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Social Media Analytics
An Interdisciplinary Approach and Its Implications
for Information Systems
Social Media Analytics is an emerging interdisciplinary research ﬁeld that aims on
combining, extending, and adapting methods for analysis of social media data. On the one
hand it can support IS and other research disciplines to answer their research questions and
on the other hand it helps to provide architectural designs as well as solution frameworks
for new social media-based applications and information systems. The authors suggest that
IS should contribute to this ﬁeld and help to develop and process an interdisciplinary
research agenda.
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1 The Era of Big Data and Social
Media Analytics
In recent years, social media have experienced tremendous growth in their
user base. For example, there are more
than one billion members belonging to
the Facebook network (Facebook 2013),
while Twitter now has more than 280 million monthly active users (GlobalWebIndex 2013). There are a large number
of different social media applications or
platforms which in general can be categorized as weblogs, microblogs, social
network sites, location-based social networks, discussion forums, wikis, podcast networks, picture and video sharing
platforms, ratings and reviews communities, social bookmarking sites, and avatarbased virtual reality spaces. In a broader
sense, social media refers to “a conversational, distributed mode of content generation, dissemination, and communication among communities” (Zeng et al.
2010, p. 13).
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The mainstream adoption of social media applications has caused a paradigm
shift in how people communicate, collaborate, create, and consume information. In particular, the process of information consumption and dissemination
is closely interrelated with the process
of generating and sharing information
(Zeng et al. 2010). Furthermore, while
of course huge societal power differentials persist, the curation and diffusion
of publicly available information is no
longer as easily controlled by a small
number of institutional “gatekeepers”.
In addition to the personal, everyday
uses that are the source of social media’s mass adoption, social media have
also been increasingly used as communication channels in business, political, and
other contexts. For example, companies
have started to adopt internal as well as
external (public) social media platforms
for a number of purposes. While the
use of internal social media applications
should improve communication and collaboration among employees, knowledge
management, and product/service innovation, various companies have started
to establish social media-based networks
with business partners and have also begun to engage in public social media activities for the purposes of marketing,
public relations (PR), customer relationships, reputation management, and recruitment. In the political domain, social media are believed to have the potential to increase political participation by
citizens and voters (Wattal et al. 2010).
While Twitter is an ideal public platform for disseminating political information and opinions quickly and widely
89
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(Stieglitz and Dang-Xuan 2013a, 2013b;
Bruns and Highfield 2013), political actors (e.g., politicians, parties, foundations, etc.) have also begun to use Facebook to enter into dialogues with citizens and to encourage more political
discussions.
Academic research from various disciplines of the social and even the natural and applied sciences has recently devoted more attention to social media. Social networks and social media have also
become an important domain in information systems (IS) research. This recent
interest in “Big Social Data” (Manovich
2012; Burgess and Bruns 2012) has been
driven in part by facilitated access to
large-scale empirical datasets from popular online social networking platforms
such as Twitter, Facebook, and LinkedIn,
as well as from other platforms that
facilitate mass collaboration and selforganization such as weblogs, wikis, and
user tagging systems. As boyd and Crawford (2012) point out, “the era of Big
Data is underway. Computer scientists,
physicists, economists, mathematicians,
political scientists, bio-informaticists, sociologists, and other scholars are clamoring for access to the massive quantities of
information produced by and about people, things, and their interactions” (boyd
and Crawford 2012, p. 663). Defined as
a cultural, technological, and scholarly
phenomenon that rests on the interplay
of technology, analysis, and methodology, Big Data is “less about data that is
big than it is about a capacity to search,
aggregate, and cross-reference large data
sets” (boyd and Crawford 2012, p. 663).
From a research perspective, social media can be understood as a kind of living lab, which enables academics to collect large amounts of data generated in a
real-world environment.
There is a significant interest in analyzing Big Social Data from social media not only for research but also for
practical purposes. For example, in analyzing social media data, companies see
the opportunity for targeting advertising,
PR, social customer relationship management (CRM), and business intelligence
(BI). In particular, the primary interest
behind corporate activities in social media is how to effectively use them as an
additional channel for marketing. Further, B2B companies have also started to
use social media analytics to identify new
potential customers.
Recently, political institutions have also
shown an interest in monitoring the pub90

lic opinion on policies and political positions, detecting trending political topics,
and managing their own reputation in
the social web. Public officials could potentially use social media to identify situational information created by citizens
in times of natural disasters (Bruns and
Burgess 2012; Bruns and Liang 2012).
Furthermore, based on social media data,
health organizations could establish an
early warning system for disease outbreaks that should help provide timely
response measures. Also, individuals and
consumers seek to make use of information and opinions from diverse sources
in order to make more informed decisions. An additional use case for research
can be found in conducting intercultural
studies: by analyzing social media content, academics are able to directly compare how people in different countries or
cultures react to certain global events, for
example.
This interest has two main drivers.
First, due to technological advances there
is a new possibility of continuous, automated (real-time) monitoring, and analytics of social media content and interactions. Second, there is a change in
public participation that leads to an increased complexity of the communication environment (e.g., increasing quantity and heterogeneity of communicators,
unbounded communication, higher level
of information diffusion with respect to
range, scale, and speed, in particular due
to the rapid development of mobile devices). In this sense, geo-data are another
highly promising data source which can
be effectively included in social media
analytics procedures.
Indeed, recent studies and surveys have
revealed an emerging need to continuously collect, monitor, analyze, summarize, and visualize relevant information from social interactions and usergenerated content in various domains
such as business, public administration,
politics, or consumer decision-making
(e.g., Zeng et al. 2010; Kavanaugh et al.
2011; Stieglitz et al. 2012). These activities, however, are considered difficult
tasks due to the large number of different
social media platforms as well as the vast
amount, dynamics, and complexity of social media data. More specifically, social
media communication generates an enriched and dynamic set of data and metadata, which have not been treated systematically in the data- and text-mining
literature (Zeng et al. 2010). Examples

include user-expressed subjective opinions, views, emotions, evaluation, and attitudes, the manifestations of which are
pictures, videos, ratings, tags, user profiles, and other spatial, temporal, and
attention-related data (i.e., data related
to “likes”, comments, retweets, mentions,
etc.). In the last few years, however, a
new interdisciplinary research area called
“social media analytics” (SMA) has been
established to address exactly these issues. Its primary goal is to develop and
evaluate scientific methods as well as
technical frameworks and software tools
for tracking, modeling, analyzing, and
mining large-scale social media data for
various purposes. In a business setting,
SMA might be considered a subset of
BI that is concerned with methodologies, processes, architectures, and technologies that transform raw data from
social media into meaningful and useful
information for business purposes.
Recently, IS research has also shown
an interest in studying the design, implementation, use, and management of
social media as socio-technical systems,
as well as their practical impacts on employees, enterprises, and society. In this
paper, we propose SMA as a new research field combining knowledge from
multiple disciplines to provide IS research with methodological foundations
for gathering, modeling, analyzing, and
mining large-scale social media data in
order to make business, economic, social,
and technical claims from both research
and practical perspectives. Furthermore,
we argue that SMA can help IS research
develop decision-making or decisionaiding frameworks for enterprises that
employ social media. Since such frameworks would require performance measures for social media use, SMA must also
tackle the issue of measurement, which
has been challenging until now. Finally,
based on insights and practical implications derived from analyzing social media data, SMA should provide architectural designs and solution frameworks
for new social media-related applications
and information systems.
The remainder of this paper is structured as follows. First, we outline different problems and challenges of SMA research. We then present the most important interdisciplinary methods for SMA
and point out the need for an interdisciplinary research agenda and co-operation
to meet the challenges of SMA research.
Finally, we provide some examples of initial systematic works in this emerging
research area.
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2 Challenges of Social Media
Analytics
As an emerging research field, SMA is
still in an early stage of development and
therefore faces a number of research challenges. Similar to social network analysis,
which is an interdisciplinary academic
field mostly borrowing theories from
other disciplines such as network science,
sociology, statistics, and graph theory,
SMA lacks a theoretical core and requires
interdisciplinary research co-operation.
Recently, there has been an increase in research attention directed at social media
or social networks from research communities in all major disciplines of the
social sciences (e.g., sociology, media and
communication studies, business studies,
economics, political science, and social
psychology) as well as the natural and
applied sciences (e.g., computer science,
information systems, linguistics, statistics, and physics). Each discipline has
its own research perspectives and objectives. For example, while computer science aims at developing efficient algorithms and tools for analyzing, mining,
and predicting changes in the structures
and processes of social networks, political science seeks to examine the impacts
of social media use on political participation. Meanwhile, social science and business researchers are using social media
as a sensor network and a laboratory for
natural experimentation, providing valuable indicators and helping to test hypotheses about social interactions as well
as their economic, political, and societal
implications (Zeng et al. 2010). Therefore, SMA research must necessarily be
of a multidisciplinary nature. However,
the level of interdisciplinary research cooperation still tends to be low. In many
cases, research methodologies and questions from more technical domains, such
as computer and network science, are
taking a dominant role compared to research that employs the methods and addresses issues that are central to other
fields. Furthermore, a well-defined SMA
research agenda is still missing. More
systematic research along with specific,
well-evaluated results is needed.
From a methodological perspective,
SMA faces a number of challenges relating to the nature of social media data,
their collection, and existing analysis and
mining methods. First, social media data
are generated in very large quantities and
are highly dynamic and complex in their
Business & Information Systems Engineering

nature. Therefore, they cannot be processed easily using traditional data processing applications or database management tools as well as desktop statistics
and visualization packages. Furthermore,
they exhibit both structured and unstructured characteristics. While structured data (or meta-data) comprise user
profile characteristics, spatial, temporal,
and thematic data as well as attentionrelated data (e.g., number of “likes”,
comments, retweets, mentions etc.), unstructured data include user-generated
textual content ranging from relatively
context-sparse microblogs through Facebook comments to context-rich blogs
and audiovisual materials. This information overload represents a significant
challenge that calls for large computing capacities and sophisticated sampling, extraction, and analysis methods.
In particular, deriving meaningful insights from such large and dynamic information sources poses significant challenges for data mining. Another important issue relates to the accuracy and objectivity of social media data. As boyd and
Crawford (2012) point out, large data sets
from Internet sources are often unreliable
because of their potential incompleteness
and inconsistency, in particular, when
multiple data sets are used together (e.g.
social media content and location-based
data). Regardless of their size, data sets
are always subject to limitations and biases. Without an understanding of those
biases and limitations, misinterpretation
is likely to happen.
Regarding data collection, it is a challenge to gather data or meta-data from
a large number of different social media
platforms using different methods of access. Many social media platforms do not
provide convenient standardized ways for
gaining access to data, such as application
programming interfaces (APIs). Individual parsing or scraping techniques are required in such cases. Even when APIs are
provided, they are often subject to obscure restrictions of data access, and to
further changes as the business models of
the platforms change. Moreover, different data formats have to be preprocessed
in order to conduct further analyses. In
addition, the fast-changing nature of the
designs and concepts of social media
platforms as well as unanticipated usage
conventions by users (e.g., user-created
innovations such as Twitter hashtags and
retweets) represent another challenge. Finally, privacy issues are always present
when data are collected. Researchers and
2|2014

other parties interested in gathering data
may face questions such as whether it is
ethical to collect, process, use, and report on social media data even if these
are actually “public” in principle. As researchers point out, little is understood
about the ethical implications of Big Data
in general and of social media data in
particular (boyd and Crawford 2012).
Regarding data analysis and mining,
there is a lack of systematic interdisciplinary methodological frameworks that
summarize the scientific analysis methods from multiple disciplines for diverse
analytical purposes. Also, many methods are still in an early stage of development. In particular, existing computational methods and algorithms exhibit a
number of weaknesses when it comes to
eliciting semantics from large-scale dynamic social media data and making predictions based on those insights. For example, social media textual content tends
to be context-rich and informal in nature, including emoticons, abbreviations,
amplifications, slang, sarcasm, and irony,
which exacerbate the challenges of effective text mining. Furthermore, it is still
a challenge to effectively discover relevant user communities from large-scale
and dynamic data. Another example concerns the detection of trends or memes
from social media data. Recent advances
in computer science and statistics may
have introduced a variety of methods and
algorithms to predict emerging topics.
However, they still lack accuracy.

3 Social Media Analytics and
Interdisciplinary Methods
Recent advances in different disciplines,
particularly computer science, statistics,
network analysis, computational linguistics, etc., have provided a variety of tracking, modeling, analysis, and mining techniques to tackle challenges related to social media data. In the context of SMA,
three main analysis methods almost always find their application: (1) text analysis/mining, (2) social network analysis,
and (3) trend analysis.
Text analysis/mining is a research technique within the field of content analysis that supports researchers in making replicable and valid inferences from
texts to the contexts of their use (Krippendorff 2004). Automated quantitative
methods of text analysis are required because of the massively growing amount of
91
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social media data. Based on these methods a broad variety of questions can be
answered, among which are the classification of texts (i.e., sentiment analysis) and
the identification and modeling of recurring topics (Krippendorff 2004). Recently
a number of novel approaches made their
way into the social sciences, most notably
text classification based on unsupervised
and supervised learning (Sebastiani 2002;
Liu 2011). Supervised text classification,
which is based on statistical algorithms
from machine learning (e.g., support vector machine (SVM) or naive Bayesian
classifier), has the potential to become
a standard method for automated text
mining. In addition, documents might be
clustered based on unsupervised learning, using techniques such as hierarchical
and k-means clustering. Regarding topic
modeling, recent advances in natural language processing provide more sophisticated statistical models for discovering
abstract topics that occur in documents,
as well as for predicting emerging topics.
One important subfield of text analysis/mining is sentiment analysis or opinion mining, which has emerged as a distinct method to study people’s opinions
in terms of views, attitudes, appraisals,
and emotions towards entities, individuals, issues, events, topics, and their attributes in a more thorough way (Pang
and Lee 2008; Liu 2011). Until now, it
has been difficult for people to find relevant sites, extract related sentences with
opinions, read them, summarize them,
and organize them into usable forms. Automated opinion discovery and summarization systems are thus needed, which
can be accomplished by sentiment analysis (Liu 2011). Basically, sentiment analysis can be performed based on two different approaches. The first one is the traditional dictionary-based classification of
sentiment orientation including polarity (positive and negative) and strength:
i.e., dictionaries of words, each annotated
with their sentiment orientation, are used
to extract sentiment from text. Recently,
sentiment analysis has begun to make
use of another approach based on machine learning, where the classification of
sentiment can be formulated as a learning problem with three classes: positive,
negative, and neutral. Here, sentiment
classification can be performed based
on supervised or unsupervised learning
(Liu 2011). Despite many advantages of
automated approaches, sentiment analysis still faces many problems regarding the typically informal nature of social media textual content, which often
92

contains emoticons, acronyms, amplifications, slang, and sarcasm or irony. In
addition, different contexts or domains
might exacerbate the accurate classification of texts in general. Therefore, manual text analysis is nevertheless needed
to test the findings of automated analysis
and to develop a more fine-grained picture, as this would provide a set of practices that enables human coders to define reproducible categories for qualitative features of text more reliably (Krippendorff 2004).
The second main analysis method is social network analysis (SNA), which studies the relationships between persons, organizations, interest groups, states, etc.,
by analyzing the structure of their connections (Scott and Carrington 2011). In
an SMA context, SNA may help identify influential users or opinion leaders,
and relevant user communities in social
media. There are a number of different
measures for the influence of an actor in
a network. SNA thereby provides different metrics for the concept of centrality
and prestige that can be applied to measure influence (e.g., degree, betweenness
or eigenvector centrality; degree, proximity or rank prestige) (Wasserman and
Faust 1994; Scott and Carrington 2011).
Regarding the detection of relevant communities, SNA might also be useful with
different community detection methods
and algorithms (e.g., graph theoretical
approaches such as the Girvan–Newman
algorithm (Girvan and Newman 2002)
or other clustering methods such as hierarchical, k-means and fuzzy c-means
clustering (Prabhu et al. 2010)). However, SNA still faces challenges in discovering changing clusters in large-scale and
dynamic data.
Trend analysis is the third main analysis method that makes use of recent advances in computer science and statistics
to predict emerging topics. Many trenddetecting algorithms are based on socalled hidden Markov models where observations of topics are trained by such
models which in turn are saved in a
library for the topic’s prediction. Topics with a similar life cycle are recorded
and share the same model (e.g., Zeng
et al. 2007; Liu and Guo 2011). Budak
et al. (2011) propose two trend definitions called coordinated and uncoordinated trends that detect topics that are
popular among highly clustered and distributed users, respectively. In contrast
to this approach, Kasiviswanathan et al.

(2011) propose a dictionary learningbased framework for detecting emerging topics in social media and related
streams. The overall framework consists
of two stages: (1) determining novel documents in the stream and (2) subsequently identifying each cluster structure among the novel documents. Mathioudakis et al. (2010) suggest another
method for early online identification of
items that attract a lot of attention in social media. They model social media activity using a stochastic model that intuitively captures the concept of attention
gathering information items.
In practice, there are many analytical issues that are covered not by a single, but rather by multiple analysis approaches, which require a combination of
different analytical methods. It is therefore useful to have systematic frameworks
that are able to serve as methodological guidelines for different analytical purposes. However, such frameworks outlining scientific methods from multiple
disciplines for different analysis purposes
are still lacking. We therefore propose
that SMA research should develop such
frameworks, which should be tailored to
different contexts of analysis (e.g., enterprise, politics, personal), since analysis
purposes do vary accordingly. Moreover,
as described above, given their weaknesses SMA research should aim to continuously improve computational analysis methods and algorithms as well as
the development of new and innovative
methods.
One possibility for developing new
methods may be executed (at least in
part) according to the guidelines for design science in IS research, which have
been proposed by Hevner et al. (2004).
Rooted in the engineering and artificial
sciences, design science is a problemsolving paradigm that seeks to create new
and innovative (IT) artifacts – which
are broadly defined as constructs (vocabulary and symbols), models (abstractions and representations), methods (algorithms and practices), and instantiations (implemented and prototype systems) (Hevner et al. 2004). In our case,
the first step would be the creation of a
purposeful method for a specified problem (domain). The method must be then
evaluated with respect to its utility, quality, and efficacy. It must contribute to research and practice by being innovative:
solving an unsolved problem, or a known
problem more effectively and efficiently.
Given the multidisciplinary nature of
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SMA, results have to be communicated
effectively across different disciplines (see
Hevner et al. 2004). In our opinion, it is
equally important to improve automated
instruments by comparing results with
findings from manual content analyses,
as these are said to be more accurate. One
example for this is the manual identification of the characteristics of social media
communication (e.g., usage of acronyms,
emoticons, colloquial language) in order to train automated algorithms. Also,
it has to be considered that social media content in different contexts (e.g.,
politics, business, sports, entertainment)
will require different methods which consider case-specific conditions. Machine
learning approaches are a good way of
facing this challenge. However, besides
addressing different domains, methods
also need to be able to process different
types of data such as images, videos, and
geo-data. In order to solve these problems, interdisciplinary research projects
are needed.

4 Future Research Directions and
Interdisciplinary Co-operation
To tackle the research challenges described above, we suggest some future
research directions that should be implemented on an interdisciplinary basis.
First, SMA research should primarily be
concerned with developing and evaluating scientific methods, technical frameworks, and software tools and platforms
for tracking, modeling, analyzing, and
mining large-scale social media data from
an interdisciplinary perspective. In particular, machine learning-based classification of social media textual content
and recognition of social network patterns need to be improved. In this regard, disciplines including computer science, artificial intelligence, natural language processing, statistics, and network
science should be the main contributors. Importantly, SMA research should
take the highly dynamic properties of
social media data as well as the fastchanging nature of the designs and concepts of social media applications into account. In doing so, SMA research provides other disciplines with methodological foundations for their social mediarelated research. In particular, IS research
that focuses on the design, implementation, use, and management of social media as socio-technical systems as well as
Business & Information Systems Engineering

on their practical impacts may greatly
benefit from SMA.
Based on these methods, frameworks,
and toolsets, SMA research must – as
another direction – address the development of corresponding data-driven and
dynamic decision-making or decisionaiding frameworks, particularly in the
business context. For example, SMA research can help extend BI by adding a
“social” component, which can be referred to as “social BI”. More specifically,
as business-related decision-making
frameworks require well-articulated and
clearly defined performance measures,
SMA research should elaborate on the
issue of measurement, which is highly
relevant in IS research. Until now, it
has been challenging to quantify performance measures, not least due to a
broad spectrum of different social media applications, among other things.
The consequence of this measurement
problem is the difficulty for enterprises
to determine social media return-oninvestment. For example, there are still
open questions on how to measure the
effectiveness of public relations and advertising activities through social media,
which is relevant for decisions on the
appropriate targeting and budget allocation for such activities, as well as on the
selection of the instruments.
Another research stream should deal
with the provision of architectural designs and solution frameworks for existing and new social media applications, based on research findings from the
study of the interaction between the design and concept of social media applications and the eventual adoption and usage behavior, as well as from other insights and practical implications derived
from analyzing social media data. IS research may also benefit from this research
stream when it comes to designing and
implementing new social media-based
applications and information systems.
Finally, SMA should not be restricted
to analyzing social media only. Rather, it
also should address the interplay or interdependence between social and traditional media, which also includes other
(non-social media) online content and
activities. For example, an (online) advertising campaign may stimulate consumers’ production of user-generated
content and social media activities, and
vice versa.
In this contribution, we call for a significant increase in the level of interdisciplinary research co-operation. This
2|2014

co-operation should not be limited only
to scattered collaborations between individual researchers, but must extend to
large-scale, coordinated research activities across all major disciplines that are
stakeholders in social media research, including sociology, media and communication studies, business studies, economics, political science, and social psychology, as well as computer science, information systems, linguistics, and statistics. This effort must aim to generate significant advancements in the scientific
methods for analyzing social media, as
well as to answer research questions from
across the different disciplines. For example, in communication studies, theories about public sphere and media effects such as agenda-setting, information
diffusion, opinion leadership, the spiral
of silence, deliberation, fragmentation,
and polarization hypotheses, the digital
divide, and inequalities in the distribution of attention and influence should be
adapted to the special conditions of the
Internet and tested. More generally, theories from the social sciences should be
better connected to the methods of the
applied sciences such as computer science, information systems, and statistics,
and vice versa.
Considering the implications of SMA
for IS, there are two important perspectives which both have an impact on the
research agenda. First, SMA itself is a research field which has its own research
questions. Examples are:
 Which methods (from various disciplines) can be adapted to SMA?
 How can methods be combined and
improved to consider the specific requirements of social media communication?
 What tools might help researchers to
gather and analyze data in social media? How can those tools be developed?
 How
can methods be adapted to
changing platform characteristics and
changing communication behaviors?
 How can all relevant data (e.g., about
a certain topic) be extracted from the
overall network structure?
It has to be remarked that most of those
questions cannot be answered generically. For example, the selection of appropriate methods depends on the actual research question as well as on the
social media platforms. However, we believe that all such questions are relevant
to IS research, and should therefore be
addressed by IS researchers.
93
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Fig. 1 Social Media Analytics Framework (adapted from Stieglitz and Dang-Xuan 2013a)
As a second perspective, SMA can also
be understood to be a methodological approach which might be usefully applied
in various domains besides IS (i.e., communication studies, marketing). With regard to IS, SMA might help to address the following exemplary questions
of organizational and technical nature:
 How do certain social media features
(such as the act of “liking” or retweeting) affect communication behavior?
 How does information spread through
a network?
 What differences and similarities exist between internal business networks
and public networks?
 How do different social media platforms affect each other?
 How can data from social media analytics be used to support knowledge
management and community management?
To answer those or related questions, a
systematic research design including appropriate methods is required. However,
until now, only some first steps into this
direction have been made.

5 Examples of Initial Systematic
Works
As mentioned before, SMA can be applied to address different goals, such as to
improve innovation management (e.g.,
by filtering the suggestions and ideas
94

of customers), stakeholder management
(e.g., by learning about the concerns
of customers), reputation management
(e.g., by evaluating the public’s opinions
about the enterprise), and general monitoring (e.g., to identify overall new developments as soon as possible). In order
to support these tasks it is necessary to
develop an interdisciplinary, systematic
methodological framework that employs
a mixture of analysis methods from different disciplines, particularly computer
science, mathematics/statistics, network
analysis, linguistics, etc.
The first challenge is to track relevant
data according to the defined goal. There
are different data-tracking approaches
such as the keyword-, actor-, or URLrelated approach. Depending on the social media platform(s), APIs, RSS, or
HTML parsing can be used to track structured data (e.g., links, follower-followee
relationships) or unstructured data (e.g.,
textual content) in social media. There already exist various tracking tools for popular social media platforms such as Twitter and Facebook. However, it might be
necessary to develop or modify a tool
which gathers and prepares the necessary data. Following the tracking stage,
data need to be preprocessed (e.g., by removing spam manually or based on filters). As a next step, appropriate analysis approaches (e.g., the identification
of structural attributes, sentiments, or
topic- and trend-related patterns), methods (e.g., statistical analysis such as re-

gression analysis, social network analysis, sentiment analysis, content analysis, or trend analysis), and analysis tools
(e.g., Gephi, SentiStrength) have to be selected depending on the research question. Moreover, decisions have to be
made regarding static or dynamic data
analysis. For example, static data analysis might be usefully applied to identify
the co-occurrence of specific words in a
data set; on the other hand, dynamic data
analysis might be useful to better understand how issues are evolving over time
in the social space (Fig. 1).
There are various potential research
questions which can only be answered by
combining two or more methods. One
example, requiring social network analysis as well as content analysis, would
be the identification of opinion leaders
within a network.
Automated methods provide an opportunity for an (almost) complete and
continuous monitoring of communication. In the past, social sciences mostly
had to be content with case studies
or small samples. However, researchers
should be aware that the development
and implementation of new methods
and/or improvement of existing methods is still necessary due to the limitations of computationally-based methods and algorithms. Also, we should bear
in mind that social media are only one
part of the Internet, and of the public sphere as a whole. Therefore, we also
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need to analyze the differences and connections between social media and other
components of the Internet or offline
media.
Besides this framework (Stieglitz and
Dang-Xuan 2013a), some recent steps
were made towards more systematic research in the field of SMA. In a business setting, Larson and Watson (2011)
proposed a “social media ecosystem”
framework, which explicates the social media-enabled relationships among
stakeholders and suggests how future
researchers can address research questions based on this model. Furthermore,
it paves the way for developing measures of those firm-customer social media activities that have a critical bearing
on firm performance. In another contribution, Rosemann et al. (2012) introduced “social CRM” and “social BI”
as emerging fields of research. In addition, they designed a multidimensional
data model for the conceptual design
of social BI systems and demonstrated
its application by developing management reports in a retail scenario. Finally, in the absence of standard metrics for a comparison of communicative patterns across different contexts on
Twitter, Bruns and Stieglitz (2013) provided a catalogue of widely applicable,
standardized metrics for a more comprehensive analysis of Twitter-based communication, with a particular focus on
hashtagged exchanges. Moreover, they
pointed out a range of potential uses for
such metrics.

6 Conclusion
In this paper, we have introduced SMA
as an emerging interdisciplinary research
field that, in our view, will significantly
influence future social media-related research from different disciplines, and will
have a very high practical relevance. Despite a number of challenges outlined
above, we argue that SMA can provide
other disciplines – including IS – with
methodological foundations for their social media-related research. Furthermore,
we believe that SMA can help IS research
to develop decision-making or decisionaiding frameworks by tackling the issue of social media-related performance
measurement as well as to provide architectural designs and solution frameworks for new social media-based applications and information systems. Finally, we call for an interdisciplinary
Business & Information Systems Engineering

SMA research agenda as well as a significant increase in the level of interdisciplinary research co-operation, which
must aim to generate significant advancements in scientific methods for analyzing social media, as well as to answer research questions from different
disciplines.
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Abstract
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Social Media Analytics
An Interdisciplinary Approach and Its
Implications for Information Systems
In this contribution, we introduce “social media analytics” (SMA) as an emerging interdisciplinary research ﬁeld that,
in our view, will have a signiﬁcant impact on social media-related future research from across different academic
disciplines. Despite a number of challenges, we argue that SMA can provide other disciplines – including IS –
with methodological foundations for
research that focuses on social media.
Furthermore, we believe that SMA can
help IS research to develop decisionmaking or decision-aiding frameworks
by tackling the issue of social mediarelated performance measurement,
which has been challenging until now.
Moreover, SMA can provide architectural designs and solution frameworks
for new social media-based applications and information systems. Finally,
we call for an interdisciplinary SMA research agenda as well as a signiﬁcantly
increased level of interdisciplinary research co-operation, which must aim
to generate signiﬁcant advancements
in scientiﬁc methods for analyzing social media, as well as to answer research questions from across different
disciplines.
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