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Abstract This article provides an overview of social media analytics for managers
that seek to utilize the practice for social media intelligence. Currently, managers
are challenged to analyze an abundance of social media data but lack a framework
within which to do so. Toward this end, this article presents a simple typology of
social media analytics for enterprises. It also discusses various analytics methods for
social media data. Then, this article discusses management processes of social media

analysis; analytics for enterprises. An illustration of social media analytics is provided with
Social media real-world consumer review data. Finally, four challenges are discussed.
intelligence © 2017 Kelley School of Business, Indiana University. Published by Elsevier Inc. All

rights reserved.

1. Social media analytics

Social media analytics refers to the practice of
gathering data from social media platforms and
analyzing the data to help decision makers address
specific problems. Social media analytics have been
used by a wide range of people, including social
scientists, business managers, and medical profes-
sionals. Automated social media analytics is inex-
pensive and fast compared to traditional media
analysis, via which data collection is oftentimes
manual and the analysis is labor-intensive. The
popularity of social media analytics surged when
popular social media platforms allowed enterprises
to access enormous amounts of customer data
from their sites. Social media platforms focus on
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idiosyncratic groups of content creators and con-
tent consumers. For example, Twitter is a real-time
information network that connects users and fol-
lowers to the latest stories, ideas, opinions, and
news. Likewise, Yelp is a site where customers
publish unsolicited reviews and viewers read them.
According to recent statistics (Mansfield, 2016),
Facebook is the most popular social networking site,
with over 1.79 billion monthly active users in
2016. Concurrently, the popular photo-sharing site
Instagram enjoys 500 million monthly users, who
share an average of 95 million photos and videos per
day. For its part, the micro-blog hosting site Twitter
has roughly 317 million monthly active users and
generates 6,000 tweets per second (Mansfield,
2016).

Social media analytics can analyze social media
data to obtain consumers’ innovative ideas and
enhance customer relationships. Many Fortune
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500 companies, from McDonald’s to Pepsi to
Marriott, have employed social media analytics in
order to derive a competitive advantage. Multina-
tional hospitality company Marriott International
operates its own social media center, named M Live;
here, about a dozen employees analyze Twitter
feeds, Instagram photos, and Facebook posts in
effort to engage clients in social conversations,
increase the hotel chain’s brand presence, and keep
up with the latest trends (Golden & Caruso-Cabrera,
2016). Using a technology called geo-fencing,
Marriott is able to monitor every public post on
social media platforms made from within company
properties . . . and reach out to those customers to
prove that Marriott values them. In a similar fash-
ion, the Coca-Cola Company operates a social media
center called the Hub Network (Journey Staff,
2014), which deploys a suite of social listening,
analysis, and engagement tools to deliver a better,
faster, and more efficient response to real-time
social media opportunities and issues.

Among many types of organizations, enterprises
are the most active users of social media analytics.
Analyzing social media data to better understand
why customers purchase a product or service plays
an important role in sustaining competitive advan-
tage (Brooks, Heffner, & Henderson, 2014). Social
media analytics equipped with advanced techni-
ques has significantly affected a company’s ability
to leverage otherwise unattainable social media
intelligence. Enterprises can better understand cus-
tomer behaviors by combining intelligence acquired
by social media platforms with traditional customer
intelligence (Sigala & Chalkiti, 2015). According to
marketsandmarkets.com (2016), the global social
media analytics market will grow from $1.6 billion
in 2015 to $5.4 billion in 2020 at a compound annual
growth rate (CAGR) of 27.6%. The North American
region is a leading revenue-generating region for
social media analytics vendors, followed by Europe,
with a high penetration of social media analytics in
multiple industries such as manufacturing, health-
care, transportation, and logistics. Most of the
major vendors of social media analytics solutions
and services—including SAS, IBM, Oracle, Tableau,
and Hootsuite Media—are located in the U.S.

A recent survey of business managers illustrates
that social media analytics is viewed as an untapped
opportunity, but much must be done to fully exploit
social media analytics for consumer packaged goods
(CPG) companies (Accenture, 2014). The same
survey identifies marketing as the primary area of
social media analytics. Companies recognize the
value of social media analytics in innovation and
product development, followed by customer ser-
vice, operations, and strategy. Nearly half of the

respondents indicated information technology as
the department in which analytics competencies
and roles are concentrated, followed by an analytic
unit within departments and business units, and a
centralized analytics unit at the enterprise level.

A variety of open-source tools, commercial tool-
kits, and proprietary platforms that provide simple
standard analytics and customized social media
analytics exist for enterprises. Using these tools,
innovative managers are finding new ways of auto-
matically collecting, combining, and analyzing data
from social media to understand customers,
manage customer relationships, and design new
products. In our current technology-driven business
environment, companies should plan their social
media analytics efforts and revise them regularly.
However, there exists a scarcity of typologies that
may be used by managers to understand types of
analytics and identify appropriate methods needed
for analyzing content from social media.

In response to the growing interest by enter-
prises, this article presents a typology of enterprise
social media analytics and highlights how its four
categories of social media analytics—real-time
competitive, non-real-time competitive, real-time
customer, and non-real-time customer—can help
companies develop social media intelligence. This
typology incorporates time and market orientation
perspectives and maps a wide range of social media
analytics applications into four categories. | then
provide a brief overview of social media platforms
and discuss important characteristics of these plat-
forms. This article also presents various methods for
conducting social media analytics and a four-stage
analytics process model. The four-stage analytics
process represents the essential stages that facili-
tate the management of social media analytics.
Next, an illustration of social media analytics is
provided with the analysis of real-world consumer
review data using sentiment analysis and a regres-
sion model. Finally, this article discusses the chal-
lenges that enterprises face in using social media
analytics.

2. Typology of enterprise social media
analytics

In this section, | use a typology approach to identify
and systematically categorize social media analyt-
ics. Broadly speaking, typologies are generated
through qualitative classifications rather than quan-
titative or statistical analyses (Hunt, 1991). While
constructing the typology, | took five criteria into
consideration: adequacy of phenomenon specifica-
tion, adequacy of specification of classification
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characteristic, mutually exclusive categories, col-
lectively exhaustive typology, and usefulness of
topology (Hunt, 1991).

As mentioned in many studies, timeliness and
market orientation are important in determining
the social media analytics adopted by enterprises.
Kohli and Jaworski (1990) define market orientation
as the firm’s ability to generate, disseminate, and
use superior information about its customers and
competitors. This typology employs a market orien-
tation dimension with two dichotomous values
(customer and competitor) and a timeliness dimen-
sion with two dichotomous values (real-time analy-
sis and non-real-time analysis). Utilizing these
dimensions, we present a 2 x 2 typology of enter-
prise social media analytics (Table 1) that charts
out some of the popular social media analytics used
by enterprises. These include real-time customer
analytics, non-real-time customer analytics, real-
time competitive analytics, and non-real-time
competitive analytics.

With the advent of information technologies and
social media, social media platforms became more
popular than proprietary sources in seeking the
information needed to blunt competitive challenges
(Harrysson, Metayer, & Sarrazin, 2012). Social me-
dia analytics enables companies to rapidly collect
data from social media platforms and develop
in-depth intelligence regarding the competitive
environment (Arrigo, 2014). While the four afore-
mentioned types of social media applications can
be used separately, cutting-edge companies will
deploy all four simultaneously. Customer analytics
and competitive analytics are like two sides of the
same coin in that for a company, customers are a
target of competitive intelligence on the part of
competitors.

Customer analytics is widely supported by com-
mercial service providers; popular metrics include
size of social media pages, response time to com-
plaints, number of engagements (comments, likes,
shares for each post), and demographics of the
people connected to a user. Competitive analytics
is a method to gather and analyze data about com-
petitors and the business environment; this may
utilize news analytics methods as well as sentiment
analysis. Tasks of competitive analysis include:

e Sentiment tone: how positive, negative, or neutral
the tone of the content is about the competitor.

® Relevance: how relevant or substantive the con-
tent is for the competitor.

® Keywords analysis: what and how many different
keywords are used in the content about the
competitor.

® |ntensity analysis: how repetitively the keywords
are used over time.

® Alert analysis: tracking special announcements
such as technology breakthrough, product re-
calls, change of upper management, and finan-
cial performance.

2.1. Real-time customer analytics

Real-time customer analytics allow companies to
manage conversations with customers, respond to
their issues, and deliver information that is timely
and relevant via social media channels in real—or
near-real—time (Walters, 2013). Data that languishes
without analysis loses its relevance (Qualman, 2009).

Table 1. A typology of enterprise social media analytics
Timeliness
Real-Time Non-Real-Time
Market Customer Real-Time Customer Social Media Non-Real-Time Customer Social Media
Orientation Analytics Analytics
Reactive marketing efforts Proactive marketing efforts
(e.g., keyword analysis, location (e.g., identification of profitable customer
analysis, conversation analysis, groups, social network analysis, influencer
complaint detection, and alert from analysis, web analytics, sentiment analysis)
online review or comments)
Competitor | Real-Time Competitive Social Media Non-Real-Time Competitive Social Media
Analytics Analytics
Operational intelligence Strategic and tactical intelligence
(e.g., monitoring of prices and (e.g., periodic trend analysis of competitors
promotions, news alert, headlines, new | pricing, new product development,
product announcement, merger and technology development, customer services,
acquisitions) complaints, employee comments)
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An empirical study shows that the more rapid the
response to the consumer, the more valuable that
response is (Weiss, Lurie, & Maclnnis, 2008). It is
important to identify and resolve individualized in-
cidents that may spread quickly via word of mouth.
Continuous monitoring of online channels is seen as a
practice for preventing personalized issues from dam-
aging the company’s reputation. Improved customer
intelligence obtained through real-time customer
analytics enables the company to formulate a more
precise, timely response. For example, Wells Fargo
set up a command center to better monitor social
media sites such as Twitter, Pinterest, and Facebook;
engage with consumers on topics that are trending;
and respond quickly to specific customer queries
(Wisniewski, 2014). This monitoring is also a way to
quickly acknowledge complaints and make an effort
to resolve them. As part of its social media outreach,
Wells Fargo has a dedicated social care unit to which
it refers many of its customer complaints.

2.2. Non-real-time customer analytics

While real-time customer analytics is used to
formulate reactive marketing strategies, non-real-
time customer analytics focuses on developing pro-
active marketing strategies based on the analysis of
customer data over time. Non-real-time customer
analytics may produce simple quantitative metrics
such as frequency or duration of webpage visits and
demographics and geolocation of visitors, number
and growth of members on a social media platform,
and conversion rate. In addition to simple metrics,
companies collect qualitative information about
sentiment or opinion. Using accumulated historical
customer comments, companies can analyze how
customer behaviors evolve over time and may de-
sign marketing messages that have higher reach
and response. Toward this end, Starbucks launched
its own corporate social networking site, www.
mystarbucksidea.com, to inform customers about
the company’s new products/promotions and ana-
lyze customers’ needs/expectations about prod-
ucts/services in both non-real-time and real time.
Likewise, J.P. Morgan’s media relations team
actively monitors the financial news discussed on
various social media platforms (e.g., Twitter, Snap-
chat, YouTube), develops social media campaigns,
and regularly reports on social media campaign
performance and listening insights.

2.3. Real-time competitive analytics
Tracking competitors’ business activities in real

time and monitoring their online conversations
with customers can provide valuable information

to strengthen various business activities. To develop
real-time competitive analytics effectively, a com-
pany should understand how its competitors are
utilizing various social media platforms. For exam-
ple, a company may continuously monitor the
frequency and sentiments of customers’ postings
about a competitor and viewers’ reactions on vari-
ous social media platforms and benchmark them for
comparison against their own. Real-time competi-
tive analytics may expand to the analysis of online
news about product developments, new features of
products, product recalls, cyberattacks, and mergers
and acquisitions. Real-time competitive analytics
will help a company respond effectively to a com-
petitor’s moves or address customers’ concerns. For
example, restaurants or gyms may need to track
competitors’ daily online discount deals and develop
comparable promotional strategies. Real-time com-
petitive analytics can be deployed to monitor online
deal sites such as Groupon and LivingSocial and track
the discount rate, duration of the discount offerings,
types of discount food or services, and the number of
deal purchasers for competitors.

2.4. Non-real-time competitive analytics

While the practice of real-time analytics is valuable
for many business activities, not all activities are
suitable for real-time analytics. Data collection and
processing can become unwieldy when a large num-
ber of social media platforms are monitored. For
example, a trend analysis is more suitable for non-
real time analysis, but consumers’ complaints may
be monitored in real time. The trend analysis of
consumers’ responses to competitors’ products and
services may provide new or improved product
ideas. Companies can also investigate the relation-
ship between consumer-generated contents and
sales performances. These analyses can be done
periodically with a sufficient amount of data for
statistical analysis. Lowe’s and Home Depot can
easily access their best-performing competitor’s
social media data. They can conduct a trend analy-
sis of customer sentiment, postings on social media
platforms, number of followers, demographics
and geolocations of customers. The competitors’
metrics can serve as a benchmark in developing
marketing strategies and improving the home com-
pany’s products and services.

3. Social media platforms
Social media platforms are online communities via

which members seek and share common interests,
activities, experiences, and information. Social
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media platforms provide archival data and real-
time feeds as well as sophisticated analytics tools.
Since each social media platforms is used different-
ly by individuals, the typology of social media
analytics has a clear bearing on the social media
platform. For example, Twitter is preferred for real-
time dissemination of content, while Facebook and
Yelp are preferred for non-real-time content dis-
semination. Customers actively choose and use
social media in response to their specific needs
and motivations, and tend to employ a mix of social
media platforms. Therefore, managers need to
monitor their customers’ preferred social media
platforms and keep up with advances, as the land-
scape of the platform market changes constantly
and new media rapidly emerge.

Social media platforms enable consumers to be
content creators as well as content users (Hajli,
2015). Li, Bernoff, and Groot (2011) use the term
groundswell to describe a trend in which people use
social media to get the information they want from
other social media users rather than professional or
public sources. Social media represents a variety of
dynamic and community-based web applications
that place value on the power of distributed knowl-
edge and provide users with rich interactive expe-
riences. There is significant competition among
the various social media platforms. For example,
Google designed Google+ in an attempt to create its
own social media network. LinkedIn is a specialized
social networking site focused on professional rela-
tionships. Since the mid-2000s, social media has
paved new ways of accessing customers for busi-
nesses and conducting business activities. Users
who interact on social media platforms share their
own experiences and activities, engage with each
other, and create a stronger sense of community
(Gruzd, Wellman, & Takhteyev, 2011; Hays, Page, &
Buhalis, 2013).

While there is no universally agreed-upon classi-
fication for social media platforms, widely catego-
rized generic platforms include social networking
services, blogs, social bookmarking sites, content
sharing sites, and opinion sharing sites. Social
networking services—such as Facebook, Google+,
Snapchat, and Linkedln—have created massive
online communities of people who are willing to
network, communicate, and collaborate with each
other. Blogs are online journals characterized by
short entries and regular updates, typically man-
aged by one person/user that provides interaction
with others. WordPress, Tumblr, and Twitter are
popular blog hosting sites available to individuals
and companies. Social bookmarking is the process of
adding, annotating, editing, and sharing bookmarks
with others via sites like Delicious, Reddit, Digg, and

StumbleUpon. Companies increasingly are using
social bookmarking sites to promote new products
and services. Content sharing sites enable users
to create, store, and share their multimedia files
(e.g., photos, videos, audios) with others. Insta-
gram, Pinterest, Flickr, and YouTube are content
sharing sites widely used for marketing purposes.
Opinion sharing sites enable users to write and pub-
lish unsolicited reviews about products, services,
merchants, and organizations; they include Glass-
door, Zagat, Yelp, and TripAdvisor. The use of these
public social media platforms is widespread across
all industries. For example, in the financial industry,
major banks such as J.P. Morgan, Morgan Stanley, and
Bank of America all are avid users of Facebook,
Twitter, Instagram, and Snapchat. It is notable that
in addition to public social media platforms such
as Facebook and Twitter, companies are creating
their own private social media platforms for con-
sumers. Procter & Gamble has established an exclu-
sive website for young girls, beinggirl.com, where
visitors can discuss concerns related to being a girl
and comment on existing and new P&G products.
Beinggirl.com has become a very attractive contri-
bution to Procter & Gamble’s marketing campaign.

Many social media sites provide application pro-
gramming interfaces (APIs) to allow third-party web
applications to access social media data. Through
APIs, social media sites try to engage and grow
developer and user communities. For example,
the embedded tweets tool provided by Twitter
allows social media analytics tools to access
tweets from Twitter. Facebook, Google, Instagram,
LinkedIn, Yelp, and many other social media sites
provide various APIs to users or organizations. To
make social media analytics more effective, com-
panies oftentimes need to simultaneously monitor a
number of different social media platforms. For
example, companies may monitor Facebook for
competitors’ marketing efforts, Snapchat for com-
petitors’ marketing campaigns to teens and millen-
nials, Twitter for product updates and promotions,
Instagram for pictures and short videos of mobile
users, and Pinterest for high-quality product pic-
tures and pins. While companies can access and
analyze user-generated content via social media
APIs, they may also use services provided by com-
mercial analytics service providers that collect
social media data and conduct analytics on behalf
of client organizations.

4. Methods for social media analytics

As discussed, the aforementioned typology illus-
trates different ways a company can exploit social
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media for its business intelligence and decision
making. Social media platforms contain a wide
range of data types and data volumes. For instance,
Yelp primarily collects consumer product review
data in text format, while Pinterest mainly collects
images and videos. Depending on the social media
platform and type of analysis, managers need
to choose methods of social media analytics. For
example, a company may use sensitivity analysis for
consumer review data but may use social network
analysis to identify competitors’ industry collabo-
rations. In this section, we relate methods for social
media analytics to corresponding typology and
social media platform(s).

Analyzing social media has become a popular
research and business activity due to the availabili-
ty of user-generated content accessible through
web-based APIs as provided by major social media
sites (Batrinca & Treleaven, 2015). Analyzing mar-
ket performance through social media sites has
attracted a great deal of attention from research-
ers. Social media analytics utilizes an array of
methods developed to derive specific metrics from
social media data. Based on a survey of existing
commercial tools, we find that sentiment analysis,
social network analysis, and statistical methods are
most widely used. Image analysis and video analysis
are in early stages of technology development.

4.1. Sentiment analysis

Sentiment analysis, also called opinion mining,
refers to the application of computational technol-
ogies such as natural language processing and
computational linguistics to identify and extract
subjective information from vast amounts of user-
generated content. Sentiment analysis mainly uses
two methods: (1) a machine-learning method with
which the analytics learns to evaluate sentiment
through acquisition and integration of knowledge
gained from a large number of sentiment examples,
or (2) a lexical-based method with which the ana-
lytics evaluates sentiment by utilizing a large dic-
tionary of prescored words and phrases. Sentiment
analysis has been used successfully for businesses
activities, including predicting stock market move-
ments, determining market trends, analyzing prod-
uct defects, and managing crises (Fan & Gordon,
2014). Sentiment analysis needs to be interpreted
with a grain of salt, though, due to potential sam-
pling biases in the data (e.g., satisfied customers
remain silent while those with more extreme posi-
tions express their opinions) (Fan & Gordon, 2014).
For example, many online users are lurkers who join
an online community with the aim of passively
participating for a period of time before making

the decision to actively participate in the commu-
nity (Nielsen, 2006). Lurkers are more likely to
post neutral messages that are not detailed enough
to give up their identity (Nonnecke, Andrews, &
Preece, 2006).

Lexical-based methods use a predefined set of
words that carry a specific sentiment. They include
simple word or phrase counts; the use of emoticons
to detect polarity (i.e., positive and negative emo-
ticons used in a message) (Park, Barash, Fink, &
Cha, 2013); sentiment lexicons (i.e., based on
words in the lexicon that have received specific
features marking positive or negative terms in a
message) (Gayo-Avello, 2011); and the use of psy-
chometric scales to identify mood-based senti-
ments. Machine-learning methods often rely on
the use of supervised and unsupervised machine-
learning techniques. One advantage of machine-
learning methods is their ability to adapt and create
trained models for specific purposes and contexts.
On the other hand, it is known that labeling data
might be costly or even prohibitive for some tasks.
Sentiment analysis divides into the following spe-
cific subtasks (Batrinca & Treleaven, 2015):

® Sentiment context: to extract sentiment, one
needs to know the context of the contents, which
may vary significantly from specialty sites to
general sites where contents can cover a wide
spectrum of topics.

e Sentiment level: text analytics can be conducted
at the word, sentence, or document level.

® Sentiment orientation/polarity: the sentiment
in a text can be positive, neutral, or negative.

e Sentiment strength: the strength of a sentiment
in a text can be weak, moderate, or strong.

® Sentiment subjectivity: a given text may be an
opinion or a fact.

4.2. Social network analysis

Social network analysis is the process of analyzing
structures of social networks based on social net-
work theory, which seeks to explain how networks
operate and analyze the complex set of relation-
ships within a network of individuals or organiza-
tions (Scott, 2012; Wasserman & Faust, 1994). In a
social network, nodes are the individual actors and
ties are the relationships between the actors. Social
network analysis provides both visual and mathe-
matical analyses of actor relationships within a
network by modeling social network dynamics and
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growth (e.g., network density, network centrality,
network flows). Actors and social ties are important
in information dissemination and propagation,
including both weak and strong ties (Brown &
Reingen, 1987; Datta, Chowdhury, & Chakraborty,
2005). Weimann (1983) found that information be-
comes influential due to strong ties within the
group, ties which are more likely to be used and
perceived as credible than weak ties. Social net-
work analysis uses a variety of techniques pertinent
to understanding the structure of the network
(Scott, 2012). These range from simpler methods
such as counting the number of edges a node has or
computing path lengths, to more sophisticated
methods that compute eigenvectors to determine
key nodes in a network (Fan & Gordon, 2014).

Social networking sites such as Facebook,
Twitter, and LinkedIn have provided fertile ground
for advancing online social network theories and
practices. Social networking sites allow the establish-
ment of links connecting family members, friends,
and peers (Tuten, 2008). Social networking sites pro-
vide a central point of access and bring structure
to the process of personal information sharing and
online socialization (Jamali & Abolhassani, 2006).
Understanding the dynamics of interactions between
users can assist in identifying influencers to target in
branding and ad campaigns (Chen, Wang, & Yang,
2009). Well-connected users are particularly impor-
tant for social networking sites, as these users can be
highly relevant for the promotion of brands, prod-
ucts, and viral marketing campaigns (de Valck, van
Bruggen, & Wierenga, 2009).

4.3. Statistical analysis

Traditional statistical methods have also been used
for advanced analytics. Some of the statistical
methods include Markov chain Monte Carlo meth-
ods, regression models, logistic regression, factor
analysis, and cluster analysis. These statistical
methods typically require transformation of the
original contents into a coded format suitable for
statistical methods. Regression analysis has been
useful for understanding the causal relationship
between various factors obtained from factor anal-
ysis. Xiang, Schwartz, Gerdes, and Uysal (2015)
applied a text analytical and statistical approach
to a large quantity of consumer reviews extracted
from Expedia.com to deconstruct hotel guest expe-
riences and examine its association with satisfac-
tion ratings. First, the authors conducted a factor
analysis to identify the underlying factors of cus-
tomer reviews. Then, they performed a linear re-
gression analysis to examine the relationship
between guest experience and satisfaction using

the identified factors as independent variables
and average satisfaction rating as the dependent
variable. Similarly, Qu, Zhang, and Li (2008) ana-
lyzed the content of review data collected from
Yahoo’s merchant review system. Based on the
content analysis, these authors selected 14 factors
and conducted regression analysis to identify
factors that have major impacts on customers’
evaluation of online merchants.

4.4, Image and video analysis

Images and videos are also significant components
of social media data due to rapidly growing content
sharing platforms such as YouTube, Instagram, and
Flickr. Billions of images are uploaded every day,
and mining these images can provide other types of
insight beyond what can be captured solely from
text. While the aforementioned methods have been
developed primarily for text mining, analytics for
images and videos have thus far been marginally
exploited. Image analysis is the process of organiz-
ing images into an archive that is fully searchable
and analyzable. Basic image analysis involves the
statistical analysis of tag data, demographic data,
and download frequency (e.g., Instagram account’s
average engagement per photo, keyword analysis
for comments, most active followers, top loca-
tions). Advanced image analysis utilizes image proc-
essing techniques, image recognition, and image
tags. Image analysis enables companies to mine
image data to extract valuable information such
as location of people and fashion trends. Similar
to basic image analysis, basic video analysis typi-
cally involves quantitative metrics such as number
of users, response rate, subject, and location. More
advanced techniques include accessing video clips
posted to social media sites, analyzing voice to
determine emotional state of the user, and applying
a behavioral model to spoken words to determine
personality type of the user.

5. Processes for social media analytics

This section presents a four-stage analytics process
that represents a minimum set of stages that facili-
tate the management of social media analytics.
Stage 1 focuses on developing key performance/
evaluation metrics. Stage 2 focuses on choosing
social media platforms that generate data and
monitoring/listening to the chosen social media
platforms. Stage 3 focuses on analyzing data using
various analytics tools. Stage 4 involves building
social media intelligence. The processes are itera-
tive and evolve over time as new social media



206

l. Lee

platforms and tools emerge and the environment
changes.

5.1. Stage 1: Develop key social media
metrics

Extracting and delivering value from social media
data requires precise measurement, so selecting
the right metrics is important in connecting data
with desired outcomes (Grimes, 2013). Companies
must decide the objectives of social media analyt-
ics. Some of the widely-used objectives include
building brand awareness, increasing website visits,
increasing revenue, enhancing corporate reputa-
tion, and improving customer service/customer sat-
isfaction. These objectives must be accompanied
by both quantitative metrics (e.g., number of
followers or fans, number and frequency of post-
ings, number of likes or tweets) and qualitative
metrics (e.g., sentiment orientation, strength, sub-
jectivity) necessary to understand the attitudes and
opinions of customers and competitors. Regarding
competitive analytics, the company must identify
competitors to benchmark.

Notably, metrics can guide the choice of methods
of social media analytics and platforms. For exam-
ple, companies can measure size of the community
(real-time analysis) and whether it is growing (non-
real-time analysis) in Facebook (platform selected).
They can use statistical methods to model growth of
their social media platforms and find demographics
of users. Popular metrics include proportion of
active member users, time spent on social media
sites, quantity of discussion about the company and
its products, redistribution of content to other
social media platforms, and improvement of repu-
tation/image of the company.

5.2. Stage 2: Choose, monitor, and listen
to social media platforms

Specific information obtained from engaging in so-
cial listening activities is highly dependent on where
we listen (e.g., selectively monitoring a single social
media site vs. monitoring multiple sites) and how
the data is analyzed (Schweidel & Moe, 2012).
Selection of social media platforms depends upon
the impact of those platforms on the business (e.g.,
number of customers that use them) and accessibil-
ity of content on those social media platforms.
Forrester Research (2011) defines social listening
as “programs that utilize social media to monitor,
measure, and respond to customer conversations
and feedback online.” Social media monitoring
offers organizations quick access to valuable
information about users’ consumer profiles, brand

awareness/interest/liking/preference, and user
ability to understand the brand (Lin & Rauschnabel,
2016). Monitoring customers’ conversations on so-
cial media sites allows companies to respond quickly
to both positive and negative feedback, provide
timely customer service, and prevent reputation
damage. Companies that monitor and listen to social
media conversations will also have the opportunity
to counter competitors’ moves in quick succession.
Social media listening connects firms to all
available market information, and allows them to
potentially achieve greater consumer satisfaction
and better business performance (Bose, 2008). Free
social media tools also exist to track social media in
real time such as Google Alerts, Google Trends,
Social Mention, and Twitter Search. By continuously
listening to social media conversations, companies
canacquire dataabout customers’ perceptions about
the brand at any time, greatly improve customer
service, and create a strong online community.

5.3. Stage 3: Perform social media
analytics

The ability of decision makers to collect, filter, and
interpret data, messages, and signals has a critical
bearing on their strategy (Makadok & Barney, 2001).
Social media analytics aim to monitor, filter, and
analyze the discussions that take place on social
media platforms, providing a comprehensive pic-
ture of consumer opinions regarding products and
services. Sentiment analysis can suggest whether a
product, service, or customer support is better or
worse than industry average. Correlating sentiment
to recent changes in product design, for example,
could provide essential feedback. A number of
analytical tools and methods are available to help
managers conduct social media analytics. While
some social media data are structured, social media
data are mainly unstructured and semistructured,
leading to high diversity, ambiguity, and textual
disorder. These unstructured and semistructured
data require preprocessing and scrubbing before
data analytics to eliminate missing data, incorrect
data, and inconsistent data. The process of data
cleaning may involve spell checking, removal of
typographical errors or duplicates, validating and
correcting values against a known list of entities,
and tagging data with metadata. It is also necessary
to transform the cleaned data into structured data.

5.4. Stage 4: Build social media
intelligence

Social media analytics retrospectively describes
what has already happened. It does not prescribe
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or guide an organization’s next steps (Moe &
Schweidel, 2014). Social media intelligence enables
managers to prescribe what should be done with
the results of social media analytics. Social media
intelligence is achieved by combining knowledge
generated from traditional intelligence activities
and knowledge gained from social media analytics,
and helps managers develop better actionable
market decisions that align with the company’s
objectives (Walters, 2013). According to Moe and
Schweidel (2014), social media intelligence allows
the company to:

® Understand the behaviors driving the creation of
online opinions from both a psychological and
sociological perspective;

® Assess the implications of these behaviors on how
we interpret social media; and

® |ntegrate these insights into an overall strategy.

To achieve these objectives, the activities of social
media intelligence need to be comprehensive and
interdisciplinary, and include social monitoring and
listening, social media analytics, social media plat-
form management, data management, and sharing
of analytic outcomes with stakeholders. To manage
social media intelligence activities effectively,
firms such as GM, Marriott International, and
Walmart are increasingly establishing centralized
social media centers to coordinate various social
media activities that span multiple disciplines and
departments.

6. An illustration: Customer analytics
using merchant review data

This section illustrates the use of customer analytics
with real merchant review data. A large restaurant
in a suburban Chicago area was selected for the
analysis of customer review data collected from
Yelp, one of the most popular opinion sharing sites;
| used NVivo analytics software. For the restaurant,
50 customer postings were collected. Each post
consisted of one comment and one review score.
| conducted two-stage analytics. First, sentiment
analysis was used to categorize 130 sentences of
the 50 customer postings into sentiment polarity:
very positive (40 sentences), moderately positive
(47 sentences), moderately negative (26 sentences),
and very negative (17 sentences). Figure 1 shows
visualized sentiment categories.

Then, the 130 sentences were further categorized
into six factors: price, service, food, atmosphere,

Figure 1.

Visualized sentiment categories

Moderately negative Intemals\Form detals beiow

Moderately positve
Very positive

condition (e.g., restaurant cleanliness, accessibili-
ty), and selection (e.g., menu variety). These six
factors served as independent variables and the
review score as a dependent variable. Note that each
comment can contain multiple factors. A coding was
conducted manually to convert sentiment polarity
into specific numeric codes for the factors. A ‘very
positive’ sentence was assigned +4, ‘moderately pos-
itive’ sentence assigned +2, ‘moderately negative’
assigned —2, and ‘very negative’ assigned —4.
Through the coding process, 50 original customer
postings were converted into a sample size of
50 for multiple regression analysis. The seven varia-
bles and their descriptive statistics are shown in
Table 2.
As such, our regression model of the form

Y = Bo + BiXi + B X2 + B3X3
is
Y

2.91 + 0.256X; + 0.168X; + 0.478X;

where Y is the review score. This model has an
R-square value of 0.664.

A stepwise regression was run on these seven
variables. Table 3 shows the beta coefficients of
these variables as well as their p-values. The re-
gression was run with a 5% level of significance. The
analysis shows that the review score for the restau-
rant has a high correlation with (1) food, (2) price,

Table 2. Descriptive statistics

Mean” Standard n
Deviation
Price —0.76 1.975 50
Service 0.08 1.066 50
Food 0.92 2.625 50
Atmosphere —0.08 0.566 50
Condition 0.12 0.627 50
Selection 0.16 0.681 50
Review Score 2.98 1.152 50

" The midpoint is zero
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Table 3. Significant coefficients

Variable Unstandardized Beta Standardized Beta p-value
Bo - Constant 2.910 .000

B1 - Food .256 .588 .000

B2 - Price .168 .288 .007

B2 - Atmosphere .478 .235 .009

and (3) atmosphere. As expected, food was the
most important factor for customers’ overall
satisfaction, following by price and atmosphere.
However, service, condition, and selection were
not significant factors.

This section illustrates that a powerful social
media analytics model can be developed with
a manageable amount of data for small and
medium-sized enterprises to discover relationships
between consumers’ comments and review scores.
While more comprehensive social media analytics
might add more value to merchants, this illustration
shows that even simple social media analytics can
provide considerable marketing ideas to enter-
prises. Furthermore, the merchant can also analyze
its competitors’ review data to gain insights into
business operations and make marketing decisions
accordingly.

7. Challenges

Certain challenges are associated with enterprise
adoption of social media analytics. This section
identifies four challenges: bias in social media data,
selection of social media metrics, noise in social
media data, and unstructured social media data.
These challenges must be taken seriously and miti-
gated by enterprises to take full advantage of social
media analytics.

7.1. Bias in social media data

Social media platforms are able to reach only a
subset of customers. Therefore, social media data
may suffer from an unrepresentative customer pop-
ulation that prevents the data from being extrapo-
lated to the general public. While some participants
prefer to be active by posting comments and creat-
ing content on social media, others prefer to be
reticent (Miller & Lammas, 2010). Rather than write
something false, some consumers may share only
part of what they do or practice in real life to
portray a certain status, and thus information
may be only partially accurate or complete (Moe
& Schweidel, 2014). Fake reviews are oftentimes

posted by unscrupulous companies, zealous com-
petitors, disgruntled employees, and unhappy con-
sumers. While managers may be aware of these
issues and make efforts to mitigate the effects of
such biases in social media data, they need to
develop new methods to correct this in the first
place.

7.2. Selection of good social media
metrics

Social media platforms allow for the easy collection
of popular metrics such as number of views, click-
through rates, and frequency of posting opinions on
blogs. It is notable that there is a diminishing return
on investment (ROI) in social media analytics, but
oftentimes managers collect data for the sake of
measuring or due to easiness of measuring. It is
imperative to identify and prioritize key metrics,
establish target values, and generate periodic per-
formance reports. Selecting good social media met-
rics is challenging due to lack of expertise and
experience. While metrics may measure increase
in revenue or decrease in expense in the long term,
they may not necessarily reveal changes in custom-
ers’ behavior immediately. As such, a time gap
should be taken into account when measuring the
ROI of social media analytics. Considering social
media analytics is a new discipline, managers
should also see if advances in social media analytics
make collecting new metrics worth the investment.

7.3. Noise in social media data

Sifting through noise in data is challenging. Manag-
ers need to recognize the possibility of noise being
mixed in among messages of value. There are many
sources of noise in social media data, including
spam, fake reviews, false accounts, and duplicate
content. Filtering and scrubbing data are important
for the quality of social media analytics. However,
current social media analytics offer limited
automated filtering and scrubbing capabilities.
Automated procedures, combined with manual
procedures, may mitigate the noise of the data.
Researchers need to develop comprehensive data
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filtering and scrubbing methods. Visualization and
artificial intelligence represent promising methods
of noise reduction.

7.4. Unstructured social media data

Most social media content—including email, news
articles, letters, images, audio, and videos—is un-
structured. Analysis of unstructured data can help
companies gain valuable insights into their custom-
ers, products, services, and competitors. Relational
database management systems (RDBMS) developed
to manage structured data are not suitable for
managing unstructured data. Real-time analytics
can be more challenging in integrating and analyz-
ing unstructured data from multiple sources due to
noise in the data and different semantics used
for the same things. While numerous tools are
available for companies to analyze unstructured
data, managers face issues regarding poor data
quality, integrating structured and unstructured
data, and massive data volume. They need to un-
derstand the type and value of information gained
from unstructured data and select the right analyt-
ics and data management tools to extract maximum
value from unstructured data. It is also important
to take note of advances in the data management
technologies for unstructured data such as Hadoop
and NoSQL.

8. Conclusion: Finding ways to
analyze and compete

As social media was widely adopted by customers, it
became imperative for businesses to leverage social
media platforms to stay competitive in the global
economy. Social media analytics are used to moni-
tor and listen to word-of-mouth that spreads in
social media platforms, and conduct thorough anal-
yses of consumer opinions on products and services.
With the growth of social media platforms, the
influx of big data became a huge challenge (O’Reilly
& Lancendorfer, 2014). Therefore, it is crucial that
companies select the right social media platforms
and the correct types of data to collect and analyze.

This article presented a 2 x 2 typology of enter-
prise social media analytics that charts out some of
the popular social media analytics used by enter-
prises: real-time customer analytics, non-real-time
customer analytics, real-time competitive analyt-
ics, and non-real-time competitive analytics. Then,
this article discussed various social analytics meth-
ods including sentiment analysis, social network
analysis, statistical methods, and image and video
analytics. An illustration of social media analytics

with real data involving sentiment analysis and a
regression model was provided for managers’ un-
derstanding of this important area. Finally, four
challenges were identified.

To gain competitive advantage, enterprises need
to monitor and analyze not only their customer-
generated content but also competitors’ customer-
generated content on various social media sites.
While our discussion here is limited to direct com-
petitors, social media analytics can be expanded to
the analysis of supply chain to understand current
standing on customer relationships and competi-
tiveness, and improve supply chain efficiency
and effectiveness. It is also worth mentioning that
while this article focuses on social media analytics,
social media analytics is part of large business data
analytics, which involves non-social media data for
overall business intelligence.
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