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The article advances a new way to think about computational research, in general,
and computational communication research, in particular. Contrary to current defi-
nitions of “computational science,” which emphasizes its inductive nature, we
define computational research as an incomplete inductive process, blending both
theoretical and data-driven methods of discovery. Communication theory needs to
be driven by a clear concept of human needs and abilities, recovering and extend-
ing known theoretical insights from mass and interpersonal communication
research. The definition we propose for computational communication research has
a practical implication. Relying on theory, the definition demands to identify spe-
cific processes and domains within the field of computational communication
research. The processes include communication production, behavior, and effects.
The domains include collaboration, trust, and data storytelling and journalism,
while the methods include content and network analyses. The article starts with a
broad definition of the “computational” approach, using the Johari window. We
continue with a typology of computational communication research, which blends
reviews of foundational texts with summaries of leading research. In the conclu-
sions, we discuss the strengths and identify new opportunities in the field of com-
putational communication research.
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1 | INTRODUCTION: WHAT IS COMPUTATIONAL COMMUNICATION RESEARCH?

Computational science, of which a good part of computing-intensive communication research is a branch, is a new way to
think about and overcome some of the limits of human inquiry. Its main claim is ambitious: given enough data and computing
power, all discovery problems become tractable. Started in biology, where it led to the sequencing of the human genome, com-
putational science has been increasingly adopted in social sciences. Computational social science was proposed and defined as
a field of inquiry in a Science editorial by a team of social and natural scientists working in the emergent domain of “network
science” (Lazer et al., 2009). Yet, the definition they proposed for a future “computational social science” was elusive. Instead
of using the classical “closest genre and specific difference,” the authors defined computational social science by describing
its means and consequences. According to them, computational social science, is a type of inquiry “that leverages the capacity
to collect and analyze data with an unprecedented breadth and depth and scale [to explore] how people interact [and to] offer
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qualitatively new perspectives on collective human behavior” (Lazer et al., 2009, p. 722). This definition leaves out a crucial
question: how is computational science essentially different from noncomputational science? Are the two the same in all
respects except for scale? Are there any differences regarding units of analysis, domains of most appropriate inquiry, applica-
tion realms, and so on? What types of question can and what types cannot be asked through a computational approach?

The questions remain relevant when we move from social to communication science, which is the object of this article. In
fact, they become even more complex, since communication investigates multiple domains, is interested in realities at various
levels of analysis and complexity, and demands very practical answers in many cases.

In what follows, we will propose a definition of the computational approach and a breakdown of its domains of investiga-
tion and possible outcomes. We will also propose some possible applications and areas of impact. Throughout, we will also
propose to combine inductive with deductive approaches, which leverages theory, without privileging it.

Any survey of computational communication research should start with defining the boundaries of the term. Such bound-
aries can be set by answering two simple, yet foundational questions: What is the meaning of the adjective “computational”?
How is computational communication research different from “simple” or noncomputational/traditional communication
research? These questions are justified by the fact that rare is the researcher in communication who does not use one or
another form of computing to collect, store, sort, and analyze the facts his or her work pertains to. The digital nature of the sci-
entific work aside, one other way to answer the questions is by saying that the adjective “computational” refers to the applica-
tion of vast, enterprise-level computerized resources to analyze big data that refer to large, and by size, significant issues.

However, should size matter? Science is science. If the workflow is the same, any scholarly enterprise should be like any
other, regardless of the amount of data involved. Social and communication science should be assessed by how generalizable
their conclusions are, not by how large their samples and datasets are. If the conclusions drawn on large samples only add a
bit to the significance levels of the results, “computational” approaches could be considered a matter of technology, technics
even, not of major intellectual significance. Thus, the adjective “computational” might not mean or add much to the conversa-
tion unless it carries new epistemological attributes.

In the next section, which opens the discussion about computational communication research, we will focus on two essen-
tial attributes and their necessary reinterpretation in the context of communication research: an expected emphasis on inductive
discovery and the primacy of population-size, networked phenomena.

1.1 | Computational science: Inductive, deductive, or both?

Computational research, be it in social, physical, or life sciences, should not be equated to digital or even to “big data”
research. We need to go to the original meaning attached to the computational method. According to its original proponents in
bioinformatics (Hagen, 2000), the computational approach is and should be different from other types of discovery enterprises
by the unique way of marshaling the data and by the analyses it makes possible to provide new and unexpected results.
According to Watts (January 2017), discovery by computational means should overcome the limits imposed by existing the-
ory. Computational approaches should focus on practical, that is, empirical problems for which we might not even have a
theory.

What Watts suggests, although not in these terms, is that computational science should be mainly preoccupied with
“unknown-unknowns.” In reformulating the problem this way, we use the “Johari window” originally proposed in psychology
(Luft & Ingham, 1955) and often used in project management (Girard & Girard, 2009, p. 54). The window proposes a four-
quadrant division of knowledge. Facts that we know or not are intersected with the awareness of what can be known with pre-
sent methods and theories.

WE ARE AWARE WE ARE NOT AWARE

KNOWN FACTS KNOWN-KNOWNS UNKNOWN-KNOWNS

UNKNOWN FACTS KNOWN-UNKNOWNS UNKNOWN-UNKNOWNS

When applied to epistemology, the window makes visible the elementary idea that the human mind in its quest of knowl-
edge discovery mainly handles four types of knowledge: known-knowns, unknown-knowns, known-unknowns, and
unknown-unknowns. The known-knowns refer to verified and validated truths: the earth is round. The known-unknowns are
the things we know we do not know yet: the exact moment when the sun will die. The unknown knowns are the things that
become relevant only in hindsight: the July 2001 “Phoenix” FBI memo that forewarned about a possible attack on U.S. targets
with civilian planes (Behar, 2011). Finally, there are the many unknown-unknowns, the many things we do not yet know to
be possible or even probable and for which, by definition, we cannot even provide examples other than in retrospect.
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The window was made famous by a political debate during the Iraqi war (Rumsfeld, 2002), which although ridiculed as
a glib tongue twister (“Foot in Mouth” Prize for Rumsfeld, 2003), it highlighted the complexity of political decision-mak-
ing. In the preceding months to the Iraqi war, when confronted by a journalist that there was no evidence for a connection
between Saddam Hussein and terrorists armed with weapons of mass destruction, Donald Rumsfeld, the secretary of
defense, answered in a rather convoluted way. He said that there is no way to know if that is true or not since it is not in the
habit of terrorists to flaunt their patrons or of the dictators to openly recognize their secret allies. To make this claim, not
only expedient but to add a note of logical necessity, he classified what the world knew about Saddam Hussein's arsenal as
of 2013 as “unknown unknown.” The way Rumsfeld used the Johari window demands that the famous exchange should be
quoted in full:

Q (reporter): In regard to Iraq weapons of mass destruction and terrorists [...] there are reports that there is no
evidence of a direct link between Baghdad and some of these terrorist organizations.

Rumsfeld: Reports that say that something hasn't happened are always interesting to me, because as we know,
there are known knowns; there are things we know we know. We also know there are known unknowns; that is
to say we know there are some things we do not know. But there are also unknown unknowns—the ones we
don't know we don't know. People who have the omniscience that they can say with high certainty that some-
thing has not happened or is not being tried [...] can do things I can't do (Rumsfeld, 2002).

In brief, the classification of knowledge according to the Johari window and re-elaborated during the Rumsfeld debate
starts from the premise that before initiating the inquiry process, all knowledge seekers need to take an inventory of what they
do or do not know and of what they would like to know. Rumsfeld, rightly or wrongly, put the Saddam Hussein-terrorists in
the category of “unknown-unknowns” and pushed it aside.

In science, however, what he pushed aside is the holy grail of discovery. The unknown-unknowns are what fueled some
of the most momentous scientific discoveries. Their heuristic value was rightly highlighted by methodologists (Logan, 2009),
who similarly believe in the value of unknown-unknowns. To make this idea more tangible, let us remember that it was Flem-
ing's lack of knowledge that penicillin cultures can kill bacteria (a true unknown-unknown in 1928) against which his acciden-
tal discovery of the lethal effect of the fungus on certain pathogens was projected, turning his blind spot into a highly relevant
and worth pursuing discovery (Abraham, 1980).

The great attractiveness of the computational approach is that unexpected discovery of patterns and connections between
data points may open the vault of unknown-unknowns. Mere science of precomputational vintage would or should only deal
with known-unknowns, working its way by deductive inference from known to possible theories that are to be validated by
empirical research.

Computational science, on the other hand, is seen as an inductive method of answering questions we do not even know
how to ask. This is possible due to the fast and vast abilities of computerized methods to churn and sieve very large amounts
of data and to find regularities and correspondences that are not immediately apparent to the researchers. They are latent in the
data and are revealed algorithmically through network (Hansen, Schneiderman, & Smith, 2010; Smith, Shneiderman, &
Himelboim, 2014; Welser et al., 2011; Welser, Gleave, Fisher, & Smith, 2007), cluster, or classifier analysis (Hagen, 2000).
Computational discovery is a pursuit akin to “signal” or “pattern recognition” in vast masses of information collected as sim-
ple data points. The core problem of this approach is recognizing the signals formally, even before knowing what they mean.
Later, from their shapes, sequences, and concatenation, we can advance propositions about their meanings or causes.

This, eminently inductive, method is the one that launched bioinformatics, the first form of computational science (Hagen,
2000). Work on identifying the discrete structure and function of structures in proteins or genetic material relies on massive
operations of identifying repeating sequences, their correspondence across samples, their clustering, and finally their function
by correlations with known effects (Nesvizhskii, 2014). The process very often involves raw pattern recognition and later hier-
archical clustering or principal component analysis. It is the triumph of looking for the proverbial needle in the haystack with
the difference that the needle is made of vegetable fiber itself and there are multiple needles of multiple sizes.

Straight borrowing of this type of exploratory analysis from bioinformatics to social science raises several questions.
Although there is merit in engaging in more open-ended, practical research, as suggested by Watts (January 2017), it is hard
to discard theory, even partially. While in genetics and biology we are just beginning to understand the mechanisms by which
genes influence process and characteristics and inductive approaches are still useful (Nesvizhskii, 2014), in social sciences,
we have had many and successful attempts to define and model human behaviors. A plethora of social and psychocognitive
theories explain how and why individual make choices, organize, or connect to each other.

In borrowing computation approaches, we should not discard theory. Otherwise put, when borrowing the computational
approach, we cannot indiscriminately adopt the purely signal recognition or inductive method (Borge-Holthoefer, Moreno, &
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Yasseri, 2016). Rather, we need to combine induction with deduction, following the famous recommendation of Francis
Bacon (2000) in The New Organon to advance toward true knowledge through semi-induction, which is empirical detection
of patterns steered and mitigated by theoretical assumptions.

Computational approaches to communication, in fact, cannot and will never be purely inductive. Even when they are
presented as such, they carry unspoken assumptions, which are proto-theoretical and rooted in common sense. This can cre-
ate many problems of internal and external validity. Common sense is notorious for its overreliance on apparent formal sim-
ilarities and regularities, which often can and should be explained by theoretical principles that are not directly intuitive or
apparent. For example, the empirical evidence provided by the senses suggests that the sun and many other stars circle the
earth. Yet, contradictory information, such as the apparent retrograde motion of the planets, when they stop moving in one
direction and start heading in the opposite one, needs to be integrated by an alternative explanation. This demands a theoret-
ical model that contradicts what the senses tell us, namely, that it is not the earth that is the center of the solar system, but
the sun.

1.2 | Population size research, networks, and contagion

The second promise of computational research, after its ability to detect signals in noise, is its ability to handle population-size
data. In communication, we can harvest and analyze the entire corpus of edits made on Wikipedia (Matei & Britt, 2017) or on
vast collections of wikis of many kinds (Kittur, Lee, & Kraut, 2009; Shaw & Hill, 2014). We can analyze entire storms of
interactions created by viral tweets on Twitter. We can mine all the posts and comments committed to an open Facebook
group or to a sub-Reddit (a section of the famous electronic bulletin board Reddit.com). We can analyze all the code additions
and changes made to the Linux kernel (https://perma.cc/5NNE-7RYR), the most famous open-source software project, and the
questions and answers committed to StackOverflow.com, a vast, just-in-time knowledge production system for amateur and
advanced programmers alike. For all these datasets, we can get data about the entire population and we can obtain or infer the
connections between the members of the population.

While population-size data are interesting, given the logic and efficiency of sampling, its mere size should not impress us
that much. In fact, if all we got from computational science were samples as large as the entire population, the cost of obtain-
ing and handling this type of data would not be worth the benefits. Stochastic studies based on samples of the right size are
more cost efficient and just as revealing as having access to the entire population. There is one type of data that truly benefits
from population-size samples. This is graph data, which records both cases and the relationship between them. The gift of
obtaining access to the entire set of relationships between the members of the population, in other words, to the implicit and
explicit graphs of connections, is a true boon to research (Hansen et al., 2010; Newman, 2010; Watts, 2003). Typical scientific
research, especially in social and communication sciences, relied on the old probabilistic ideal of samples made of randomly
selected, independent cases. Such samples eliminated or at least minimized the relationships between the subjects or units of
analysis. The goal was to reduce unseen correlates due to case-to-case contagion through communication or proximity.

However, many if not most social phenomena have an autocorrelative component. Communication research should and
needs to consider the fact that the individuals or cases studied are connected via implicit or explicit communication. Auto-
correlations due to spatial or temporal proximity are or should be focal points of research. Such research, however, cannot
be conducted on random samples, but only on intact populations. Members of samples will rarely if ever connect to each
other. Many of the connections that influence the members in a random sample are in fact unknown. When we have a full
population, however, we have access to all the connections between all members, which with appropriate research method-
ologies can be used to great effect. We can predict why certain classes of subjects behaved in a certain way not only because
of their intrinsic characteristics but because of their connections to each other. Autocorrelation and error term correlation,
the vices of purely probabilistic, random, independent samples, become the virtues of population size, computational
research.

In a way, we can say that if there is a true virtue in computational research, that is its ability to explore population size
problems by taking advantage of the graph approach that such problems make possible. Of course, given that the number of
links in a population increases quasi-exponentially with the number of nodes, and even if mitigated by the formula n*log(n),
as recommended by Briscoe, Odlyzko, and Tilly (2006), computational research of predictive graphs could be quite costly,
both in terms of computing effort and technical abilities. Most off-the-shelf computational solutions for graph problems stop
being feasible above a few thousand nodes. Merely mapping graphs of interaction for gigantic networks, such as the editorial
network of interactions for Wikipedia, is often difficult to handle, although solutions and even datasets have been produced
(Leskovec & Sosi�c, 2016). Yet, as we will see below, much promise exists in this field, which might make computational
research meet many of its promises of revolutionizing social and communication sciences.

4 of 18 MATEI AND KEE

http://reddit.com
https://perma.cc/5NNE-7RYR
http://stackoverflow.com


2 | COMPUTATIONAL COMMUNICATION RESEARCH: PROCESSES, DOMAINS, AND
METHODS

In what follows, we will survey computational communication research broadly, in view of some foundational works pub-
lished in the last years. We focus on processes, domains, and methods. Throughout, we will highlight the tension between
inductive and deductive approaches, pointing to the constant need and successful use of theory and semi-induction. We chose
processes, domains, and methods to highlight the fact that communication research is multidimensional. Our typology
involves domains situated at various levels of analysis (group or societal) or that deal with crucial aspects of human interac-
tion, including trust and data storytelling. It covers heterogeneous processes (production, interpersonal and mass–personal
communication behavior, or effects of communicative interaction). Of the many possible methods of research, we chose two
that promised and delivered the most: text (content) and network analysis. Table 1 maps out our approach. In view of our
interest in essential processes that define computational communication analysis, we focus on production, behavior (defined
as interaction with content) and the effects of communication processes. In this respect, we fall back on the communication
research tradition, which has grown out of questions related to “who?,” “how?,” and to “what effect?” (Lasswell, 1968). By
this, we also want to highlight that computational communication research is a part of and not a secessionist movement from
the great tradition of communication inquiry.

The domains were selected for their presence in the communication literature and potential for impact. We spent a good
amount of time on collaboration and organization. Communication networks have created new ways to organize and produce
content, movements, or businesses. Social media and crowdsourced platforms, such as Uber or Wikipedia, literally changed
that face of the world. Studying the processes sustained by these platforms using computational methods helps us see more
clearly how the world is changing. Finally, we focus, selectively, on two emerging methods of great importance, content anal-
ysis, and predictive network analysis, which have and will provide a richer description of the changes mentioned above. While
this classification may change in the future, we propose it here as a simple and effective heuristic method that allows breaking
down the problem into smaller, more tractable parts.

2.1 | Foundational texts, questions, and open agenda items

Computational research has received serious attention within the discipline of communication in recent years. This can be seen
in the establishing of the Computational Methods Interest Group by the International Communication Association in 2017,
and the publication of some foundational articles (e.g., Cappella, 2017; Freelon, 2014; García-Peñalvo, 2016; Shah, Cap-
pella, & Neuman, 2015) on computational research in the field. Cappella (2017) observed that there has been much work out-
side of communication that takes on questions at the core of the communication discipline. In fact, Shah et al. (2015) argued
that the strong trend in computational social science to treat “text-as-data” signaled the rise of computational communication
science as a robust emerging field.

The computational approach also requires “computational thinking,” an idea advanced by Wing (2006). Computational
thinking requires information technology literacy combined with reading, writing, and math competency. García-Peñalvo
(2016) makes another contribution to computational thinking, defining it as “the underlying problem-solving cognitive process

TABLE 1 Key processes, domains, and methods of computational communication research

Processes Production analysis Social capital, uses and gratifications, sociostructural factors, coordination and conflict, evolutionary approach, social learning,
network centrality, media dependency system, media diversity, online media production, and economic mechanisms.

Consumption/behavioral
analysis

Diffusion, contagion, information cascades; behavior, cognitive processes; information consumption, and network
embeddedness.

Effects Cultural, moral, and sociopsychological effects of social media; concerns for social disconnection, alienation, and
depression; nonverbal effects on persuasion, and framing effects on presidential debates

Domains Social organization and
collaboration

Social-structural approach, adhocratic emergence, transactive memory, public goods, structuration, self-organizing,
organizational change (life cycle, teleology, dialectics, and evolution), homophily, assortativity, and group
productivity/outcomes.

Trust, credibility and,
transparency

Prosumers (content producers and consumers), online reviews, expectancy violation, personal reputation veracity, and
endorsement evidence.

Data journalism Computer-assisted journalism, programmer–journalists, data visualizations of polarization, textual analysis of tweets,
computational propaganda, and algorithmic agents.

Methods Content analysis Text-as-data, automated content analysis, challenge of natural language processing, rhetorical analysis, speech act
theory, ontological semantics, sociolinguistics, intention analysis, use computational approaches to verify findings
based on other approaches and test existing theories.

Predictive network
analysis

Taxonomies of network topologies, network structures are used to predict node characteristics or node attributes are
used to predict the existence or emergence of network edge (ties), exponential random graph modeling, network
autocorrelation procedures
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that allows [coding and programming]” (p. vi). Computational thinking is the ability to apply algorithms and high-level
abstraction to solve problems. He argues that while coding is one of the best ways to promote computational thinking, compu-
tational thinking is applicable to problems that do not involve coding, including problems outside of computer science.

The main asset of computational communication research is the opportunity to collect and analyze mass quantities of digi-
tal data, such as trace data (Crowston, 2017). However, the computer programming skills necessary for this task are sparsely
distributed among communication researchers, as it is not a traditional research method. This is not an unmitigated benefit.
Some communication researchers had to stumble along and figure out their own solutions (Freelon, 2014), while others collab-
orate with researchers in computer science, engineering, statistics/mathematics, information systems, social computing, and
high throughput computing (Cappella, 2017; Shah et al., 2015). This, however, can lead to new, broader, and innovative types
of data collection and interpretation, which are not bound by tradition (Matei, Russell, & Bertino, 2015). This follows trends
that go beyond communication. The computational approach has also been integrated into other social science fields, such as
political science, sociology, psychology, public health, and public policy (Shah et al., 2015).

Computational communication research focuses on “natural occurring” actions and interactions, such as online behaviors
on Amazon, social expressions on Twitter, and personal connections on Facebook. Lazer et al. (2009) termed this collection
of data points “digital breadcrumbs.” Shah et al. (2015) maintain that these “digital breadcrumbs” provide a range of influence
processes and social phenomena for computational research, such as political behaviors and personality traits. In fact, they
argue that it is the emphasis on “natural occurring” actions and interactions that give computational communication research
the unique advantage to overcome some of the persistent limitations of traditional research, such as experimenter effects, self-
report, and social desirability biases in survey and experimental studies. We argue that such natural data can also help improve
existing theories and perhaps challenge weak theories of the past, provided that deductive and inductive methods can be used
concurrently.

While the unique advantage of the computational approach is powerful, communication scholars see several potential pit-
falls. Shah et al. (2015) point out three distinct challenges: generalizability, ethical concerns, and theoretical scope. The chal-
lenge of generalizability refers to the limitation of online data, which reflects demographic profiles that diverge from those of
the general population. For example, while Twitter can provide a large amount of data for researchers to identify communica-
tion patterns, Twitter users are younger and more educated, not representative of the population (Smith & Anderson, 2018).
Furthermore, Lewis, Zamith, and Hermida (2013) report that tweets gathered online can yield incomplete data sets that
researchers assume to be complete when they are not. Some events can generate millions of tweets, which cannot be captured
with common data harvesting tools. The data obtained are the data that happened to be available at the time when the
researcher cast his or her net. Furthermore, as with all big data sets, most statistical analyses will likely turn significant, due to
the sheer amount of data. In other words, the p-value is no longer as important and relevant as an indicator of validity in big
data (van Atteveldt & Peng, 2018). This can call into question the generalizability of computational research using big data.

Second, the computational use of communication data is fraught with ethical dangers. While data might contain much
insight, it is at the same time linked to specific users, who may not know and/or want that their information is being used for
research. The lack of formal consent might compound the problem, especially when data was not publicly available. Further-
more, the researchers and the users may not even know, at the time of data collection, how the data may be used or reused in
the future, which makes formal consent for a future analysis practically impossible. The issues of data privacy and de-
identification become of paramount importance.

Third, and directly relevant to our main thesis, computational analyses of large amounts of data (such as tweets and con-
nections among social network users) can become overly inductive, rendering theory as a secondary concern, or sometimes,
even irrelevant Anderson (2008). This is problematic because social data analyses uninformed or underinformed by social the-
ories can be misinterpreted, thus making predictions, forecasts, and explanations that misrepresent reality. Freelon (2014)
points out that this can challenge the interdisciplinary space of computational communication research as researchers become
more concerned with algorithmic prediction and software development than with theory development. Therefore, Shah et al.
(2015) argue for the need to use good theory to make sense of research, “to offer clear a priori predictions and sensible expla-
nations of what are otherwise uninterpretable statistical tests” (p. 12).

Recently, Cappella (2017, p. 546) summarized as an open agenda the four key questions to be pursued in computational
communication research. These questions include: (a) “What structures of communicative networks enhance and retard the
diffusion of social influence?” (b) “Can we model media effects incorporating both interpersonal connections and mass com-
munication effects?” (c) “How can efficiencies of mass communication campaigns begin to match the effectiveness of mes-
sages tailored to the person-as-target?”, and (d) “How does the content of interpersonal communication change as it moves
from personal exchanges to mediated messages that scale to broader audiences?” Cappella argued that these questions are
foundational because they tackle some of the lasting issues at the intersection of mass and interpersonal communication
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research. At their core, these questions circumscribe the classic issue of social influence in communication research through
the diffusion of information, ideas, and memes in the social world.

2.2 | A forward and summary process-based scan of computational communication research

So far, we have reviewed some existing perspectives on computational communication research, which point to the necessity
of proposing a unified framework for considering the expectations and possible deliverables surrounding computational com-
munication research. The framework should balance inductive with deductive methods. It should also consider issues such as
generalizability, ethics, theory, effects, diffusion, and cross-domain research. To what degree does existing research meet these
areas of concern? What is left out? What more can be done? In what follows, we will review some of the current literature,
selectively focusing on three domains, which will intersect with the framework proposed above. First, we will look at how the
literature deals with the three segments of the communication process: production, consumption/behavior, and effects. Second,
we will scan some representative emerging domains of computation communication research, including organization and col-
laboration, trust, credibility, and transparency, as well as data journalism. Third, we will discuss content analysis and predic-
tive network analysis as the two most prominent methods used in computational communication research. Finally, we propose
some further avenues for further research, which might fill in some research gaps.

2.3 | Modalities of investigation by parts of the communication process

Computational communication research is a growing field of research, covering all sides of the communication process,
including production, consumption/behaviors, and effects. In this section, we will highlight some of the representative pieces
of research in each of these domains, highlighting where is needed, the accomplishments, the promises, and the gaps.

2.3.1 | Production analysis

The core question of this section is “how does computational research explain user contributions to social media”? The
answers are many and varied. As early as 20 years ago, Wasko and Faraj (2000) proposed a set of structural factors, including
building and maintaining social capital, which can be leveraged for other activities through generalized reciprocity. More
recently, using a uses and gratifications framework, Shao, Ross, and Grace (2015) suggested that social media rests on self-
expressive and interactional needs. Furthermore, looking at knowledge production sites, Kittur et al. (2009) or Matei, Jabal,
and Bertino (2017) advanced a set of sociostructural factors that may structure and motivate social media production. Kittur
et al. (2009) focused at coordination and conflict, while Matei and Britt (2017) proposed an evolutionary approach, supported
by functional roles and “adhocratic” order. The latter refers to a flexible, user-defined, practical order ran by those who do the
most on a social media site. Both studies used measures of inequality, especially entropy, which can capture the degree to
which social groups are structured or not.

Empirically, however, the literature is not as rich as it should be. Research on production motivation remains in the realm
of theoretical models (Shao et al., 2015). Some good empirical research does blaze new trails (Crowston, Jullien, & Ortega,
2011, 2013). Facebook or Twitter in-house researchers focused on information cascades (Dow, Adamic, & Friggeri, 2013),
influence (Ball-Rokeach, 1985), or similar topics. The 10 years old study by Burke, Marlow, and Lento (2009), which claims
that social learning is a good predictor for continuing engagement with social networks of newcomers, is also a notable contri-
bution to this effort.

Some contributions on motivations and recruitment of new members on Twitter or older social media are found in the aca-
demic literature (Gonzalez-Bailon, Wang, Rivero, Borge-Holthoefer, & Moreno, 2014), which detail the importance of net-
works and node centrality in attracting new members on Twitter. Lampe and Johnston (2005) focused on the effect of
feedback and support on maintaining and propelling contributions to online discussion groups (at the time, Slashdot). Joyce
and Kraut (2006) considered the mechanisms by which interaction and communication sustained in online discussion groups.

The research on production can be significantly enhanced with more comprehensive research agendas. Theories such as
Media Dependency System (Ball-Rokeach, 1985), which propose that publics and their media depend on each other to satisfy
individual and organizational needs should be brought to the limelight. More important, mature economic models of media
production can be woven through the fabric of computation communication research. Incidentally, or not, researchers in
France, who traditionally are more welcoming to interdisciplinary research, are blazing new trails in this direction. The Labo-
ratory on Cultural and Artistic Industries at University of Paris leads the way (Marty, Rebillard, Pouchot, & Lafouge, 2012;
Rebillard & Smyrnaios, 2010). Their work on media diversity, online media production, and economic mechanisms that
explain social media work are a welcome addition to the field. At the same time, more needs to be done to utilize mature and
complex media-specific theories for explaining social media production at institutional level.
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2.3.2 | Behavior analysis

The most vibrant and interesting research in this area is that on influencers and information cascades (Bakshy, Rosenn, Mar-
low, & Adamic, 2012). Studies highlighted the importance of supernodes, but also of triggering events in releasing informa-
tion cascades (Dow et al., 2013). The view that everyday users also matter by the sheer volume of content they put out is
similarly important. However, we are far from a unified theory of when and where information cascades are likely to occur. In
fact, the great enthusiasm for the information cascades might be an albatross, as each cascade might have its own motivation,
hard to align with all others under a catch-all theory. Here, again, we are caught in the trap of inductive research, unled by a
clear theoretical justification. While information cascades are current and easy to observe, their mere constant occurrence is
not a guarantee that they all belong to the same theoretical mechanism. Like the classic theory of diffusion of innovations, this
is more of a class of phenomena in search of many different explanatory mechanisms.

Behavioral research on social media with computational means goes beyond diffusion, contagion, and information cas-
cades. There are significant attempts to triangulate behavior, cognitive processes, information consumption, and network
embeddedness. O'Donnell and Falk (2015) reviewed an extensive literature looking at the mechanisms by which micro- and
macro-behavioral processes interact. They combined social network with neural data to predict the success of persuasive mes-
sages. They also pioneered a method of investigation that looks at neuroimages and their association with sentiments as
expressed in language. They found a link between the neural mechanisms related to idea evaluation and the linguistic process
by which it is retransmitted.

Pont, Mora, Casado, and Mendez (2016) employed mathematical modeling of belief systems to understand how human
beings process incoming information to trigger emerging behaviors, especially in social communication. The researchers
custom-built software to infer the pattern of emerging behaviors in communication. The model described the information mod-
ification and information propagation in complex systems. These studies demonstrate that human behaviors can be computa-
tionally studied by triangulating different big and naturally occurring data (e.g., neural data) with traditional data sets
(e.g., self-reported network data).

2.3.3 | Effect analysis

Media effects research is one of the most distinguished strands of scholarly endeavor in communication. Concerns about the
cultural, moral, or psychological effects of media are as old as the oldest forms of electronic media (Blumer, 1933; Katz,
2001; Merton, Fiske, & Curtis, 1946). Computational methods have been used in several landmark studies, including the infa-
mous research on the effect of the emotional tone of Facebook messages on user's own production of emotional material,
which lead to a heated conversation about the ethics of manipulating users without consent (Kramer, Guillory, & Hancock,
2014). The constant concerns are about social disconnection, alienation, or depression (De Choudhury, Counts, & Hor-
vitz, 2013).

In an experiment of virtual peer influence, Sherman, Payton, Hernandez, Greenfield, and Dapretto (2016) found that the
brain areas associated with imitation, social cognition, attention, and reward processing were activated when teenage partici-
pants saw photos endorsed by peers, including photos of risky behaviors such as drinking and smoking. These teenagers also
were more likely to click the “Like” button to endorse the photo, if it received many “Likes,” although the endorsements were
by strangers they did not know. In another study, Churches, Nicholls, Thiessen, Kohler, and Keage (2014) reported that the
brain areas responsible for facial recognition lit up when participants in an experiment were presented with an emoticon of the
smiley face [e.g., :-)]. They explained that this emoticon effect is a neural response created solely based on cultural condition-
ing, as a result of the widespread adoption of computers. The implication of this study is critical. When the social media mes-
sage received is that of disapproval (instead of a “Like” endorsement) or a sad face [e.g., :-(], it can have a real effect on the
recipients, including experiences of social disconnection, alienation, or depression.

De Choudhury et al. (2013) have looked at the communicative indicators of depression in social media messages
(Twitter), obtaining a 77% recognition rate for updates posted by clinically depressed individuals. The model operationalizes
and connects social, emotional, and behavioral signals expressed on Twitter to generate a social media depression index
(SMDI) that can be used to detect depression in populations. More specifically, they studied participants recruited from Ama-
zon Mechanical Turk and their 69K tweets over a 3-month period, looking for content indicative of depression. De Choudhury
et al. tested the relationship between depression (operationalized with the help of the Center for Epidemiological Studies
Depression Scale) and the language used in their Twitter posts, finding good linguistic markers for depression. The analysis
used the Linguistic Inquiry and Word Count, LIWC, http://www.liwc.net/, demonstrating the applicability of existing corpora
and linguistic tools to complex communication research.

Based on the resultant statistical models (and support vector machine classifier), the researchers defined a metric referred
to as the SMDI, which is a measure of the degree of depression based on the analysis of a large corpus of Twitter posts by
users daily. Findings, in fact, align with the U.S. population statistics of depression reported by the Center for Disease Control
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and Prevention (CDC). This approach is useful in that it can be done more easily and regularly to monitor depression patterns
than traditional surveys, such as the Behavioral Risk Surveillance Survey and those by the CDC. It also illustrates a good
blending of theoretical and inductive approaches.

Conway and O'Connor (2016) reviewed several dozen studies looking at mental health and social media use, most of them
conducted from a computational perspective. It is noticeable that a majority of them are descriptive and measurement focused,
rather than inferential highlight the need of explicit theoretical concerns. Despite the claims that social media-induced depres-
sion, advanced by researchers who looked at the problem through an experimental or survey lens (Zagorski, 2017), computational
methods are yet to embrace theoretically driven causal approaches. This, again, highlights the tension between data-driven versus
theoretical work in computational research. Often, empirically derived measures for phenomena such as “depression” are proposed
and operationalized before a strong theory of psychological engagement with media has been constructed.

At the same time, the “effects” research of traditional media has built a long and distinguished tradition, advancing from
simple behavioral models to complex, cultural–cognitive frameworks, some of which propose a continuous give and take
between media consumers and their sources. Computational communication research needs to go back to this tradition and to
recover all that could theoretically be recovered. Foundational texts, such as Sparks (2015), should be constantly referred to in
the crosshair of the research community. Furthermore, the compendia of current and recent models of media effects research,
infused by deep and well-considered cognitive and psychological theories, including foundational texts (Bryant, Thompson, &
Finklea, 2012) need to be brought to bear in any conversation about the sociopsychological effects of social media.

Fortunately, a limited sample of such theory infused research does exist, although not on the necessary scale. For example,
a study of video reviews of movies (Park, Shim, Chatterjee, Sagae, & Morency, 2014) tested the effect of multimodal compu-
tational descriptors of verbal and nonverbal behavior against unimodal descriptors in predicting a speaker's persuasiveness.
They used the Coverep software to collect and quantify speakers' acoustic (such as voice qualities), verbal and paraverbal
descriptors (such as articulation rate, pause, pause filler, speech disturbance ratio, and stutter), and visual descriptors (such as
facial expressions). They used the descriptors as independent variables predicting perceived persuasiveness of speakers. Their
study provided an example of how video data can be computationally analyzed for their persuasive effects on viewers using a
mature theory of persuasiveness.

Similarly, Shah et al. (2015) measured tweets in response to a live presidential debate, comparing the volume and senti-
ment of real-time tweets during the Obama–Romney debate in October 2012. The theoretical lens was framing. They found
that the highest tweet volume moment for Obama was when he made a comment that became a meme on Twitter. Their study
pioneered the computational approach of linking data related to the “first screen” (televised presidential debate) and the “sec-
ond screen” (social media expressions on Twitter).

2.4 | Domains of computational communication research

Computational communication can and does cover a large gamut of domains and interests. In this overview, we cannot cover
them all. We will only look at some domains, which act as trailblazers both by intrinsic importance and by the attention they
attracted. We will focus mostly on issues of social organization and collaboration, trust, credibility, and transparency, and data
journalism. For each, we will highlight the crucial points explored by the current research and the gaps that still exist and need
to be closed.

2.4.1 | Social organization and collaboration research

Social media has brought with it new forms of organization and collaboration. One can say that it in effect reinvented collabo-
ration and organization. Facebook, Twitter, Wikipedia, Flickr, and YouTube are gigantic content factories and laboratories
(Matei, Jullien, & Goggins, 2017). Individuals work with each other in a variety of ways, sometimes openly, other times
implicitly (Crowston, 2017). Leaders sometimes emerge and other times are hard to pinpoint. Overall, the literature converged
on a strong social-structural approach, which emphasizes the need to understand social media as a space of cocreation via
adhocratic roles and emergent informal social structures (Birkinshaw & Ridderstråle, 2010; Dolan, 2010; Konieczny, 2010).

This view replaced the earlier expectations of emergence and wise-crowd phenomena, by which social media was vested
with the ability to build new forms of collaboration in the absence of social coordination and control (Brafman & Beckstrom,
2006; Johnson, 2001; Surowiecki, 2004). Computational research emphasized the importance of a small group of contributors
(Crowston et al., 2011; Kittur et al., 2013; Matei & Britt, 2017; Ortega, Gonzalez-Barahona, & Robles, 2008), who spend a
long period of time on the project and structure the content and the process of collaboration itself. Matei and Britt (2017) pro-
pose as an explanatory framework “adhocratic emergence.” They identify discrete phases in the emergence of all online col-
laborative groups as well as a group of “functional leaders,” who control the editorial process by their incessant presence in
the project and by leading from the front. The mass of their contributions (the top 1% contributors to Wikipedia are
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responsible for almost 80% of the site's content) is vital for the success of any project. Furthermore, projects that fail in garner-
ing the time and energy investment of such leaders cannot hope to survive in the long term.

The structuration of online groups and teams is not, of course, a new phenomenon. The research tradition of transactive
memory and public goods theories summarized by Hollingshead, Fulk, and Monge's (2002) stand behind it. Groups that orga-
nize member expertise using online platforms enjoy benefits derived from a more decentralized yet denser communication net-
works, more effective knowledge sharing, as well as more effective and efficient task performance. Scott Poole's work
(e.g., Poole & Van de Ven, 2004; Van de Ven & Poole, 1995) on organizational change is also relevant in this context, espe-
cially the discussion of the four theories of life cycle, teleological, dialectical, and evolutionary change. Furthermore, Contrac-
tor's older (e.g., Contractor, 1998; Contractor & Seibold, 1993) and more contemporary work (e.g., Lungeanu, Cater,
DeChurch, & Contractor, 2018; Wax, DeChurch, & Contractor, 2017) on team assembly and self-assembly (or self-organiz-
ing) grounded in systems theory also speaks to group structuration.

This tradition should be continued and enhanced by computational research, which should not shy away from it. Much
inductive work has been spent on reading new forms of organization in online groups under the rubric of “social network com-
munity detection.” For example, Fortunato (2010) describes a network of scientists and papers by linking them together by
authorship. The communities emerge as many linkages join nodes of the same cluster, and fewer linkages join nodes in differ-
ent clusters. He further argued that the linkages can also be weighted by the number of coauthored papers, to describe commu-
nities in a sophisticated way. Similarly, a full typology for aggregative mechanisms is still a work in progress. A huge
majority of the studies conducted within the computational framework assumes a homophily effect and preferential time
attachment (Jin, Girvan, & Newman, 2001; Mislove, Koppula, Gummadi, Druschel, & Bhattacharjee, 2008; Wagner & Ley-
desdorff, 2005).

Similar to the notion of homophily is the concept of assortativity (Newman, 2002), which refers to a node's tendency to be
connected to other similar nodes in the network (Buccafurri, Lax, & Nocera, 2015). While a majority of the literature supports
this claim, Hu and Wang (2009) noted the possibility of disassortative or neutral mixing in online social networks, such as in
the case of the platform Wealink. Whether referring to homophily or assortativity, the central claim is that similar nodes are
always supposed to attach themselves to similar nodes and that the earlier nodes will get more connected in time. Older and
newer work, including some empirical research (Brunswicker, Bertino, & Matei, 2015), advises that a variety of models
should be considered, including those in which attachment can be directed by exchange of complementarity needs (Monge &
Contractor, 2003). Future work should blend these theoretical concerns with the empirical research.

Another fruitful area for investigation is and should be the actual outcome and productivity of online groups. Patrashkova
and McComb (2004) performed a computer simulation of cross-functional teams and found that there is a curvilinear relation-
ship between communication and team performance. They explained that too little communication, either synchronous or
asynchronous, is clearly bad for team performance. However, too much communication will overload team members with
irrelevant information, thus leading to a diminishing return. The arguments intersect with recent findings of computational
research on Stack Overflow, which show a curvilinear relationship between content quality and effort evenness across the
entire online social organization (Matei, Jabal, & Bertino, 2018).

In a study of online computer games, Gandolfi (2018) found that cooperative thinking and computational thinking are pos-
itively correlated. Computational thinking was conceptualized as having the four dimensions of decomposition, abstraction,
debugging, and generalization. Gandolfi (2018, p. 132) measured these dimensions with survey items such as “You are able
to read a match and its dynamics” (decomposition), “You use game strategies and ‘lessons’ beyond X (e.g., other games,
everyday life) (abstraction), “You constantly update your game strategies” (debugging), and “You are able to adapt yourself
in dealing with other situations (e.g., different maps and different players)” (generalization). The finding has implications for
the increasing need to promote computational thinking within the education, organizations, communities, and our society. As
the online world is created by the massive amount of social interactions by Internet users, the increase in computational think-
ing will also positively promote online cooperation toward public goods. In fact, this study speaks to Budhathoki and
Haythornhwaite's (2012) investigation of motivation for open collaboration on wiki. Budhathoki and Haythornhwaite found
that serious and casual contributors differ in their motivations for online contribution toward building an open-source applica-
tion called OpenStreetMap. They reported that serious mappers were more interested in community and learning as well as
local knowledge and career motivations, while casual mappers were more driven by the general principles of making mapping
data free and available for the world.

Computational organizational research with a communicative dimension cannot be limited to social media or online inves-
tigations. Communication data can come from a variety of sources, including interpersonal exchanges mediated by low-tech
or no-tech means. These can be captured by emails (Klimt & Yang, 2004), process records such as meetings, orders,
responses, and inquiries (Van Der Aalst, Reijers, & Song, 2005; Van der Aalst & Song, 2004), or by observational research
using video records (Cristani, Raghavendra, Del Bue, & Murino, 2013; Yu, Lim, Patwardhan, & Krahnstoever, 2009). Cross
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sensitizes us to the need not to focus on high-tech mediated communication when trying to understand organizational commu-
nication and networks (Cross, Borgatti, & Parker, 2002). He observes that informal networks need to be tracked and contextu-
alized as much as any other types of networks. Thus, computational social network analysis applied to communication cannot
and should not be left to the online realm, but continuously expanded in the wake of the latest communication and social net-
work analysis research.

2.4.2 | Trust, credibility, and transparency

Computational communication research is to a large extent social media research. While it does occasionally look at traditional
media and other types of textual communication (covered in the content analysis section), its focus has been directed at how
social media content is produced and reproduced. An important characteristic of social media is that it produces most of its
content through the distributed efforts of its members, which are “prosumers,” that is, content producers and consumers. The
radical diffusion of production encouraged by social media raises the twin issues of trust and credibility. If anyone can be a
producer of information and if any unit of content can be produced by anyone, how can we know that anything is credible?

The crisis of online credibility has started early, with the emergence of the reputation and review systems that score and
evaluate online information or the products or people behind them. Sophisticated work has been conducted by computer scien-
tists on automatic the process of crediblization or vetting of content. Research on Amazon reviews (e.g., Liang, 2016; Walther,
Liang, Ganster, Wohn, & Emington, 2012), on Slashdot (e.g., Gosain, 2003; Stevenson, 2016) and Reddit (e.g., Kilgo et al.,
2016; Lim, Carman, & Wong, 2017; Park, Conway, & Chen, 2018), as well as on social media likes, shares, and comments
(e.g., Alhabash, Almutairi, Lou, & Kim, 2018; Liang & Kee, 2018), have opened the road to a very productive line of
research. The core research agenda item is discovering methods to identify and mitigate or eliminate false or malevolent con-
tent or evaluations. Although brought to the forefront by the recent controversy regarding Donald Trump's election, during
which internal and external propaganda machines attempted to influence the outcome, the sources of the problem are much
older and significant.

Computational communication scientists working with computer scientists, psychologists, sociologists, political scientists,
experts in human–computer interaction, statisticians, and engineers have proposed new approaches to roles, trust, reputation,
and transparency in social media (Matei et al., 2015) propose a trailblazing effort for the common research in this area
(Matei & Bertino, 2015). Shneiderman's (2015) work, in this context, is crucial. His review of research and recommendation
for future work focus on user trust, credible content, reliable sources, and responsible organizations. For each focal area,
Shneiderman recommends a specific approach and research agenda. User trust can be measured and gained via network analy-
sis and network interventions. Content credibility can be measured via formal and substantive measures, including evaluative
and standard sourcing measures.

In this area, it is notable that the work conducted by computer scientists does not yet intersect with the theoretical work on
online credibility heuristics. Projects like TweetCred (http://twitdigest.iiitd.edu.in/TweetCred/), which focuses on formal
markers of credibility—semantic, emotional, source provenance—would benefit from theoretical insights such as those sug-
gested by Metzger. In a series of articles (Metzger & Flanagin, 2013; Metzger, Flanagin, & Medders, 2010), Metzger et al.
proposed a methodology for ascertaining credibility utilizing which includes sociopsychological processes, such as expectancy
violation, personal reputation veracity, and endorsement evidence. The dialogue between computer scientists and communica-
tion scholars is particularly necessary, as the crisis of confidence in social media brought about by the 2016 elections showed
(Kollanyi, Howard, & Wolley, 2016). Many believe that social media companies and their software engineers showed an
abundance of confidence in machine learning and automated vetting methods in checking and eliminating malevolent content
generated by automatic and manual foreign agents. Although Twitter claims (Twitter, 2018) that a relatively small percentage
of Hillary Clinton's and Donald Trump's were affected by foreign amplification or vilification methods, the challenge of deter-
mining what is credible or not online is one of the most important ones that computational communication research needs to
deal with.

2.4.3 | Data journalism

Social media and automated methods of data collection create new opportunities for professional journalists, as well. Journal-
ists are story creators, and stories are always about people. To be significant, stories should provide generalizable meanings
that speak to individuals. They should explain how and why large groups of individuals did or are about to do certain things,
how the choices of some impact others, or how institutions impact everyday lives. Stories rely on anecdotes, but these life
slices are often partial and subject to the vagaries of human subjectivity and selective memory. Twitter or Facebook feeds,
which can be turned into tabular data by API connections, data scrapping from web pages or automated downloads of Wikipe-
dia edits represent a new motherlode of stories for journalism. Powerful visualizations and analytic processes have been
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instrumented under the rubric of data journalism. Yet, much more remains to be determined, including the boundaries that
need to be put around data practices that can be considered true data journalism.

Data journalism has one root in an older set of practices, computer-assisted journalism (Coddington, 2015). More recently,
data journalism has incorporated automatic visualization and data sorting. As with other types of data practices discussed in
this article, there is a constant clash between blending human deductive methods and machine derived inductive discovery.
The challenge is even more significant in this area, as theory- or story-driven narratives are under the constant threat of auto-
mation due to economic and institutional pressures.

Regardless of these tensions, there is significant agreement that data journalism represents a true opportunity. Gynnild
(2014) argues that the future of journalism is driven by the news professionals' orientation toward innovation and their ability
to think abstractly and work collaboratively with multidisciplinary experts, data, and technologies in the context of journalism.
Parasie and Dagiral (2012) further point out the emergence of a group of “programmer–journalists.”

Some of the data journalism projects that raise to the level of moments of discovery in a scholarly sense include the power-
ful visualization of how prevalent and real was the impact of infectious diseases before the introduction of widespread, state-
mandated vaccinations (DeBold, 2015). A Peruvian project, “Candidates and Millions” (Amancio, 2016) that tracks contribu-
tions to political campaigns have successfully overcome the self-imposed limitations of visualizations, aiming to explore the
causal factors (human and institutional) that lead to political corruption. The Pew Internet visualization of polarization
(Dimock, Kiley, Keeter, & Doherty, 2014), which preceded the Trump administration, is equally powerful, showing how piv-
otal moments, especially the dramatic political shift during the 2004–2010 period, have spurred on the political polarization of
the nation. While between 2004 and 2008, the Republican voters became more conservative, paradoxically, the democratic
voters widened the gap while in power by expressing more liberal opinions.

During the 2016 campaign, a deep data learning project looked at Donald Trump's Twitter metadata, identifying two hard-
ware signatures for the content, one for an iPhone and the other for an Android phone. An analysis of the texts released
through the two phones revealed significant stylistic and thematic differences (Robinson, 2016) between the messages issued
from the two devices. While the iPhone tweets were more issue and campaign oriented, the Android ones were more emotion-
ally charged, using often attack words and insults (e.g., “dumb” or “crazy”). More importantly, the Android tweets were more
negative than those issued on the iPhone, showing a real split in the campaign, in which the staffers are at times working at
cross purposes with their boss. Interestingly, another analysis (Matei, 2016), of the more current words used in the Trump and
Clinton campaigns showed that both had as their most frequent term “Trump,” which put Hillary Clinton at a real disadvan-
tage since she played mostly defense. What connects this type of textual analysis is the fact that data did not quite “speak” on
its own. Neither study was completely “inductive.” The communicative differences within the Trump campaign, as well as the
differences across the two campaigns, were found in a quest to identify, based on a priori understanding of the significant dis-
tances between the content creators (Trump, Clinton, staff members).

More recently, Woolley and Howard (2016) highlighted in more theoretical terms the dark side of computational produc-
tion. They speak about “computational propaganda,” defined as “the assemblage of social media platforms, autonomous
agents, and big data tasked with the manipulation of public opinion” (p. 4886). Therefore, it is important to understand the
algorithms behind these autonomous agents, how they produce political propaganda, and to carefully consider the ethical
implications of such algorithmic agents.

This type of research raises the question, again, of what mission and what types of stories will the journalism of the future
generate. This will probably be a much more grounded and broader type of analytic discourse, which will combine social
insights gained by traditional, qualitative means combined with the powerful harvesting and collation in explicative models of
heterogeneous data.

2.5 | Methods of computational communication research

While the various studies reviewed in the previous section of domains review the diversity of methods employed in computa-
tional communication research, we highlight two of the most commonly employed methods of content analysis and inferential
network analysis. As mentioned earlier, many studies in computational social science treat “text-as-data” (Shah et al., 2015).
Therefore, we will give content analysis a closer look.

2.5.1 | Content analysis

Computational methods have much to offer to those trying to classify and analyze content. Lewis et al. (2013) in their compre-
hensive review of computational content analytics approaches enumerate no less than one dozen studies of Twitter that used
automated content analysis. However, they also point to the difficulties encountered by most projects, which can be summa-
rized as one simple phrase: natural language processing. Most common content analysis is often far more complex than natural
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language processing. Natural language processing has made a lot of progress in the last decade, but it still rooted in the seman-
tic paradigm. The focus is on identifying the semantic meaning of certain utterances.

Content analysis is much more than semantic analysis. It is a form of rhetorical analysis; its goal is to get at the unspoken
assumptions and values embedded in text. One of the core tasks of content analysis is to detect and untangle polysemy and
contextual modifiers. This might require completely new approaches, which should borrow from speech act theory, ontologi-
cal semantics, and sociolinguistics. Intention analysis (Cui & Mao, 2017; Purohit, Dong, Shalin, Thirunarayan, & Sheth,
2015) is also a very promising field, which combines some of the simplest methods of detecting the modality with the message
(affirmation, negation, exclamation, interrogation) with temporal, sentiment, and topic detection (Curth, 2018).

Sherin (2013) suggested that to a way to resolve the tension between the computational and manual approaches is to
employ computational approaches that verify findings derived from the manual and qualitative approach, not simply to replace
manual analysis and reduce labor. He argued that the purpose of computational methods is to serve as an independent way to
confirm previous analyses and test existing theories. In other words, both should be performed to reinforce each other. In fact,
the longest lasting and most challenging aspect of automating content analysis is that content is a moving target, evolving with
the theoretical concerns of each study. Content analysis taps into the higher level conceptual interpretation of human dis-
course, and it will be probably not completely automated until we will have a self-reflexive learning algorithm that can formu-
late a research problem like a human.

A notable contribution to this effort is the mixed, semantic network analysis proposed by Himelboim, McCreery, and
Smith (2013). In their pathbreaking study of controversial political topics on Twitter, they discovered distinct topic and indi-
vidual clusters finding that Twitter users are not informed by cross-ideological content generated by the other users that they
followed. Distinct patterns of use were found for specific political orientations, while blogs and traditional media seemed to
interact in a differential manner when shaping political opinions. The study suggested that blending social networks with the-
matic analysis could be a productive way to analyze social media content.

For researchers interested in content analyzing social media messages, some technical solutions include CONTEXT
(Diesner, 2014), AUTOMAP DMI-TCAT (Borra & Rieder, 2014) or smappPy (Social Media and Political Participation Lab
at New York University, 2016). Moreover, the eXtensible Text Analysis Suite infrastructure (De Rooij, Vishneuski, & De
Rijke, 2012) and the Leipzig Corpus Miner (Niekler, Wiedemann, & Heyer, 2014) are additional options to consider. For
more information about scaling up content analysis on big data, see Trilling and Jonkman (2018).

2.5.2 | Predictive network analysis

Earlier in the article, we argued for an emphasis on networked phenomena. Computational research was in fact identified early
on as a branch social network analysis (Lazer et al., 2009). Emerging concurrently with the broader field of network science
(Barabási, 2003), a good portion of computational research in communication had the ambitious goal to define, characterize,
and explain how individuals and groups come together, collaborate on, dispute about, or transact in various outcomes. The
network approach was considered vital for describing the social encounters and communication patterns of the new communi-
cation environment of the early 21st century. Soon, however, it became quite obvious that describing networks, sometimes
with powerful and vibrant visualizations, does not automatically lead to explanatory insights. Most early network analysis was
descriptive and inductive. Its main intellectual products were taxonomies of network topologies. While interesting to look at,
they many times begged the question: what are you looking at? Fortunately, there has been some breakthrough research in this
direction. Smith et al. (2014) provided a new methodology to investigate and categorize Twitter sharing and interaction pat-
terns. Utilizing social network analysis and the versatile NodeXL software platform they have identified six discrete and gen-
eralizable network patterns that may explain much of social media message dissemination.

Furthermore, network topologies change over time. This invites the question of what factors determine and condition such
transformations. At the forefront of network analytic work in computational communication research, there is a new-fangled
science of predictive network analysis, in which either network structures are used to predict node characteristics or node attri-
butes are used to predict the existence or emergence of network edge (ties). Supported by statistical procedures such as expo-
nential random graph modeling (Robins, Pattison, Kalish, & Lusher, 2007) or derivatives of network autocorrelation
procedures (Diesner, Frantz, & Carley, 2005; Fujimoto, Chou, & Valente, 2011; Leenders, 2002), network inferential work
promises to change the face of computational communication and computational social research. Researchers working in this
space can now ask question related to the impact of network ties upon future behavior, the relationship between social capital,
communication, and activism, the relationship between social collaboration and public recognition, a fuller method for predict-
ing innovation and adoption of innovation (Kee, Sparks, Struppa, Mannucci, & Damiano, 2016).

The work done in this vein is vast and the contributions too many to be summarized in any meaningful way in an article
like this. However, we can mention the research conducted by Contractor et al., Christakis, Williams, Brunswicker, Britt, or
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Valente (Britt, 2013; Brunswicker et al., 2015; Christakis & Fowler, 2009; Contractor, DeChurch, Carson, Carter, & Keegan,
2012; Valente, 2010; Williams, Contractor, Poole, Srivastava, & Cai, 2011).

The keys to the success of this work are technical and theoretical. Technically speaking, network analytics of inferential
kind demand complex and large-scale calculations, which increase exponentially with the size of the network. This demands
nontrivial amounts of computing, both in terms of CPU cycles and RAM. Yet, the more vital need is to specify strong predic-
tive models, which take advantage of the latest advances in predictive network analysis. Review articles, such as Cranmer,
Leifeld, McClurg, and Rolfe (2017) or in a more specialized context or by Contractor, Wasserman, and Faust (2006) outline
the main methods and possibilities in this arena.

3 | FUTURE WORK

This article aimed to define and exemplify the main areas of interest in computational communication research. The review
focused on the tension between inductive and theory-driven approaches, stressing the need to combine the two. Throughout
the entire article, we emphasize the gaps left by purely inductive research. Computational models cannot be purely inductive.
Computational models will always be as good as the questions that they set out to explore, which come with some prior ideas,
formal or informal. These are often driven by inferential mechanisms, which demands attention to chains of partial or com-
plete effect, to antecedent factors and their connection to outcomes.

Furthermore, computational communication research will reach maturity only when content and natural language proces-
sing methods will become sophisticated enough to get at the “rhetorical,” that is, persuasive, intentions of the message. Com-
munication research demands and uses content analysis routinely. However, content analysis is more than semantic analysis.
It requires coding mechanisms that can capture higher level meanings, intentions, and cultural content.

In a similar vein, computational communication research needs new ways to explain human communicative behaviors.
This cannot be reduced to behaviorism, to stimuli and responses. Complex sociopsychological theories have been developed
by communication researchers, which include cognitive and sociological factors as independent variables. Recovering and
blending this older literature with the newest methodologies is of high importance.

Computational communication research can, at the same time, carve out an individuality of its own by creating big data
workflows that can tally, articulate in working models, and use for predictive outcomes a variety of data flows, some of which
go beyond social media. This new science of communication will continue and even crown the true vocation of communica-
tion research, which is interdisciplinarity.

Computational communication research needs to also propose methods to bootstrap new theories or quasi-theories using
partial insights and data. A good amount of social scientific work in communication relies on a combination of methods that
resemble trained and untrained machine learning. We have “untrained” methods, such as cluster, factor, or principal compo-
nent analysis and “trained” hierarchical or simple regression model fitting. What we do not have yet, are more complex, neural
network procedures which move rather fast from data to generalizable patterns of behavior that open-up novel theoretical
propositions. Although neural network procedures in some respect resemble structural equation modeling, we should not
ignore the fact that a good amount of computational research has advanced to the stage where the “latent factors” (neural
layers) are now directly inferable from the data, without much supervision. Can these methods be applied with any degree of
external validity to social and communication research? Can we, in other words, engage in theory building from the ground
up? This is a desideratum that is in much need to clarification and if possible solving.

4 | CONCLUSIONS

New domains of inquiry generate new methods. New methods bring with them new questions, which goad the research com-
munity to expand into new domains. The circle of knowledge never stops growing. At each rotation on the spiral of knowl-
edge, some preconceptions are discarded, some new ideas are gained, and many more new challenges are discovered.
Computational social and communication science have already brought to the forefront new ways to understand the produc-
tion of knowledge, diffusion of information, the structuration of large groups, and automated discovery of some simple latent
messages. There are, however, limits to what our current computing automata, trained to be only as good as their programs,
can do. The next generation of inquiry methods in social science and communication should strive to blend more closely
meaning discovery, theory building, and causal inference. These might not be tractable by mere computational clustering or
even “neural layer” inference. The polysemy of human language is truly bewildering because language is intrinsically actional.
Communication is a tool of human action and interaction. Understanding human meanings needs to situate the knowing sub-
ject in the embodied universe of human experience. In a way, the next revolution in communication research is to define and
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develop a system that not only thinks but also “feels” human. This might be quite a long way, away. Until then, the computa-
tional approach will be for sure perfected at least in scale and accessibility. Much remains to be done in terms of bringing it
closer to non-computer scientists. Similarly, the conclusions of this research need to be better integrated into future tools and
methods of discovery. Thus, the vocation of computational research remains an open-ended one.
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