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Abstract: Possibilities of applying automated content analysis in journalism
studies include, for example, machine learning to identify topics in journalistic
coverage or measuring news diffusion via automated approaches. But how have
computational methods been applied thus far? And what are consequences of the
“computational turn” in communication science, especially concerning inter-
disciplinarity? Based on a systematic literature review, this article summarizes the
use of automated content analysis in journalism studies. Results illustrate an
increasing use of the method by communication scientists, as yet another indicator
of methodological interdisciplinarity in communication science. However, there is
little evidence of an increase in theoretical interdisciplinarity: Studies relying on
computationalmethods do not increasingly refer to theories from other disciplines.
With respect to practical interdisciplinarity, for instance collaborations, our
discipline is by no means becoming more interdisciplinary. Instead, we find a shift
in favor of technical disciplines. At least up to now, the “computational turn” in
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communication science should thus not be equated with an “interdisciplinary
turn.”

Keywords: automated content analysis; computational communication science;
computational methods; computational social science; interdisciplinarity; jour-
nalism studies

1 Introduction

“Computational methods” such as simulation models, network analyses or auto-
mated content analyses, have gained importance in communication science. This is
also evident in the establishment of fields such as “computational social science”
(CSS) or “computational communication science” (CCS) (Strippel et al. 2018).
Because computational methods often stem from other disciplines, such as com-
puter or information science, Hepp et al. (2021) argue that they transform
communication science beyond a simple “computational turn” of its methodolog-
ical repertoire, for instance concerning interdisciplinarity within the field (Theo-
charis and Jungherr 2021; Windsor 2021).

This study analyzes the application of computational methods, more specifically
the use of automated content analysis in journalism studies, and shifts in inter-
disciplinarity within this research field: to what extent do communication scholars
use computational methods? (methodological interdisciplinarity). To what extent do
they work with theories from outside of communication science? (theoretical
interdisciplinarity). And how does the “computational turn” affect interdisciplinary
collaborations? (practical interdisciplinarity).

Focusing on one computational method (automated content analysis) and one
research area closely related to communication science (journalism studies), we
shed light on these questions. On the one hand, manual content analysis is one of
the few genuine research methods in our discipline (Loosen and Scholl 2012);
however, in its automated form, the method is used across disciplines (DiMaggio
2015) – also by communication scientists (Baden et al. 2022). Accordingly, questions
revolving around interdisciplinarity play an important role here (Laugwitz 2020).
On the other hand, manual content analysis is part of our standard methodological
toolkit, especially in the field of journalism studies (Hanitzsch and Engesser 2014;
Löffelholz and Rothenberger 2011). However, automated content analysis
increasingly gains in importance as well, which has fostered discussions about the
use of automated methods in journalism studies (Boczek and Hase 2020; de Grove
et al. 2020).
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2 Interdisciplinarity in communication science

Interdisciplinarity describes the integration of theories, data, or methods from
different disciplines (Wagner et al. 2011). Following and expanding on the definitions
of Klein (2017) and von Nordheim et al. (2021), we distinguish between methodo-
logical, theoretical, and practical interdisciplinarity:
– Methodological interdisciplinarity refers to the use of methods developed by

other disciplines, e.g., the use of automated content analysis as a method partly
originating from computer or information science in communication science.

– Theoretical interdisciplinarity refers to the use of theories developed by other
disciplines, for example the use of complexity theory in communication science.

– Practical interdisciplinarity includes the dissolution of disciplinary boundaries
in scholarly work, e.g., communication scholars publishing with researchers
from other disciplines or in journals from other disciplines.

Communication science has always been considered as being comparatively
interdisciplinary due to its interlinkages with sociology, political science, or psy-
chology (Walter et al. 2018; Zhu and Fu 2019). Many of the methods commonly
employed by our discipline such as experiments were predominantly developed in
other disciplines like psychology. Important theories such as framing or struc-
turation theory also have strong roots in other disciplines like psychology and
sociology. Interdisciplinary collaborations are also not uncommon in our discipline
(Walter et al. 2018). Although discussions around interdisciplinarity are therefore
by no means new, computational methods or the “computational turn” in
communication science have certainly reignited them (Theocharis and Jungherr
2021; Windsor 2021).

However, as Jacobs and Frickel (2009) criticize, there are hardly any empirical
analyses of how interdisciplinary specific disciplines are. Instead, discourses
around interdisciplinarity are often shaped by personal experiences—a problem
that, according to Zhu and Fu (2019), also affects communication science. In addi-
tion, implicit assumptions dominate, such as interdisciplinarity necessarily facil-
itating solutions for scientific problems, meaning that interdisciplinarity should be
understood as an advantage or even a norm (Jacobs and Frickel 2009; Zhu and Fu
2019). However, interdisciplinarity brings about both opportunities and risks,
especially with regard to computational methods. Such risks include a lack of
methodological standards for applying these methods, a lack of theoretical
embeddedness in much of existing computational work, and uncertainties for
researchers pursuing interdisciplinary careers within CSS (Theocharis and Jun-
gherr 2021; Windsor 2021).
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To illustrate the extent to which the “computational turn” in communication
science can be understood as an “interdisciplinary turn” and to underline both
opportunities and risks associated with it, we here focus on a specific method and a
specific research area: the use of automated content analysis in journalism studies.

3 Automated content analysis in journalism
studies

First, we turn to definitions of key terms:What dowemean by journalism studies as a
research field and automated content analysis as a method?

3.1 Key terms

We here understand journalism studies as research on the public use of words,
images and sounds by journalists (Zelizer 2017). This perspective excludes commu-
nication by recipients, which is often also studied as a form of audience participation
(Loosen 2016). Journalism studies is closely related to communication science but
constitutes an independent, interdisciplinary subfield (Hanitzsch and Engesser 2014;
Löffelholz and Rothenberger 2011; Steensen and Ahva 2015). Accordingly, both
communication scholars but also researchers from other disciplines engage in
journalism studies.

Since automated content analysis is a method frequently used (Baden et al.
2022) and discussed (Boczek and Hase 2020; de Grove et al. 2020) in journalism
studies, we further focus on this particular method employed to (partially) auto-
mate content analysis (Benoit 2020; Günther and Quandt 2016). Such methods
include rule-based approaches, e.g., the identification of similar content via simi-
larity metrics, and dictionaries, i.e., word lists. For the latter, a distinction is made
between “off-the-shelf” dictionaries, which are often used across genres and topics,
and organic dictionaries, which are developed specifically for genres and topics.
Other methods include supervised machine learning, which uses algorithms to
classify content into predetermined categories, or unsupervised machine learning,
such as exploratory analysis of texts via topic modeling. For an overview of the
method, we refer readers to Benoit (2020), Grimmer and Stewart (2013), and Gün-
ther and Quandt (2016) as well as to Williams et al. (2020) for the analysis of visual
content. In the German-speaking regions, work by Geise et al. (2016), Günther
(2021), Scharkow (2012), and Wettstein (2016) is particularly noteworthy.
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3.2 How could journalism studies use automated content
analysis?

In order to illustrate the importance of automated content analysis for journalism
studies, we now discuss which theories/concepts or variables can be studied using
this method. Based on a framework by Boczek and Hase (2020), which we modified
by introducing the public sphere model of Capra (1996) and Waldherr (2017), we
illustrate relevant theories/concepts and variables.

First, automated content analysis can be used to analyze “elements” of jour-
nalistic communication, i.e., the occurrence of formal features, actors/places,
events/topics, and semantic/syntactic properties of language. Formal aspects
include, but are not limited to, metadata of articles – e.g., timestamps, by means of
which we can analyze news diffusion (Buhl et al. 2018). The occurrence of actors/
locations is often analyzed via “named-entity recognition” to automatically iden-
tify, for example, people, organizations, or places mentioned in texts. This is often

Figure 1: Using automated content analysis in journalism studies. Note: Figure based on Capra (1996)
and Waldherr (2017).
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used to grasp personalization within studies focusing on news values (Burggraaff
and Trilling 2020). The automated identification of topics/events has become a
separate line of research that is also of interest to communication science (Günther
2021; Trilling and van Hoof 2020). Finally, several studies address—often critically—
automated measurements of semantic/syntactic aspects of language, for instance via
sentiment analysis (van Atteveldt et al. 2021).

A second area of application deals with “structures” of journalistic commu-
nication, i.e., how content is evaluated, framed, or pushed forward by specific
actors. A key point of discussion is the extent to which not only the occurrence of
evaluative terms in text can be measured, but also the degree to which entity-
specific evaluations are used. Such analyses can be employed, for example, to
analyze media bias (Hamborg et al. 2019). Similarly, scholars debate whether more
complex concepts, e.g., entity-specific framing, can be analyzed via automated
content analysis (Nicholls and Culpepper 2021). Moreover, the source of content, for
instance who is quoted in texts, can also be analyzed via automated means, for
example to study agenda-setting or gatekeeping.

Third, computational methods help to trace “processes” such as elements and
structures being mentioned in texts over time—something also referred to as a
“temporal turn” (Wells et al. 2019).

3.3 Research questions

To date, there is a lack of empirical analyses on how automated content analysis is
used to study specific theories/concepts or variables (except for Baden et al. 2022).
Moreover, consequences of the so-called computational turn, especially for inter-
disciplinarity within the field, are frequently discussed (Theocharis and Jungherr
2021; Windsor 2021) but not empirically examined. Therefore, we focus on two key
research questions (RQs) answered through a systematic literature review. Here,
readers should note that we examine the use of automated content analysis within
the field of journalism studies but discuss potential consequences for the broader
context of communication science.

RQ1: How is automated content analysis used in the field of journalism studies?

RQ2: What are consequences of the use of automated content analysis for method-
ological, theoretical, and practical interdisciplinarity in communication science
more broadly?
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4 Methodological approach: systematic literature
review

Our literature review includes two samples: (1) a CSS sample, i.e., studies that use
automated content analysis to analyze journalistic communication or methodolog-
ically advance the method for journalism studies, and (2) a benchmark sample,
i.e., studies using mostly manual content analysis within journalism studies. An
overview of key studies related to specific variables (Table A1), our samples (Ta-
ble A2), and info on the operationalization of variables (Table A3) can be found in the
German-language appendix to this article via https://doi.org/10.17605/OSF.IO/BZQE6.

4.1 CSS sample

Weused the Scopus database to identify relevant CSS studies. Compared to theWeb
of Science and its Social Science Citation Index (SSCI), Scopus includes more jour-
nals and especially non-English language journals (Mongeon and Paul-Hus 2016). At
the same time, it more strongly focuses on scientific publications than Google
Scholar. Since Scopus predominantly covers English-language journals, the online
archives of the three most established German-language journals (Medien &
Kommunikationswissenschaft [M&K], Publizistik, and Studies in Communication
and Media [SCM]) were also searched. Following Song et al. (2020), we included
articles in peer-reviewed journals, books, book chapters, and conference publica-
tions which included the following terms in their title, abstract, or in their key-
words: (computer assisted OR automated OR automatic OR computational) AND
(content analysis OR text analysis OR visual analysis) AND (journalis* OR news*).1

We took into account all publications up to 2020, although readers should note
that the availability of databases varied.2 This led to a preliminary sample of N = 435
publications (see Figure 2). After removing seven duplicates, relevant studies were
identified based on the abstract and, where necessary, the full text. We coded studies
as relevant if they were (1) empirical, meaning they employed automated content
analysis for empirical analyses or if they were methodological, meaning they
advanced automated content analysis as a method. We also only coded them as

1 For German-language publications, articles were manually checked via equivalent search terms:
(computer-unterstützt OR automatisiert OR automatisch OR digital) AND (Inhaltsanalyse OR Texta-
nalyse OR visuelle Analyse) AND (journalis* OR nachricht*).
2 The availability of publications in Scopus (continuously since 1996) and in the online archives of
M&K and Publizistik (both since 2000) differs. For SCM, all studies published since 2011 were
retrieved.
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relevant if their focus was on (2) journalistic communication as the public use of
words, images, and sounds by journalists (Zelizer 2017). The first and the second
author conducted all manual coding. After an intercoder test (N = 43, α = 0.9), we
coded the relevance of articles in the preliminary sample based on these two
inclusion criteria (0 = not relevant, 1 = relevant). After excluding 147 non-relevant
and 19 inaccessible publications, N = 262 studies were included for the systematic
review (see Section A2 of the Appendix for a list of all publications).

After another intercoder test (N = 27, αmin = 0.81), a range of bibliographic-formal,
theoretical-conceptual, and methodological-empirical variables were coded (see
Section A3 of the Appendix for details).

4.1.1 Bibliographic-formal variables

We coded the discipline of each author (α = 0.92) based on their institute affiliation
according to the article. In addition, we coded the discipline of the publication me-
dium. Journals were classified as “communication science” or “non-communication
science” based on the SSCI classification in the Journal Citation Report. Additional
information was used for journals, conference publications, and monographs not
listed in the SSCI.3 Furthermore, we coded each study type (α = 1), i.e., whether an

Figure 2: Identification of relevant studies.

3 For non-SSCI-listed journals and conference publications, we referred to their respective websites.
Monographs were coded based on their blurb. This variable was not collected as part of manual
coding because it was collected at the publication level. The first and second author both coded the
disciplinary affiliation of the publication medium. Differences (N = 4) were clarified.
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article was empirical or methodological in nature. For methodological studies,
coding ended at this point.

4.1.2 Theoretical-conceptual variables

For empirical studies, we coded the extent to which references to theories/concepts
(α = 0.81) were made. Theories/concepts were derived and extended based on
existing handbooks (Löffelholz and Rothenberger 2016) or previous reviews on
automated content analysis (Boczek and Hase 2020; de Grove et al. 2020). In addi-
tion, we noted the degree of deductive or inductive orientation in each article (α = 1),
i.e., whether theoretical assumptions were formulated as open research questions
or as closed hypotheses.

4.1.3 Methodological-empirical variables

In addition, we coded the unit of analysis (α = 1), i.e., whether articles used auto-
mated content analysis to study textual, visual, or audio-visual content. We also
coded employed methods (αmin = 0.86 across these five variables), i.e., whether ar-
ticles used rule-based approaches, organic dictionaries, “off-the-shelf” dictionaries,
supervised machine learning, or unsupervised machine learning. Based on our
model (see Figure 1), we also analyzed which variables (αmin = 0.87 across these
seven variables) were measured via automated content analysis: from formal
features4 as an example for elements to entity-specific evaluations as an example of
structures to the occurrence of elements over time as an example of processes. We
also coded whether studies used a multi-method design (α = 0.94) and the extent to
which they employed validation tests (α = 1). Automated content analyses need to be
validated (Grimmer and Stewart 2013), for example by comparing automated and
manual codings. Usingmetrics like precision or recall, validation tests then analyze
the extent to which manual and automated coding overlaps. Following Song et al.
(2020), we coded whether at least one of these metrics was reported.

4.2 Benchmark sample

We then coded an additional “benchmark” sample of N = 262 studies. This bench-
mark sample includes studies that examine journalistic communication via (mostly
manual) content analysis. It thus represents the breadth of studies employing any

4 This variable was generated inductively after initial construction of the codebook based on open
codings.
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type of content analysis in journalism studies. This benchmark was used to illustrate
whether studies using computational methods, i.e., the CSS sample, differ from
research in journalism studiesmore generally, i.e., the benchmark sample.We did not
explicitly exclude the few studies using computational methods in the benchmark
sample since the field as a whole was intended to serve as a parameter of comparison.
To identify studies for the benchmark sample, we used the same search parameters as
before but excluded references to computational methods: (content analysis OR text
analysis OR visual analysis) AND (journalis* OR news*).

After an intercoder test (N = 42, α = 0.94), a total of N = 262 relevant articles were
identified. For these, after another intercoder test, the discipline of each author
(N = 26, α = 0.75) and the discipline of the publication medium were, again, coded.

5 Results

In the following, we provide an overview of how automated content analysis is used
in journalism studies (RQ1) before discussing consequences for methodological,
theoretical, and practical interdisciplinarity in communication science (RQ2).

5.1 On the application of automated content analysis in
journalism studies

With regard to ourfirst research question, we find related to the variable study type
that half of the studies in the CSS sample empirically analyze journalistic
communication via automated content analysis (49.6%). The other half is con-
cerned with methodologically advancing automated content analysis (50.4%). In
terms of the smaller sample of empirical studies for which we coded additional
variables (N = 130), analyzing the deductive or inductive orientation of studies
employing computational methods shows that most are somewhat more induc-
tively oriented. Inmore than half of all studies in the CSS sample, authors did either
not use any hypotheses/research questions but analyzed data without theoretical
assumptions or they predominantly used open research questions (56.9%). Studies
less often focused more on hypotheses (41.6%) or used research questions and
hypotheses equally often (1.5%).

Related to the unit of analysis, automated procedures are almost exclusively
used to analyze text (98.5%); very few studies considered visual content (1.5%). The
spectrum of employed methods is more diverse: In addition to rule-based methods
(33.8%), studies used dictionaries, with organic dictionaries (46.9%) dominating over
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“off-the-shelf” dictionaries (20%). Unsupervised machine learning (30%), especially
topic modeling, and supervised learning (18.5%) were also used.

Related to variables, Figure 3 shows that automated content analysis is pre-
dominantly used to analyze processes of journalistic communication (59.2%). For
example, studies resort to timestamps to trace news diffusion (Buhl et al. 2018).
Elements, e.g., which actors/locations (30.8%) are mentioned or the semantic/syn-
tactic aspects of language (28.5%), are also examined. For example, Burggraaff and
Trilling (2020) analyze how often news articles mention persons to capture news
values such as personalization. Jonkman et al. (2020) combine automated content
analysis with a panel survey to analyze how often journalists report on business
enterprises to demonstrate agenda-setting effects. More complex structures – e.g.,
the source of content (18.5%) or entity-specific evaluations (11.5%) – are rarely
studied. An exception here is a study by Kroon et al. (2021) on stereotypical repre-
sentations of minorities. More than one third of all studies use amulti-method design
(39.2%), i.e., combine automated content analysis for instance with manual content
analyses (20.8%) or standardized surveys (6.9%). Validation tests, in this case by
comparing automated with manual coding, are reported in 40.8% of all studies.

5.2 Interdisciplinarity in communication science

With regard to our second research question, we are interested in how the use of
automated content analysis may affect interdisciplinarity in communication science.

Figure 3: Variables. Note: N = 130 (empirical studies, a single study may include several variables).
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5.2.1 Methodological interdisciplinarity

How and how often is automated content analysis as a method originating from
computer science used by communication scientists? When only considering
studies displaying a clear disciplinary affiliation of authors (N = 204), Figure 4
shows that automated content analysis has gained relevance across disciplines. Its
methodological development has been advanced since the 2000s; its empirical
application has increased only in the last few years. That the method is also being
used by our discipline points to a growth of methodological interdisciplinarity in
communication science.

However, this increase in methodological interdisciplinarity is primarily
driven by empirical applications of computational methods: communication sci-
entists are involved in only a fraction of methodological studies (16.5% with
communication science; 83.5% without communication science). Instead, our
discipline focuses on empirically applying the method (64.4% with communication
science; 35.6% without communication science). Our review also points out dif-
ferences in employed methods: As Table 1 shows, studies involving authors from
communication science tend tomake greater use of dictionaries. Machine learning,
on the other hand, is used less frequently. However, these results should be viewed
with caution due to the small number of cases in this subsample and comparably
small differences between groups.While there are no clear differenceswith respect

Figure 4: Disciplinary differences: use of automated content analysis. Note: N = 204 (empirical and
methodological studies with disciplinary affiliation); with/without CS describes studies with/without
participation of authors from communication science.
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to the analysis of specific variables or the use of multi-method designs, results are
more often subjected to validity tests when our discipline is involved (47.7% with
communication science; 36.1% without communication science).

5.2.2 Theoretical interdisciplinarity

Do communication scientists use theories from outside their own discipline when
employing computational methods? Table 2 shows that references to theories/
concepts often embed studies within classical frameworks, e.g., framing (20% with
communication scientists; 27.8% without communication scientists) or agenda-
setting (23.1% with communication scientists; 2.8% without communication

Table : Disciplinary differences: theories/concepts.

Theories/concepts Number of publications (%)

With comm. scientists Without comm scientists

Agenda-setting  (.%)  (.%)
Bias etc.  (.%)  (.%)
Emotionalization etc.  (.%)  (%)
Framing  (%)  (.%)
News diffusion etc.  (.%)  (.%)
Other  (.%)  (%)
Theory/concept missing  (.%)  (.%)
N  

Note: N =  (empirical studies with clear disciplinary affiliations); with/without comm. scientists describes whether
publications were published by at least one author affiliated with a communication department or not. Others includes
theories/concepts mentioned in less than N <  studies out of all N =  studies.

Table : Disciplinary differences: methods.

Method Number of publications (%)

With comm. scientists Without comm. scientists

Rule-based approaches  (.%)  (.%)
Organic dictionaries  (.%)  (.%)
“Off-the-shelf”-dictionaries  (.%)  (.%)
Unsupervised machine learning  (.%)  (.%)
Supervised machine learning  (.%)  (.%)
N  

Note: N =  (empirical studies with clear disciplinary affiliations, publications could be assigned several methods); with/
without comm. sientists describes whether publications were published by at least one author affiliated with a
communication department or not.

The “computational turn” 13



scientists). They also rely on concepts like media bias (4.6% with communication
scientists; 5.6% without communication scientists). Thus, studies do reference
theories/concepts and often those with interdisciplinary origins in psychology or
sociology, especially if our discipline is involved. However, these theories/concepts
are also part of the theoretical repertoire of communication science outside of its
“computational turn” (Steensen and Ahva 2015).

5.2.3 Practical interdisciplinarity

Do communication scholars cooperate in interdisciplinary teams or publish outside
their discipline when conducting journalism research via computational methods?
Figure 5 visualizes the discipline of authors across studies, both for studies focusing
on automated methods (CSS sample) and the field as a whole (benchmark sample).
Surprisingly, the use of computational methods may not lead to communication
scientists publishing more in interdisciplinary teams: The proportion of studies in
which communication scientists cooperate with authors from other disciplines is the
same across samples (9.5% CSS sample; 9.5% benchmark sample). However, there is a

Figure 5: Authors in the field of journalism studies. Note: N = 262 studies in both samples.
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shift with regard to which other disciplines—whether in cooperation with our
discipline or on their own—conduct research in the realm of journalism studies. In
the CSS sample, studies are more often conducted by researchers in information
science, engineering, or technology without participation of our discipline (14.5%
CSS sample; 2.3% benchmark sample), whereas medicine/health sciences or
humanities/social sciences, for example, lose influence. If we look at who
communication scientists collaborate with, we find that they cooperate more
frequently with information scientists, engineers, and technical scientists, espe-
cially in interdisciplinary teams, when using automated methods to study jour-
nalistic communication.

Lastly, we were also interested in journals in which CSS studies are commonly
published. We find that studies using computational methods are less frequently
published within our discipline, for example in communication journals (35.5% CSS
sample; 42.7% benchmark sample). However, communication scholars are not the
driving force behind this development: Communication scientists are, in fact, more
frequently publishing studies in communication journals if these studies employ
computational methods (81.5% CSS sample; 70.8% benchmark sample). In contrast,
researchers from other disciplines are considerably less like to publish their CSS
work in communication journals (16.7% CSS sample; 28.3% benchmark sample).

6 The “computational turn”: an “interdisciplinary
turn”?

When focusing on a single computationalmethod (automated content analysis) and
a single research field (journalism studies): Can the “computational turn” be
equated with an “interdisciplinary turn”? Our study shows that computational
methods may lead to (a) increased methodological interdisciplinarity in commu-
nication science, (b) have not had any discernible effects on theoretical inter-
disciplinarity, and (c) may not increase but change practical interdisciplinarity by
opening the field for collaborations with technical disciplines.

6.1 Methodological interdisciplinarity

That communication scientists use automated content analysis signals an increase in
methodological interdisciplinarity: methods that are closely affiliatedwith computer
and information science are gaining in importance in our discipline. Which oppor-
tunities and risks does this development bring about for communication science?
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One opportunity is that computational methods afford the examination of the-
ories/concepts or variables from a new perspective or, to some extent, in an improved
way. Many studies in the CSS sample analyze processes of journalistic communication,
as predicted by Wells et al. (2019): Using computational methods to retrieve time-
stamps, these studies can analyze theories/concepts such as event and issue agendas
(Hase et al. 2021) or news diffusion (Buhl et al. 2018) in greater detail and scope than is
possible via manual coding. Moreover, as de Grove et al. (2020) argue, computational
methods allow to capture complex, hybrid, and nonlinear news flows—and thus
extend existing theories/concepts in communication science, thereby allowing us to
better understand the increasing complexity of public spheres (Waldherr 2017). In
addition, automated analyses enable us to measure variables that have largely been
understudied, for example linguistic complexity (Tolochko and Boomgaarden 2019).

However, methodological interdisciplinarity also carries risks. These include a
trivialization of theories/concepts and a lack of methodological standards. Our re-
view illustrates that studies often analyze variables such as themes or sentiment –
likely due to the accessibility of comparably “easy” methods to measure these
concepts without the need for much technical or statistical knowledge. However,
there is little consensus on how to theoretically conceptualize sentiment (van
Atteveldt et al. 2021); the same is true for “topics” often measured via topic
modeling (Günther 2021). Since studies often focus on variables that lack a clear
theoretical framework or a merely adopted from other disciplines without any
reflection about their theoretical value, de Grove et al. (2020) fear that the
“computational turn” will result in studies that contribute little to theory-building
in communication science. In our review, this is exemplified by studies that cite
framing theory to then measure frames via automated means—while it remains
unclear whether measured variables correspond to theoretical conceptualizations of
frames as proposed by framing theory. Constructs automated methods identify
empirically often bear little resemblance to what communication science theoretically
understands as frames (Nicholls and Culpepper 2021). Already in 2015, Mahrt warned
that the trivialization of theoretical constructs will, hopefully, not be defining big data
studies in communication science on the long run. Our literature review shows that her
concern seems to at least partially be justified.

Second, Theocharis and Jungherr (2021) point out that CSS is currently failing to
establish methodological standards across disciplines. While reporting intercoder
reliability is for example considered a standard in communication science (Lacy et al.
2015), there continues to be debate about corresponding criteria for assessing
automated content analysis (Baden et al. 2022). In a similar vein, our literature
review indicates that not all studies employing computationalmethods validate their
results, similar to what previous studies suggested (Song et al. 2020). One reason for
this may be that peer-reviewing has not yet established validation tests as a
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necessary standard for publishing computational work, often because such tests are
not well known. Another reason is that different approaches for validating auto-
mated analyses co-exist (Grimmer and Stewart 2013). By analyzing whether studies
compared automated codings to manually coded “gold standards”, we also included
only one, somewhat controversial, type of validity tests in our review (DiMaggio
2015). Moreover, standards related to testing the robustness of results or trans-
parency about operationalizations are, to date, similarly debated or simply non-
existent (Baden et al. 2022; Nelson 2019). However, such standards are increasingly
being developed by communication scientists (Haim 2021). Overall, the focus of our
discipline on the empirical application of computational methods instead of their
methodological development at least raises doubts that communication science will
play a dominant role in setting methodological standards within the realm of CSS in
the near future.

6.2 Theoretical interdisciplinarity

As a potential chance of the computational turn, Waldherr et al. (2021) also argue
that the computational turn may open communication science for theoretical
approaches developed by other disciplines, such as complexity theory. Our literature
review shows that studies using computational methods draw on theories/concepts
with interdisciplinary roots – many of which, however, are also closely linked to
communication science outside of its “computational turn” (Steensen andAhva 2015).
Thus, there is little evidence of an increase in theoretical interdisciplinarity. Rather,
our literature review shows that studies using computational methods are often
data-driven and exploratory. In addition, many studies rely on comparatively
establishedmiddle-range theories or do not theoretically embed empirical studies at
all. Both these issues are common for communication science as a field (Walter et al.
2018) but more frequently discussed within the context of CSS (Theocharis and
Jungherr 2021; Waldherr et al. 2021). Whether the reliance on comparatively tradi-
tional theories of medium range in CSS represents an opportunity or a risk remains
to be seen. Moreover, the absence of theoretical interdisciplinarity may merely be
due to our specific perspective: If we had focused, for example, on simulationmodels,
we may have found stronger indications of theoretical interdisciplinarity.

6.3 Practical interdisciplinarity

Finally, our literature review shows that communication scholars employing
computational methods are by no means more often publishing in interdisciplinary
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teams or in journals outside our discipline. Thus, we find little evidence of an increase
in practical interdisciplinarity. Rather, we observe a shift in terms of which other
disciplines are working on research related to communication science and where
studies are published: Especially information, engineering, or technical sciences are
increasingly analyzing journalistic communication. Moreover, communication sci-
entists are even more likely to publish studies with computational methods in
communication journals instead of in journals outside our discipline, in contrast to
researchers from other disciplines. That our discipline invites collaborations with
technical disciplines can be seen as an opportunity insofar as it could minimize
existing risks—such as a lack of methodological standards for using computational
methods. One chance emerging out of such collaborationsmay be the development of
research software in interdisciplinary teams (von Nordheim et al. 2021). On the other
hand, it should also be noted that, as Boumans and Trilling (2016) have critically
pointed out, methodological advances are currently often published without the
involvement of and awareness of communication science, something that should be
considered a risk.

6.4 Limitations & outlook

Our study comes with several limitations. This includes our analysis being limited by
its focus on journalism research and automated content analysis. Our results should
not be generalized: For other research fields, e.g., political communication, and other
methods, e.g., network analysis or simulation models, computational methods may
be used differently and with different consequences. Moreover, journalism research
is often defined much more broadly than is the case here, for instance by including
content generated by audiences (Loosen 2016). Finally, interdisciplinarity is a process
(Wagner et al. 2011) of interdisciplinary convergence (von Nordheim et al. 2021).
When considering its “computational turn,” communication science is certainly still
only at the beginning of such a process.

In this respect, our article is primarily intended to stimulate discussion about
implementing change. To date, debates about opportunities, risks and recom-
mendations associated with computational methods and interdisciplinarity are
mainly discussed through “bottom-up” initiatives, e.g., the DGPuK working group
on “Computational Communication Science (CCS) in teaching” or in self-organized
working groups by young scholars, e.g., the “Computational Methods Working
Group” in Zurich.Many of these discussions need to be continued, institutionalized,
and appropriate measures need to be implemented at the level of universities and
institutes.With respect tomethodological and theoretical interdisciplinarity, this is
especially true for teaching CSS. While computational methods are increasingly
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being used across institutes, this is not always the case (Strippel et al. 2018);
moreover, the development of corresponding syllabi is comparatively costly for
lecturers who often have to advance their own methodological and didactical
training which requires additional effort (Boczek and Hase 2020).

As Haim (2021) points out, scientists also need stronger incentives to deal with
the uncertainties of interdisciplinary career paths (Theocharis and Jungherr 2021;
Windsor 2021)—for example concerning the recognition of publications in journals
outside of communication science. Such incentives could be provided by better
recognizing interdisciplinary career paths and research collaborations (Uth et al.
2020). According to Haim (2021), there is hope in this regard as communication
science has started to establish first professorships with a focus on CCS and CSS.
Further incentives may include third-party funding (Haim 2021) or support for
research infrastructures (Strippel 2021). Only through these incentives, we can turn
the “computational turn” into a theoretical, methodological, and practical “inter-
disciplinary turn”, bringing about not only challenges but also opportunities for
our discipline.
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