysis 

NLP Bello-Orgaz et al. (2016); Gandomi 

and Haider (2015); Huang (2015); 

Koohikamali, Peak, and Prybutok 

(2017) 

Sentiment analysis Batrinca & Treleaven, (2015); Amjad 

and Wood (2009); Hajli, 

Shanmugam, Powell, and Love 

(2015); Mandilas, Karasavvoglou, 

Nikolaidis, and Tsourgiannis (2013); 

Tang, Chen, Yang, Chung, and Lee 

(2016) 

Text analysis Agner et al. (2014); Armitage (2005); 

Asur and Huberman (2010); Bollen, 

Mao, and Zeng (2011); Gayo-Avello 

et al. (2013); He, Zha, and Li (2013); 

Liu and Lee (2010); O’Connor and 

Paunonen (2007) 

Geospatial analysis Al-Debei, Al-Lozi, and 

Papazafeiropoulou (2013); 

Bozionelos and Bennett (1999); 

Mandilas et al. (2013) 

 

As we notice, articles are almost equally distributed in each category. This can be 

explained by the fact that it is difficult to use only one methodology without consider 

the others, nor use them. So if a researcher studies one method, it is common to 
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consider and further methodologies. Even though, in order to classify the articles, the 

most used method of each article was taken into consideration, although other 

methods may have been mentioned. 

Additionally, we provide an index with related software in order to perform each sub-

methodology, together with the relative links, where applicable (Table 4). We notice 

that same tools are used for different methodologies, since many times, these are 

being used interchangeably. An exception is noticed on community detection 

methodology. In this case, we provide with the main algorithms that are used for this 

type of analysis and not only the software used.  

 
Table 4: Software for different types and techniques of analysis 
 

Main SMA 

methodology 

Sub-

methodology 

Related software 

Structural analysis Community 

detection 

Algorithms: Infomap, Label propagation, Multilevel, Walktrap, 

Spinglass, Edge betweenness 

Software: Gephi, NodeXL, MIT’s senseable 

(http://senseable.mit.edu/community_detection/) 

Influencer 

detection 

Upfluence (search.upfluence.com), followerwonk 

(moz.com/followerwonk), Buzzsumo (buzzsumo.com), .Kred 

(home.kred/), Klout (klout.com/home), Klear (klear.com), 

Traackr (traackr.com), Linkdex (linkdex.com), brandwatch 

(brandwatch.com/audiences), Inkybee (inkybee.com) 

Content-based 

analysis 

NLP IBM SPSS Text Analytics for Surveys, Google Translate API, 

IBM Watson Conversation, Epic, BLLIP Parser, Apache 

cTAKES, OdinText, NVivo, ClearTK, CogComp NLP, Colibri 

Core, Cortical.io, CRF++, Deeplearning4J, FACTORIE, FoLiA, 

Google Cloud Natural Language API, CoreNLP 

(stanfordnlp.github.io/CoreNLP), Apache Open NLP 

(opennlp.apache.org) 

Sentiment 

analysis 

PeopleBrowsr (peoplebrowsr.com), Google analytics 

(www.google.com/analytics), hootsuite (hootsuite.com), 

TweetStats (tweetstats.com), Facebook Insights, Unified 

(unified.com), Socialmention (socialmention.com), DatumBox 

(datumbox.com/machine-learning-framework) 

Text analysis RapidMiner, KH Coder, Coding analysis toolkit (CAT), TAMS 

(tamsys.sourceforge.net), Apache Mahout, Natural Language 

Toolkit (nltk.org), DatumBox, TwinWord (twinword.com), 

Apache UIMA, LingPipe (alias-i.com/lingpipe), Gensim 

(radimrehurek.com/gensim), GATE (gate.ac.uk), IBM Watson 

Analytics 

Geospatial 

analysis 

Hootsuite, ElasticSearch.co, IBM Watson Analytics 
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We observe that multinational big companies like IBM, Hootsuite, Apache and 

Google, produce software that is capable of analysis in multiple fields and sub-

methodologies. On the other hand, smaller companies are limited in one or two 

methodologies but they are available for free usage or even for open source edit.  

 

6. Conclusion 

With social media we produce a vast amount of data, introducing data analysis 

procedures in the big data era. Marketing science, together with information 

technology and statistics have great interest on understanding and analyzing social 

media, and managing data. Even if SMA can be considered on its early stages of 

maturity, organizations and other involved entities can capitalize on social media 

turning them to their advantage. This can be succeeded by using right and 

scientifically the different methodologies, by creating the right strategies, turning SMA 

in actionable insights, and by employing the right technology. The findings are 

expected to benefit researchers and marketers by supporting them better understand 

what has been hitherto achieved. In addition, both researchers and practitioners can 

use as a main guide our proposed model in order to make the procedure towards the 

choice of the appropriate method.  

Social media analytics present a series of advantages facilitating businesses. By 

analyzing social media, digital marketers can enlarge the potential audience of 

enterprises, encourage sharing content, increase brand loyalty and uncover 

important insights and outcomes. On the very opposite, negative feedback is a major 

disadvantage for companies and analysts. Furthermore, social media analysis can be 

time intensive, since it is necessary from specialized personnel to monitor 

continuously each network, read feedback and answer questions. It is a fact that 

there is no unique approach on social media analytics. Researchers need to consider 

all possible methodologies, many times combining them, in order to succeed more 

useful insights. Since this combination is necessary, a comparison among 

methodologies may not be practical for researchers and practitioners. On the 

contrary, deep knowledge of all methodologies and tools is essential in order to 

determine the percentage and the necessity of each methodology.   

By knowing how to effectively measure the social media value, companies and 

individuals can produce insights that allow them to improve and promote their 

products and services, or even themselves (for individuals). Paraphrasing Peter 

Sondergaard from Gartner Research, Data Analysis, Big Data and Social Media are 

the oil of the 21st century and Social Media Analytics, the combustion engine.  
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