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ABSTRACT

The empirical identification of frames drawing on automated text analysis
has been discussed intensely with regard to the validity of measurements.
Adding to an evolving discussion on automated frame identification, we
systematically contrast different machine-learning approaches with
a manually coded gold standard to shed light on the implications of using
one or the other: (1) topic modeling, (2) keyword-assisted topic modeling
(keyATM), and (3) supervised machine learning as three popular and/or
promising approaches. Manual coding is based on the Policy Frames code-
book, providing an established base that allows future research to dovetail
our contribution. Analysing a large dataset of 12 Austrian newspapers’ EU
coverage over 11 years (2009-2019), we contribute to addressing the meth-
odological challenges that have emerged for social scientists interested in
employing automated tools for frame analysis. While results confirm the
superiority of supervised machine-learning, the semi-supervised approach
(keyATM) seems unfit for frame analysis, whereas the topic model covers the
middle ground. Results are extensively discussed regarding their implications
for the validity of approaches.

Introduction

Framing is among the most prominent conceptual approaches in the social sciences to classify
communication contents. However, the academic debate about conceptualizing or operationalizing
a frame has always been fractured (Entman, 1993) and has produced a plethora of literature discussing
different definitions but also types of frames (e.g., Cacciatore et al., 2016; De Vreese, 2005). In addition
to conceptual debates, there is a long-standing divergence in the field regarding the appropriate
empirical identification of frames. The difficulty of reliably and validly identifying frames lies in the
elusiveness and abstractness of the concept (Matthes & Kohring, 2009, p. 258) and the fact that frames
“are embedded in latent dimensions of the communication, and they are generated because of
spurious correlations between word (co-)occurrences in communications” (Hellsten et al., 2010,
p- 593). Overall, the field appears to have come to accept the variety of frame identification approaches,
provided they adhere to quality standards of manual quantitative or qualitative content analysis.
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The increasing availability of large amounts of digitized text and the growing popularity of
computer-assisted content analysis methods in the social sciences have added new dimensions to
the challenges of frame analysis (e.g., Giinther & Quandt, 2016; Jiinger et al., 2022). Researchers now
employ a variety of computational tools to capture frames in text corpora, ranging from topic models
(e.g., Heidenreich et al., 2019), to dictionaries (e.g., Nassar, 2020), semantic networks (e.g., Calabrese
et al., 2019) or supervised machine-learning (e.g., Burscher et al., 2014). Yet, regardless of manual or
automated, “[c]ontent analysis is a social scientific methodology that requires researchers who use it to
make a strong case for the validity and reliability of their data” (Potter & Levine-Donnerstein, 1999,
p- 258). While in manual frame analysis the issue of reliability is probably as important as the issue of
validity (e.g. Semetko & Valkenburg, 2000; Van Gorp, 2005, 2007), the shift to computational methods
and the fact that computers are reliable per definition, has moved the focus to validity, that is “the
extent to which a measuring procedure represents the intended, and only the intended, concept”
(Neuendorf, 2002, p. 112). For being able to judge the actual validity of the computer’s output, it needs
to be compared against and ideally converge on some externally defined “gold standard” or “ground
truth,” i.e. some form of objective, or at least inter-subjectively valid reference measurement (Grimmer
& Stewart, 2013; Song et al., 2020).

Recent literature has started to address the methodological challenges of automated frame
analysis tools and the concern that technology has been prioritized at the cost of validity in
social science research (see Baden et al., 2021) when it comes to measuring frames. Yet,
contributions often discuss “computational methods” as such and highlight general difficulties
in automated frame coding exemplifying one popular concept in the social sciences (e.g., Baden
et al., 2021; Gunther & Quandt, 2016; Grundmann, 2021; also; Jiinger et al., 2022). Nicholls and
Culpepper (2020) and Kroon et al. (2022) engage in a systematic comparison of approaches used
for coding frames automatically. Yet while their studies provide valuable insights, they focus on
either unsupervised (Nicholls & Culpepper, 2020) or supervised (Kroon et al., 2022) approaches
and do not compare both.

We aim to contribute to this evolving debate by providing a comparison of selected
approaches to automated frame analysis that are popular in the field. These approaches have
in common that they rely on inductive pattern extraction techniques, with such patterns
representing frames. They differ, however, concerning at what stage in the process deductive
control is exercised in terms of frame classification. Our contribution hence is a comparison of
different automated pattern identification techniques - in other words stretching from less
supervised to fully supervised methods - against manual coding, providing a thorough reflection
on the implications of using one automated approach over the other. We hence add
a comparison of approaches to frame identification that specifically takes into account the role
that deductive control at different stages plays for computer-assisted classification, including how
inductive procedures perform to find deductive categories in comparison to deductive proce-
dures. For that purpose, we use the Policy Frames codebook developed by Boydstun et al. (2013)
which represents one of the first attempts to devise a comparable deductive framework that can
be used by any scholar interested in (automated or manual) frames analysis, rather than
developing an own framework as is very often done in similar research (Borah, 2011, also
Brugman & Burgers, 2018). Being aware of the ongoing conceptual discussions regarding
framing, we have chosen this particular notion of framing since it is generic, and lends itself
to comparative research, making it well suited for our research purposes.

An all-encompassing comparison of the fast-increasing range of text analysis approaches is a task
arguably too comprehensive to address in a single paper (e.g., Boumans & Trilling, 2016; Van
Atteveldt & Peng, 2018). Given their growing popularity, we limit ourselves to machine-learning
approaches with lower and higher degrees of supervision which have either been popular for auto-
mated frame identification in the past (topic models and supervised machine learning) or seem
promising in this respect (keyword-assisted topic model). We thereby disregard popular dictionary
approaches mainly for pragmatic reasons since the development of dictionaries is often extremely
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resource-intense (see, e.g., Lind et al. 2020; but see Kroon et al., 2022 for a recent evaluation of the
performance of dictionary approaches for frame analysis). We apply the selected approaches to 11
years (2009-2019) of EU print news (N = 547,617) in Austria. We thus look into political news which,
due to the politicization of EU affairs in the country, appear promising for an exemplary comparison
of different frames. Our study contributes to the growing literature on the validity of computational
social science approaches more generally, and in particular, informs framing researchers about the
potential pitfalls and opportunities of a range of machine learning approaches for frame identification.

A fractured paradigm

An ever-growing number of studies utilizing the concept of framing adopt diverse definitions of
frames and varying methodologies to identify them. The variation in approaches to frame identifica-
tion is arguably mirroring the conceptual vagueness of what framing actually is (for overviews of the
origins and development of framing see Brugman & Burgers, 2018; Cacciatore et al., 2016;
Vliegenthart & Van Zoonen, 2011). Originating in psychology (Bateson, 1955), the framing concept
has found extensive application across disciplines. Spreading first to sociology (Goffman, 1974), in
particular social movement studies (Snow & Benford, 2005; Snow et al., 1986), and then to commu-
nication science and journalism (Gamson & Modigliani, 1989, Gitlin, 1980), with research in this field
booming after the publication of Entman’s seminal article about “framing as a fractured paradigm”
(Entman, 1993), the framing concept has found its application in political science (Baumgartner et al.,
2008; Bjarnee, 2016; Hinggli, 2020). Against this background, research has repeatedly emphasized the
lack of a unified approach to framing or even contradictions regarding its main aspects (Cacciatore
et al., 2016; Hertog & McLeod, 2001; Matthes, 2009), agreeing that “a more systematic and concep-
tually precise measurement of framing is warranted” (Vliegenthart, 2012, p. 937).

Existing definitions of frames evolved, narrowing down the initially relatively abstract under-
standing of frames as frameworks or discourses to restrictive definitions that outline the main features
of frames. Goffman (1974) understood frames as “frameworks or schemata of interpretation” in
individuals’ minds. The idea of “interpretative packages” was adopted by research (Entman, 1993;
Gamson & Modigliani, 1987) focusing on “frames in communication”. Scholarship in this tradition
has been strongly stimulated by Entman’s definition of framing (Entman, 1993, p. 52) stating that “to
frame is to select some aspects of a perceived reality and make them more salient in a communicating
text, in such a way as to promote a particular problem definition, causal interpretation, moral
evaluation, and/or treatment recommendation for the item described”. This definition highlights
the multi-dimensionality of political issues and has largely been used by the scholarship that focuses
on the diversity of issue definitions (e.g., Gilardi et al., 2021; Nicholls & Culpepper, 2020). As argued
above, while being aware of the conceptual debate we focus on one particular, yet broadly relevant
notion of framing that allows for an exploration of computational approaches to framing.

Increasing comparability: a deductive approach to framing

When it comes to empirically identifying frames, the literature proposes two approaches labeled as
inductive and deductive (De Vreese, 2005; Matthes, 2009; Semetko & Valkenburg, 2000) that in turn
allow identifying generic frames or issue-specific frames. Inductive frames emerge from the data,
allowing the researcher to explore the whole range of frames in a more nuanced way than a prior
definition would yield (Van Gorp, 2007). These frames are usually only related to the specific issue or
context being analyzed. The comparability of frames across different issues, therefore, remains very
limited. Contrarily, generic frames may emerge across different issues, time, or cultural contexts (, De
Vreese, 2005), such as provided by Semetko and Valkenburg (2000) who discuss five frames com-
monly appearing across issues — conflict, human interest, economic consequence, morality, and
responsibility attribution.
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In a similar vein, the more recent Policy Frames Codebook (Boydstun et al., 2013) follows the
deductive approach, proposing a general coding scheme that has been used for a comparative analysis
of news frames (Card et al., 2015; Field et al., 2018; Kwak et al., 2020). This research adopts Entman’s
definition and focuses on identifying frames as a “general aspect of linguistic communication about
facts and opinions on any issue” (Card et al., 2015, p. 438). Boydstun et al. (2013, p. 4) identify a major
shortcoming of the issue-specific coding of frames in the inability to compare across different issues.
Relying on examples from empirical studies the authors conclude that similar frames are likely to co-
occur together, the appearance of one frame can trigger the appearance of another. Therefore,
Boydstun et al. (2013, p. 4) argue in support of their approach that it makes sense to cluster such
linked frames into larger framing dimensions cross-cutting different policy issues to allow for
comparison. The frames proposed within this codebook “were informed by the framing literature
and developed to be general enough to be applied to any policy issue” (Card et al., 2015, p. 439).
However, this general coding scheme “can also be specialized in issue-specific ways” (Boydstun et al.,
2013, p. 4) and includes an “other” category, allowing to include additional frames, should the need
emerge. Though initially developed to analyze frames in English, this approach has been also used for
the automatic annotation of frames in Russian (Field et al., 2018). Overall, the Boydstun approach
relies on the most popular definition of frames (Entman, 1993) allowing for easy connection to the
debate in the field (Baumgartner et al., 2008; Bjarnee, 2016; Héanggli, 2020). In addition, it allows us to
build on a resource that can be used by future research with similar interests. Thus, the comparison of
different automated approaches to frame analysis could be continued and would immediately dovetail
our efforts if the same codebook was used. We, therefore, regard the approach as a useful basis for any
efforts to systematize knowledge about the functioning and validity of different automated approaches
to frame analysis.

The (contested) validity of automated frames analysis

Regarding computational approaches to frame analysis, a wide variety of approaches has been applied.
In the following, we give a brief overview of the most important ones to allow a better contextualiza-
tion of the approaches we have selected for our purposes. Existing studies have relied on unsupervised
(e.g., Brouwer et al., 2017; Burscher et al., 2016, Egger & Yu, 2022; Lawlor, 2015; Wallace, 2018) and
supervised machine-learning techniques (e.g., Burscher et al., 2014), dictionary approaches (e.g.,
Lawlor & Tolley, 2017; Schultz et al., 2012; Shah et al., 2002), or network analyses (e.g., Calabrese
et al,, 2019; Hellsten et al., 2010; Jiang et al., 2022; R. A. Lind & Salo, 2002). Studies focusing on the
detection of media frames recently turned to text analysis tools developed by computational linguists,
such as Bidirectional Encoder Representations from Transformers (BERT) for unsupervised classifi-
cation of media frames (e.g., Akyiirek et al., 2020; Kwak et al., 2020; Liu et al., 2019), also in
combination with other approaches (e.g., Guo et al., 2022), Linguistic Inquiry and Word Count
(LIWC) for a dictionary-based approach (e.g., Nassar, 2020), Corpus Linguistics (e.g., Dayrell,
2019), and word embeddings (e.g., Kroon et al., 2022). Especially topic modeling has become popular
for coding frames (e.g., Gilardi et al., 2021, Heidenreich et al., 2019; Poirier et al., 2020; Yl4-Anttila
et al., 2018; Zhang & Trifiro, 2022).

Although automated frame analysis provides advantages such as the opportunity to analyze large
text corpora or an increased reliability of frame coding, recent studies have called for a critical
assessment of these methods, pointing out their potential limitations (Baden et al., 2021;
Grundmann, 2021; Nicholls & Culpepper, 2020). Especially more unsupervised methods, such as
topic modeling, have been criticized for not being able to capture the complexity of a frame (e.g.,
Nicholls & Culpepper, 2020). As at the pre-processing stage topic modeling often removes morpho-
logical characteristics of words, stripping them to the lemmata, it is argued that this approach shows
linguistic insensitivity (Brookes & McEnery, 2019) and disregards the sequential structure of human
language that is valid for all languages (Nerlich et al., 2012) and is crucial for frame analysis (e.g., Jiang
et al., 2022). However, while the general effects of preprocessing in automated content analysis have



COMMUNICATION METHODS AND MEASURES . 209

received some attention in the scholarly debate (see Denny & Spirling, 2018), the effects regarding
topic modeling in particular remain empirically unsubstantiated.

As such, topic modeling has been increasingly used for frame analysis, whereby scholars equated
topics, i.e., the output of the topic model, and frames. However, the topic model is a tool that responds
to specific variations in word co-use and as such cannot distinguish between frames and issues; it is
therefore likely that analyses of issues or frames, respectively, operate in muddy analytical waters as the
output of the topic model will be a mix of issues and frames. In an attempt to increase validity, topic
modeling has therefore been complemented with other types of analysis (e.g., Guo et al., 2022; Hubner,
2021) that allow a deeper understanding of the results, such as, for example, Topic Model Networks
(Walter & Ophir, 2019) or semantic network analysis (e.g., Calabrese et al., 2019; Jiang et al., 2022).

Recent studies have also discussed a lack of objectivity in the “bags-of-words” (Murakami et al.,
2017, p. 244; Nicholls & Culpepper, 2020; Walter & Ophir, 2019), as defining and labeling the “topics”
or frames is in the power of the researcher conducting the analysis. Accordingly, a limitation of less
supervised approaches lies in their replicability (Roberts et al., 2016; Wilkerson & Casas, 2017).
Dictionary approaches seem more promising in this respect, as they rely on the explicit mention of
words in the text. However, approaches that aim at creating oftf-the-shelf dictionaries capturing latent
concepts, e.g., sentiment (Rauh, 2018), or frames (e.g. Nassar, 2020) require additional adjustments to
provide valid results with data from a domain different from the one the dictionary was developed for
(Boukes et al., 2020; Guo et al., 2016; Kroon et al., 2022). Finally, in supervised machine learning
approaches the validity of results hinges strongly on the quality of training data as well as potential
biases in the training data sample (e.g. Song et al., 2020). As illustrated by the discussion above,
computational approaches bear limitations that likely reflect negatively on the validity of outcomes.
This may be even more accentuated when it comes to the measurement of a complex construct such as
frames.

Three approaches to automated frame analysis

Overall, the use of automated text analysis techniques for frame analysis is growing in popularity, and
a critical reflection regarding the implications of using different automated approaches is a necessary
step to develop a toolkit for automating frame analysis. Researchers need to be aware of the
consequences of applying one or the other approach to identifying frames, which requires systematic
comparisons. Drawing on the considerations just discussed, we here contrast three machine-learning
approaches that have been popular in frames analysis over the past years (topic models and supervised
machine learning) or seem promising new routes to explore (keyword-assisted topic model). These
three approaches have in common that they identify frames through an inductive extraction of
patterns in the texts at some point in the processes. Unsupervised machine learning (topic models)
would extract such patterns without any prior information about what to look for, whereas supervised
machine-learning would extract patterns following predefined classifications. For the identification of
frames both types are subordinated under deductive control, but at very different stages of the process.
In supervised machine learning deductive control is exercised at the very outset, by providing training
materials that have been constructed in a deductive manner and pattern extraction would seek to
reproduce the deductive classification. In unsupervised machine learning for frame identification
deductive control is imposed after the unguided pattern extraction (see Baden et al., 2020), by
mapping those patterns onto deductive categories. The latter, therefore, is likely to be more prone
to perform worse in an analysis aiming toward identifying concepts specified beforehand (see also
Kroon et al., 2022). An approach that sits in the middle between unsupervised or supervised
techniques concerning the role of deductive control is the keyword assisted topic model. Utilizing
seed words, some deductive control is provided to a priori focus the pattern extraction onto relevant
distinctions. The differential role of deductive control exercised by the researcher does reflect on the
labor that researchers are required to put into the process, ranging from laborious training data
annotations to post hoc word list interpretations. While all approaches differ in their operating modes,
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they can all be used to answer similar research questions, making a comparison worthwhile in its own
right.

(1) Topic modeling is a frequently employed inductive machine-learning method that provides
insight into the distribution of topics in the form of word clusters in the text without prior expecta-
tions (e.g., Dutceac Segesten & Bossetta, 2019; Gilardi et al., 2021). Although the term topic modeling
includes a variety of possible cases of application, Latent Dirichlet Allocation (LDA) emerged as
a frontrunner (Maier et al., 2018): Being a generative probabilistic model of a corpus, the approach
aims at representing documents as constructed by drawing upon words associated probabilistically
with certain topics. Topics, in turn, can be seen as a distribution of words. Simply put, this technique
identifies patterns by clustering words based on their co-occurrence. Without any prior knowledge
about the data and topics or possibly frames involved, LDA assumes that each document can be seen as
an exchangeable distribution of topics where the probabilities for each topic represent a document
(Blei et al., 2003: 996ff). As a “bottom-up” approach, with topics emerging from the corpus, research-
ers thus do not need to rely on a high degree of a priori supervision. However, to achieve reliable and
valid results, specific key aspects, for example, concerning the interpretability or the coherence of
topics involving human topic inspection, need to be considered (Baden et al., 2020; Maier et al., 2018).

The applicability of topic modeling, or word clustering techniques more generally, to identify
frames' in the text remains disputed since they cannot, only based on word clusters, deliver the depth
of interpretation that a frame would presuppose (e.g., Matthes & Kohring, 2009, p. 261). Simply
equating the output of a topic model with a frame blurs the analytical clarity of the concept. The topic
model is a tool that responds to specific variations in word co-use and, as such, cannot distinguish
between frames and issues but picks up their traces in the text. Scholars have therefore proposed
definitions that arguably allow using this method for automated frames analysis, often based on
extensive qualitative post-hoc validation or in combination with other methods (Baden et al., 2020;
Jacobi et al., 2016; Sides, 2006; Walter & Ophir, 2019; Yla-Anttila et al., 2018).

(2) The novel keyword-assisted topic modeling also relies on the basics of probabilistic topic models,
aiming at representing documents as a mixture of underlying topics. Yet, this method, in addition to
the inductive exploration of the corpus, also allows researchers to deductively define topics they expect
to find in a given collection of documents. Using predefined sets of keywords indicating the topic to be
measured, scholars can define a certain number of topics to be found associated with those keywords.
In addition, the model provides the possibility to also account for other — unexpected - topics, by
allowing the specification of several topics that are not associated with the given keywords, thus basing
the approach on a mixture of two distributions (one for keywords, one for all words). The technique
places greater importance on the keywords as markers for certain topics but also allows the model to
learn about the importance of given keywords for a specific topic. According to Eshima et al. (2020),
this yields better results concerning document classification and is less sensitive to the number of
topics compared to standard topic models. Additionally, it prevents problems commonly arising when
interpreting topics from traditional LDA models post-hoc, simplifying interpretation and enhancing
the reliability of results.

The degree of supervision for this approach is still comparably low as the sets of keywords do not
need to be excessively large. However, scholars need to hold certain expectations concerning the
frames in the text corpus and come up with explicit keywords for the model. Therefore, and compared
to the LDA approach, more supervision is needed for the keyATM, feeding more information into the
algorithm. All keywords selected should be indicative of the topics expected and theoretically moti-
vated. However, as the authors emphasize, keywords need to be present in the data to a certain degree
(Eshima et al., 2019), making the selection process top-down (theoretical motivation) as well as

'Please note that in the following, we will use the term frame for the output of LDA and keyATM. While we are of course aware that
there is considerable criticism regarding the validity of topic models in general for measuring frames, we aim to increase the clarity
and consistency of the paper by using the terms frame. In addition, the output is compared with the frames identified in the
manual coding; in that sense, the results of our analysis will show in how far the label “frame” is a valid description of the output of
LDA and keyATM.



COMMUNICATION METHODS AND MEASURES . 211

bottom-up (sufficient share of mentions in the text). Therefore, the information used for determining
keywords should not be detached from the data, requiring intimate knowledge of the corpus.

(3) Supervised machine learning (SML) approaches, finally, are usually applied to assign documents
to predefined categories and have been used to identify frames in text. The umbrella term represents
a variety of different approaches, or classifiers, such as support vector machines or Naive Bayes
classifiers.”> SML usually involves the comparison of different models (Burscher et al., 2014) to find an
algorithm or a set of classifiers performing best for a task at hand. Imagining the data as quantified
information, i.e., as a set of vectors containing features, classifiers are trained on using such vectors
that are manually labeled beforehand. Often called the “Gold Standard,” this human-coded data is the
foundation for the approach. It is used for training as well as validation purposes and is thus largely
accountable for reliable and valid results. In the process, the manually coded data is split into a training
and validation set. The training part (also called held-in sample) “teaches” classifiers to identify
whether a text document contains the concept to be measured (e.g., a frame) while the remaining
gold standard data (held-out sample) is subsequently used to check the validity of classifications made
by the automated approach by predicting and then comparing labels with results from the manual
analysis (Boumans & Trilling, 2016). When proven to be useful, classifiers can be used to predict labels
of unseen data.

The approach requires intensive human input. Given the elusiveness and the context-sensitivity of
frames as such, it is important to have sufficient data to be able to capture this complex and multi-
faceted concept. It is, however, unclear what exactly sufficient would mean beforehand. Thus, an
extensive collection of data-based manual coding is needed to ensure satisfying performance. This
approach, therefore, is the most elaborate and labor-intensive of the three techniques presented. It is
also the one which is fed the most information about the data and the desired measurement entering
the algorithm. The validity of results crucially depends on the reliability of the manually coded gold
standard material (e.g., Song et al., 2020), making this process costly concerning time and financial
resources. Once classifiers are trained and validated, however, they apply to different data, while
factors interfering with the validity of classifiers such as the text domain of the training and validation
data should always be kept in mind. Considering the automated detection of frames, this approach is
shown to be useful for certain definitions of framing concepts (e.g., Burscher et al., 2014).

Data & methods

We apply and compare the methodological approaches discussed above to Austrian print news about
the EU, thus political news coverage, for a period of 11 years (2009-2019), thus to German language
text. The EU in general is found to suffer from a lack of public visibility, discussed as a communication,
and eventually a democratic deficit. However, EU coverage and public contestation over EU issues
have generally increased (Boomgaarden & De Vreese, 2016) due to several EU crises occurring during
that time, e.g., the financial crisis or the migration crisis (e.g., Hobolt & De Vries, 2016). EU news, also
EU frames, have been studied to some degree, allowing us to validate results in the mirror of similar
research (e.g., Boomgaarden & De Vreese, 2016; Dutceac Segesten & Bossetta, 2019). As is often the
case for political news, we expect a large share of news on the economy; regarding the above-
mentioned political differences and the legitimacy deficit of the EU, we also expect that articles will
discuss the EU’s political problems and suggested solutions. For the Austrian case, in particular, these
EU crises have caused heated political debates, leading, for example, to the resignation of the
chancellor in the course of the migration crisis (Auel & Pollak, 2016). Overall, the general topic EU
and the time frame seem promising in terms of breadth and depth in the material to test different
dimensions of frames.

2We provide short introductions to the classifiers used in this research in the respective section in the “Data & Methods” chapter and
the Appendix.
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Our dataset consists of the 12 largest daily print newspapers to gain a broad insight into the
Austrian EU discourse (e.g., Greussing & Boomgaarden, 2017 for a similar approach). Sources were
selected according to their journalistic routines (tabloid vs. broadsheet), and scope of distribution
(regional vs. national scope). In total, we retrieved n = 547,617 articles via the online database of the
Austrian Press Agency (APA) (see Appendix Table Al).

For the retrieval of EU-relevant texts from the database, we formulated an extensive search string
(see Appendix Section Al). For that purpose, we drew inspiration from other studies but also
inductively coded search terms from a sample of 875 news items published on randomly selected
days in our period of analysis. The search string mainly includes EU actors and institutions, e.g., the
European Commission or the European Parliament, but also specific buzzwords associated with EU
policy for example. The final search string was validated using a fresh sample of 1,500 articles. We
ensured that the validation sample included data from every outlet included for a random day for
each year. Reaching satisfactory intercoder-reliability (Krippendorff’s a = 0.86), this set was manually
annotated by three different coders to validate the performance of the search string (precision = 0.92,
recall = 0.96, F1 =0.94).

Before applying the different automated approaches to the data, we went through different steps of
data cleaning and preprocessing. This included the removal of a set of predefined stopwords, numbers,
or other not-needed characters, as well as lowercasing. We filtered all documents unexpectedly
published in different languages than German and removed duplicated news items. Furthermore,
we filtered, whenever available, articles according to the section in which they were published to get rid
of unwanted documents referring to the TV program or letters to the editor (i.e., non-editorial
content). More details on the implementation of each approach are discussed in the following.

Political

Policy Prescription and Evaluation

Economic

Extemal Regulation and Reputation

Constitutionality and Jurisprudence

Law and Order, Crime and Justice

Fairmess and Equality

Frames

Security and Defense

Quality of Life

Public Opinion
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Cultural Identity

o‘ I
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Figure 1. Absolute number of frames manually coded for each category; N = 12481 strings.

The gold standard: manual coding of frames

The Gold Standard, i.e., the training material was coded based on the codebook developed by
Boydstun et al. (2013) and includes 14 different frames (see Figure 1; see Table A2 in the Appendix
for details). These frames were only coded when they were related to the EU as a frame object in some
way, e.g., a frame of the European Commission, an EU policy like external relations, or an EU political
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event like Brexit. Six trained coders annotated frames from 6 x 800 articles sampled from the above-
described dataset; frames were not coded at the article level but were identified from the article and the
relevant text parts were pasted in a frame string variable. This string variable, then, was processed and
used as input for our deductive approaches.

After two coding workshops, we tested reliability (I) before the start of the coding, (Ia) for the
identification of relevant text parts (unitizing reliability) as well as (Ib) for the actual coding. (Ia) Units
(frames) needed to be identified by coders from the articles directly. Thus, we needed to make sure that
there was reliable agreement as to what text part contained a frame and which does not. Intercoder
unitizing reliability was, given the elusiveness of the frame concept (e.g., Matthes & Kohring, 2009) as
well as the rather high number of 6 coders, not high (N =50 articles resulting in a set of 110 valid
frames; Percentage Agreement = 76,1%, Krippendorff’s Alpha = 0.17, Brennan & Prediger = 0.18).” The
validity of the identification of individual coding units was slightly lower (percentage agreement =
71,8%; measured against instructors’ coding). Since the automated coding was conducted at the article
level (and not at the level of the individual frame), we calculated our final unitizing reliability with
respect to how reliably coders identified an article as containing frames overall, which, given the
aggregate level, showed higher reliability (Percentage Agreement = 86,6%, Krippendorff’s Alpha = 0.57,
Brennan ¢ Prediger = 0.57). For our final validity scores, we compared against instructors’ identifica-
tion of relevant articles (i.e., such articles containing frames) which, again, yielded slightly higher
scores (Percentage Agreement =76,34%). We trained coders again but given the overall still compar-
ably high score, did not measure reliability/validity for the identification of relevant units or articles
anymore. (Ib) In the second step, coders were provided with a set of frames already identified as valid
by instructors (N =110) to ensure the comparability of their coding. Based on this, we calculated the
final, satisfactory reliability scores of the manual coding which can be found in Appendix Table A3.

Our final intercoder reliability scores revealed some worse-performing frames. We, therefore,
decided to monitor reliability also (II) during the actual coding and included another set of 50 articles
which all coders coded along with their assigned sample. This was to understand if there was a need for
a thorough rechecking of the coding in the end. However, all values improved (see Appendix Table A3
for details). Especially frames with high prominence in the coding yielded lower reliability (i.e., Policy
Prescription and Evaluation, Political and Economic frames; see Appendix Table A2 for a description of
frame categories), suggesting that these frame categories served as “default” categories for some coders
in the team.

Topic modelling: latent dirichlet allocation

As mentioned above, topic modeling is sometimes used to identify frames by combining the technique
with an intensive post-hoc evaluation to gain better insights into the validity of the topic model output.
Similarly, our approach features a manual coding step using the Hybrid Content Analysis (HCA)
approach by Baden et al. (2020). Following this method, the output of the LDA is annotated using
a codebook to ensure that results might be classified toward the targeted frames and, additionally,
allow for grouping clusters as well as binary output.

To implement the LDA model, we used the R package topicmodels (Hornik & Griin, 2011). Guided
by the literature (e.g., Jacobi et al., 2016) and based on metrics such as perplexity with varying alpha,
we chose alpha = 5/k. The decision on how many k topics the model should calculate was based on
multiple considerations. While we aim for measuring at least 14 frames within our data, we anticipated
the corpus to entail much more. Therefore, we set up an evaluation process calculating models within

3Please note that we use Percentage Agreement here as all variables coded for checking reliability were coded as dummy variables
and, given the highly interpretative task, the sample was rather small. As is for example discussed in De Sweert (2012),
Krippendorff's alpha is often found to be too conservative in skewed samples with limited variance. However, percentage
agreement is often found to be a too liberal measure. The coefficient introduced by Brennan and Prediger is considered
a middle ground as it provides a chance-corrected measure that can handle skewed samples as well. We, therefore, decided to
provide all three measures to increase the transparency of our analysis (see Egelhofer et al., 2021 for a similar strategy).
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a number of k topics ranging from 20 to 300 (k = {20, 30, 40, 50, 75, 100, 125, 150, 175, 200, 225, 250,
275, 300}). While we can see in the slope of perplexity and loglikelihood (see Figure Al in the
Appendix) that both metrics indicate better-performing models with k > 75, we also notice saturation
around k = 100 where slopes are becoming less steep (perplexity) or even exhibit a reversing pattern
(loglikelihood). Based on these considerations, we took a closer look at the models within the range of
k=100 (namely k = {75, 100, 125}). For these models, we manually inspected the top words represent-
ing the individual topics but also words that occur frequently within topics but are also exclusive to
them (often called frex words). In addition to these qualitative inspections, we also used word
intrusion as well as word-set intrusion tests (for more details see the paragraph on validation below)
to check for coherence. We finally agreed on k = 100 topics as this setting led to better interpretable
frames with consistent topics. A relatively high number of topics also make sense from the perspective
of HCA, since fine-grained clusters might be grouped together in a later stage, whereas the lower
number of k potentially leads to more overarching clusters not representing the individual frames. In
the next step, two coders annotated all of the 100 calculated word clusters representing frames using
the codebook displayed in Table A2 in Appendix.* Frames were labeled using the numerical repre-
sentation ranging from 1 to 14 with every word cluster being assigned one label, but some labels
appeared multiple times across all word clusters. Frames that could be identified as coherent but did
not classify as one of the 14 frames under investigation were labeled as “Other Topics,” and clusters
that did not bear any meaning were annotated as “Uninterpretable.” For the few cases for which no
consensus was reached concerning the frame label, the coders discussed their decisions and agreed on
a label. Following this process, we were able to identify 87 word clusters as meaningful. In turn, 13
were labeled as so-called boilerplate and appeared not to have a consistent meaning, 14 frames did not
exhibit any clear relation to the EU or, in other words, were clearly referencing Austrian matters. An
overview of the clusters representing EU-related frames with the respective words signifying the frame
found by the LDA model is given in Table A4 in the Appendix.

True validation procedures yielding reliable and comparable measures for this approach are scarce.
To ensure valid results for the LDA approach, we assessed the semantic and predictive validity of the
model (Grimmer & Stewart, 2013) and implemented additional validation tests to examine semantic
meaning (Chang et al., 2009). First, the semantic validity was examined checking whether frames are
distinctive and identify a consistent range of articles. For this task, carried out by two independent
coders, we labeled frames based on the top terms occurring within these frames as well as frex-words
and subsequently read articles annotated with high probabilities for this frame to make sure they
actually employ the frame. Second, we looked at the distribution of frames over time and compared
how they responded to different real-world events. Articles employing frames concerning the econ-
omy, in general, increased after the financial crisis in 2008; similarly, articles addressing the arrival of
refugees peaked following 2015, which lends predictive validity to our results. Third, we used the
R package oolong (Chan & Siltzer, 2020) to conduct quantitative validity tests to check for coherence.
First, word intrusion tasks present the coder with six different words from a calculated frame, one of
which is an intruder. If the frame is coherent in itself, the coder should be able to identify the intruding
word. Similarly, word-set intrusion presents sets of words belonging to a frame along one set that is
not taken from the word distribution of this frame (Chan et al., 2009). Again, if the model outputs are
coherent, the coder should be able to identify the intruding word set. For our model, two independent
coders performed the tests, resulting in high precision (precision word intrusion test = 0.85; precision
word-set intrusion test = 0.9).

Keyword-assisted topic modelling

The keyATM in turn is based on the predefined number of frames expected to occur within the data as
well as respective seed words indicating the frames. Guided by the literature, we used 14 different

“Intercoder reliability for this task was deemed satisfactory with Krippendorff's alpha = .86
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frames (Boydstun et al., 2013) as the number of keyword-led frames for the approach. Additionally,
the models are adjusted to identify other word clusters inductively to leave room for unexpected
findings. Similar to the procedure for the LDA, we calculated multiple models with a varying number
of non-keyword frames ranging from 5 to 30 (14 keyword frames + k = {5, 10, 15, 20, 25, 30}). While
measures for all models created look serviceable (Eshima et al., 2020), exhibiting a decreasing trend in
alpha, as well as perplexity and loglikelihood, we leaned toward manual evaluation steps to determine
the most useful model. Again, top- and frex-words for all models were inspected by two independent
coders to examine whether they represent a coherent concept. Additionally, independent documents
with high probabilities for the individual frames were looked at. Taken together with the word and
word-set intrusion tests conducted for the individual models, we finally decided to agree on a model
with k=29 (14 keyword based and 15 non-keyword) frames as this number proved to yield the best
performance.

For the selection of keywords, we applied a multi-staged process. First, we extracted terms from
existing studies as well as based on the qualitative assessment of the individual frames by the authors.”
Generating long lists with terms indicative of the frames but partially too specific for conventional
news coverage. In the second step, therefore, we filtered these lists and looked for words that actually
appear within the data to a certain degree (Eshima et al., 2019). Finally, we prepared a list of words
occurring frequently within the corpus and scanned for terms that may be useful as markers for one of
the frames under investigation. The result of those three steps, eventually, yielded sets of keywords
which we used for the individual frames (see Appendix Table A5). While for some frames, we were
able to draft extensive lists with up to 23 keywords (Economic frame), it was distinctly harder to
compile lists for other frames as markers that were deemed appropriate just did not appear within the
texts. As a result, we only have a single keyword for the Health and Security frame and only three
keywords for the Constitutionality and Jurisprudence frame.

Again, additional validation steps were taken to ensure validity, using the oolong R package. Two
independent coders performed word and word-set intrusion tests, deeming the final model useful with
a precision of 0.74 and 0.83, respectively.

Supervised machine-learning

Building on the extensive corpus of manually annotated gold standard data as described above, we
were able to train binary classifiers for SML to identify frames directly, which is generally more
effective than through indicators. While existing research shows that the performance of classifiers for
this purpose usually increases with the size of available training data (e.g., Burscher et al., 2014) and
comparably low numbers of training documents lead to poor performances (Boumans & Trilling,
2016; Grimmer & Stewart, 2013), we decided to limit this part of the analysis to five frames for which
we garnered satisfactory amounts of manually coded data.® Namely, we include the Economic, External
Regulation and Reputation, Law and Order, Crime and Justice, Policy Prescription and Evaluation as
well as the Political frame. Furthermore, we selected different classifiers based on their availability,
their common use in communication science (e.g., Boumans & Trilling, 2016), and their applicability
to our data. We introduced Support Vector Machines, K-Nearest-Neighbors, Gradient Boosting,
Decision Tree, and Random Forest Classifier as well as an ensemble approach of the five classifiers
(Burscher et al., 2014). Additionally, we implemented a Multi Layer Perceptron (Goldberg, 2017) as
a neural network approach, proven to be effective for such classification tasks (F. Lind et al., 2021).”

*Projects with more resources may additionally have human coders assess texts and extract keywords from documents labeled with
the respective frame.

5The authors are aware of the possibilities to enrich data to try and fit classifiers also with smaller training sets. However, given the
objective of this study, i.e., the application of approaches, we prefer to not dive too deep into the technicalities of individual
approaches so as to not get entangled with general challenges of different methods that are not specifically connected to our
objective.

’For an overview and short introduction of the different classifiers, see Section A2 in the Appendix.
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Minding the differences of the frames under investigation, we used an approach allowing different
combinations and used varying parameters for each frame. Following this procedure, we compared
metrics for 885 settings, contrasting different parameters for the individual classifiers (for details on
the parameters varied, please refer to Section A2 in the Appendix)

All classifiers were trained using the manually annotated gold standard data. To this end, we
employ 3-fold cross-validation (Japkowicz & Shah, 2016) and split the data into two equal parts to
engage in a training and cross-validation procedure. All classifiers were trained using one half of the
data, while the remaining part, the holdout sample, was used for validation purposes. Repeating this
procedure with alternating turns of parts being used as training or validation data three times, the
process vields robust performance metrics. Results show that although the ensemble outperformed
single classifiers used for its implementation, the MLP approach yielded better results for all frames
under investigation, achieving FI scores above 0.7 for all frames with acceptable levels of manually
coded data available (a detailed report of the performance is provided in Table A6 in the Appendix).

Results part I: the gold standard

Before turning to the discussion and comparison of different automated approaches, we look into the
results of the manual coding that serves as input for the SML approach and the comparisons discussed
in the following. This allows us to better understand the variance of frames in the data and draw more
informed conclusions on how and why the approaches discussed perform the way they do.

Of the 14 frames defined beforehand (Boydstun et al., 2013), not all were equally present in the
coverage (see Figure 1). Especially the Political and the Policy Prescription and Evaluation frames, as
well as the Economic frame, appeared often and were coded frequently. The strong prevalence of
exactly these three frames can be related back to the fact that the EU has been going through
a fundamental financial crisis (Economic frame) during the period of analysis, resulting in political
challenges and intense discussions about how to reform the EU’s institutional structure and specific
policies (Political frame, Policy Prescription and Evaluation frame) (e.g., Bijsmans, 2017; Dutceac
Segesten & Bossetta, 2019).

Given the rather high number of 14 frames and the unequal variance in frame prominence (see
Figure 1) and as mentioned before, we selected five frames based on their frequent appearance in the
manually coded data to train classifiers for the SML approach. While LDA and keyATM do not rely on
“sufficient” information coming from the manual coding for fitting purposes, we proceed with all 14
frames for both of these approaches. For the last part of our analysis, the comparison of results across
LDA, keyATM, and SML, however, we drew on the five exemplary frames (Economic frame, the
External Regulation and Reputation frame, the Law and Order frame, the Policy Prescription and
Evaluation frame, and the Political frame) as those are available for the SML but also to limit this part
of the analysis to an overseeable amount of frames and thus be able to meaningfully compare and
discuss results for specific frames.®

Results part lI: three approaches to automated frames analysis
Latent Dirichlet Allocation (LDA)

LDA is the only fully inductive approach in our selection, allowing us, at the same time, to explore the
contents of Austrian EU print news coverage. To understand how LDA may correspond to the frame
categories suggested by Boydstun et al. (2013), we followed the HCA approach (Baden et al., 2020) as
mentioned above and coded the LDA results according to the codebook. Additionally, we clustered
such frames that seemed suitable under certain categories. For example, we clustered frames that were

8Please note that in order to gather enough gold standard material to train supervised machine learning classifiers, we conducted
a second round of manual coding by trying to oversample distinct frames assisted by the results of the keyATM approach.
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annotated as Economic according to the codebook, featuring sub-aspects such as the stock market,
banking, currency policy, or economic growth. Similarly, we put word clusters referring to military
policy or the war in Syria into the Security and Defense frame, corresponding with the frame category
in the Boydstun codebook. This allows a clearer comparison with the other approaches (Jacobi et al.,
2016). While this strategy can compensate for the somewhat arbitrary nature of granularity that the
researcher can choose in the application of LDA, it does not guarantee that all frames of interest would
be found. In that sense, the researcher’s influence on the actual frames that the model identifies is small
compared to other approaches, and the outcome may vary according to certain settings (like alpha or
the number of k topics), but not with respect to the characteristics of frames which are usually
predefined (e.g., Baden et al., 2020; Grimmer & Stewart, 2013).

As expected, a lot of articles deal with aspects tied to the economy and politics. This corresponds
with the results of the manual coding, showing a high prominence of the Economic and Political frame
(see Figure 1). Other frame categories discovered by the LDA model concern the Security and Defense
frame, the Capacity and Resources frame as well as Health and Safety. Regarding the latter two, our
manual coding does not correspond to this result as both frames belong to the 4 least prominent
frames overall. The Policy Prescription and Evaluation frame found very prominent in the manual
coding, is not prominent in the LDA output at all. The LDA model largely captures the frames one
would expect, knowing the types of crises that dominated the political and media agenda of the EU in
the last decade (e.g., Dutceac Segesten & Bossetta, 2019; Bijsmans, 2017; see Appendix Table A4 for
label terms). However, these results could also suggest that frames not found prominent in the manual
coding might be represented to a larger degree in Austrian EU news and vice versa, raising concerns
about the validity of LDA as a tool for frame analysis. As is vividly discussed in current research (e.g.,
Nicholls & Culpepper, 2021), LDA might be better suited to capture issues or frames as sub-issues
(Sides, 2006), as it is relying on explicit markers in the text and therefore not capable of capturing
a construct as elusive and latent as a frame. In that sense, LDA might be a useful tool for frame analysis,
but only against a thorough theoretical reflection of what this means for the definition of frames in
general.

KeyATM

The rather novel keyATM is a semi-supervised approach (see Appendix Table A6 for a list of
predefined keywords and the top words for each frame dimension; see Appendix Table A5 for original
versions of key- and top words as well as information on the 15 non-keyword clusters). KeyATM
allows for deductive as well as inductive analysis; we draw on the 14 manually coded frames (see
Figure 1) introduced above for the deductive part.

While the keyATM model fits well according to available measures (see Methods section above;
Eshima et al., 2020), a first inspection of the output indicates that the approach did not perform very
well considering the representativeness of top words for specific frames aimed to measure (see
Appendix Table A6). Although many measured concepts appear to be coherent themes, some
obviously fail to grasp the concept aimed to capture by the keywords. An example is the Policy
Prescription and Evaluation Frame, where keywords provided beforehand all connected to the
government, measures, solutions, reforms, conditions, or strategies; the output, however, consisted
of terms such as Greece, Euro, Brexit, Athens, or Great Britain, with only one of the provided
keywords appearing prominently (government). While this became already apparent during the
fitting, we mainly emphasized coherence and picked the best model in comparison to others at that
stage. Still, for the deductively identified frames, the selected keywords seem to often either not
represent a frame very well or not at all whereas, for other frames, we find some of the predefined
keywords in the output of top words as well as other words fitting the frame. For example, the
Economic frame, External Regulation and Reputation frame and the Capacity & Resources frame are
well represented by the top words with four and three keywords appearing (see Appendix Table A6).
For most other frames, however, top words do not appear to mirror the frames as defined in our study.
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Moreover, according to the manual coding, the Political and Policy Prescription and Evaluation
frames were very prominent, too. However, they show less correspondence with the keywords yielded
from the literature and expert assessment: Both frame categories seem to become very specific
concerning Austrian party politics and EU crises management with financial aspects and Greece as
well as Brexit, respectively.

Supervised machine learning

As we can not show output similar to the top words representing frames for the LDA and keyATM
approaches, we evaluate the results of the SML approach according to standard procedures in the field,
discussing the comparison of the SML classifications with the results of the manual coding.

Calculated FI scores in Table A7 in the Appendix show the performance of different classifiers put
to test for the classification task at hand. Overall, we see that the MLP approach outperformed other
classifiers with up to FI = 0.86. Moreover, we find that compared to the other frames, the classifiers for
the Economic frame perform best with an average FI score of 0.86, slightly better than the Political
frame (0.83). Regarding the performance of the other three frames (Policy Prescription and Evaluation
frame, average FI = 0.82; External Regulation and Reputation frame, average FI =0.8; and Law and
Order, Crime and Justice frame, average FI = 0.8), we similarly obtain satisfactory results.

Results part lll: comparing the validity of approaches

It is, arguably, not straightforward to directly compare the approaches implemented in this study due
to their very different operating modes. Yet, all of them frequently are or are likely to be used to
analyze frames and can thus be compared regarding how well they can capture frames in comparison
to the manually coded gold standard data. To enhance the comparability of the approaches, we hence
re-coded the output of the LDA and keyATM approaches to obtain binary classifications of the
documents, representing the most prevalent frame (for more information on this step, see Section
A3 in the Appendix), a step that is also recommended in the application of the HCA approach chosen
for the implementation of LDA (Baden et al., 2020). Following this procedure, we are able to calculate
recall, precision, and F1 scores for all three approaches, allowing for an easier interpretation.

Starting with the comparison of the different approaches, for the LDA approach, we combined all
clusters relating to the same frames (for example, all 17 identified as Economic; see Table A4 in the
Appendix) resulting in one frame, respectively (Jacobi et al., 2016). Subsequently, we compared the
automated annotations of all approaches to the manually coded data (Table 1). Findings show that,
expectedly, SML performs well (see the section on SML in the results chapter II). Recall and Precision
are well within satisfactory levels throughout the different frames. Recall is, on average, slightly lower
than Precision, signaling that the classifier might be a tad conservative and, thus, missing some cases.
Nevertheless, the approach delivers strong results given the latent nature of the concept. In addition,
LDA proves to capture the operationalizations of the Economic and the Political frame as defined in the
process of the manual coding to some degree. While the comparably high mean Precision suggests that
the approach is able to find frames for some cases, the low mean Recall shows that it tends to miss out
on alot of instances. The results of the keyATM approach, then, do not perform well in comparison to
the manually annotated data, indicating that this method picks up different concepts as suggested by
the top words in Appendix Table A6. Both, Recall and Precision are distinctly lower for almost all of
the frames, with some (e.g., Political) showing similar patterns as for LDA, with slightly higher
Precision and very low Recall.

As displayed in Table 1, some of our frames were only coded in very little numbers. Therefore,
performance measures for such frames should be interpreted with caution. Frames with very low
prominence were not included in the SML approach, as explained above.
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Table 1. Comparisons of all approaches with gold standard (recall/precision/F1).

Frame LDA keyATM SML Number of Cases Positive Class
Capacity and Resources 0.21/0.08/0.11 0.06/0.05/0.05 - 118
Constitutionality and Jurisprudence 0.05/0.35/0.09 0.02/0.17/0.04 - 575
Cultural Identity 0.00/0.00/0.00 0.08/0.02/0.03 - 24
Economic 0.35/0.55/0.43  0.10/0.31/0.15  0.80/0.93/0.86 1.322
External Regulation and Reputation 0.08/0.41/0.13 0.03/0.18/0.04 0.69/0.94/0.80 653
Fairness and Equality 0.02/0.50/0.03  0.03/0.09/0.05 - 338
Health and Safety 0.12/0.32/0.18 0.04/0.04/0.04 - 87
Law and Order, Crime and Justice 0.08/0.54/0.14 0.05/0.17/0.07 0.68/0.95/0.80 416
Morality 0.00/0.00/0.00 0.06/0.02/0.03 - 67
Policy Prescription and Evaluation 0.02/0.39/0.03 0.08/0.37/0.13 0.77/0.87/0.82 1.582
Political 0.24/0.64/0.35 0.06/0.44/0.11 0.81/0.86/0.83 1.981
Public Opinion 0.08/0.26/0.13  0.08/0.37/0.13 - 173
Quality of Life 0.02/0.15/0.03 0.02/0.07/0.03 - 272
Security and Defence 0.39/0.19/0.26 0.04/0.07/0.05 - 289

Displayed Scores are Recall/Precision/F1; Scores for SML are the F1 scores for the best-performing classifiers (i.e., MLP), for a detailed
overview of classifier performances please see Table A7 in the Appendix.

Discussion and conclusion

This study sets out to compare different machine-learning approaches to automatically measure
frames regarding the implications for the validity of using one or the other. We established a Gold
Standard based on an extensively tested codebook (Boydstun et al., 2013), providing future research
with a robust stepping stone to continue building a systematic review of different automated
approaches’ validity. We then applied three machine-learning models to detect frames in our corpus,
which, however, clearly differed in terms of at what place in the process deductive control over the
outcomes is exercised. While for the LDA model deductive control only comes into play after patterns
have been detected in terms of matching the outcomes to specified frames, keyATM requires some
deductive control in terms of theoretically justified keywords that are present in the corpus before
pattern extraction and again in output interpretation. Similarly, but much more intensive, deductive
control is required at the onset of the SML model in terms of a fully coded training data set.

Regarding results for each approach individually, LDA as a less supervised approach is better suited
to identify frames such as the Economic frame, represented by very salient, explicit, and very detailed
clusters in the text. However, it needs to be highlighted that this could be specific to our corpus: Since
the topic model cannot distinguish between frames and issues per se, the output of our analyses might
also mirror the high volume of frames in contrast to issues in the media coverage of Austrian European
Union politics. In that sense, many issues in EU politics could have been discussed with an Economic
frame rather than discussing the economy as such. Moreover, researchers have no influence on what to
search for with LDA. Results show that while varying the granularity (i.e., number of k topics) might
increase chances of picking up less prominent frames, the LDA did not find certain frames of interest,
a shortcoming when interested in finding predefined frames. The approach is best suited to explore
corpora without prior expectations or knowledge (and hence no need for deductive control) and
visualize frames as connected concepts within textual data (e.g., Yld-Anttila et al., 2018, also; Sides,
2006). This is arguably more often the case when investigating issue-specific frames for rather novel
topics. Hence, using LDA for frame identification should really only be applied in such cases.

The keyATM can accommodate the same features as LDA but also allows for a deductive analysis
based on predefined keywords that researchers need to select beforehand and that, thus, should fit
explicitly to target frames. Keywords do, however, not necessarily need to come up prominently in
resulting word clusters: keyATM can tell us what words the predefined keywords co-occur with, but
these keywords do not necessarily dominate the frame in question. Accordingly, results show that
frames uncovered by this approach might deviate considerably from other machine-learning methods.
The definition of keywords needs careful consideration. While the top words for the Economy frame,
for example, appeared to reflect the concept well, annotations did not correspond with the manual
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coding. We gained keywords from the literature and expert assessment in accordance with frequent
occurrences within the data but keywords could also be identified in other ways (e.g., keywords from
manually coded material, keyword-in-context analysis, etc.). While we acknowledge that the keyATM
approach did uncover patterns in the data that make sense and were interpretable, we note that these
patterns do not fit well with our gold standard data. In that sense, it seems that our keywords which
were extensively tested and discussed among the authors did not make for good frame markers. So
whereas it seems that keyATM does not work well under the theoretical and empirical conditions we
specified for this study, future research may attempt to understand if keyATM may be suitable under
different theoretical or empirical conditions to identify frames.

Regarding SML, finally, classification approaches using supervised machine learning deliver the
most valid results for automated frame coding. This was to be expected given that SML did also require
the highest degree of input data. In most instances, manual coding relies on a random sampling of
units as no information is available on how frames might be distributed in the data. However, the
overall presence of a frame matters when it comes to manual coding, and subsequently, the application
of SML as a sufficient amount of gold standard data is needed (e.g., Burscher et al., 2014). Our findings
indicate that frames can be measured reliably and validly using SML, but the process can become very
resource-intensive, especially when frames are only marginally present in the manually coded gold
standard data and additional rounds of manual coding with strategies for oversampling are necessary.
SML might not yield valid results with very sparse training data, yet, compared to LDA, oversampling
of rare instances or using artificially augmented data could be capable of dealing with marginally
present frames. LDA will only find what is somewhat salient in the text and rare instances of frames
might only be captured by a very fine granularity.

Overall, thus, SML, as expected, clearly outperforms the other approaches. And while the perfor-
mance for the Economic frame as measured through LDA is surprisingly good, our results support the
criticism expressed by other researchers (e.g., Nicholls and Culpepper, 2021), in that topic modeling
should be only one step in the automated analysis of frames to ensure the validity of the measurement.
In that sense, automated measures in general might be best used in a complementary way to increase
validity (e.g., Guo et al., 2022; Walter & Ophir, 2019) while clearly acknowledging the role of prior
knowledge and from such knowledge in the processes.

While in our study LDA and SML rely on combinations of words (that is feature vectors for
SML and co-occurrences in the case of LDA), both approaches are not bound to specific markers
but “learn” them through the data. It is interesting to note that both work better than the
approach that is in-between in terms of the degree of supervision and deductive control. This is
of course less surprising concerning the SML approach because it relies on most a priori informa-
tion in line with what we were looking for. For LDA, it seems that our approach to framing may
identify frames that are hard to bind to specific markers, that is keywords, in the text. Given that
keyATM does, however, require the specification of such markers from both a theoretical, yet also
empirical perspective, we can infer that a simple specification of a few of such keywords does not
do the trick for the comprehensive identification of frames as studied here. The frames do connect
to specific combinations of words/markers as we see in the more successful application of the LDA
model, but it would be incredibly hard to know these beforehand as required for keyATM. Despite
seeming a useful approach, we, therefore, recommend being very cautious about using keyATM for
frame identification for a conceptualization of frames that speaks to the mainstream of framing
research.

The tension between automation and interpretation (Jiinger et al., 2022) could be further alleviated
by researchers more consciously and explicitly acknowledging the conceptual limitations of the
selected approach. Thus, studies using topic modeling should be more reflective about what they
cannot measure and tone down their ambitions accordingly. A “frame” may, for example, correspond
rather to a sub-issue (Sides, 2006), and thus provide a valuable and insightful contribution to the
discussion, satisfying a less demanding definition of a frame.
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Of course our study has its limitations. First, it must be noted that the reliability of our Gold
Standard data is not ideal. While this is often the case in frames analysis (see, e.g., Matthes & Kohring,
2009, p. 258), given the elusiveness and context sensitivity of the concept, the conclusions drawn from
our research, especially for fully supervised approaches, need to be taken with a grain of salt.
Furthermore, our study is limited in that one specific definition and the codebook was used. As
discussed in our study, the diversity of approaches to framing and the resulting fuzziness of empirical
approaches to measuring frames represents an important hurdle to universal methods of frame
identification. We tried to alleviate this shortcoming by relying on the most prevalent definition of
framing in the field (Entman, 1993) and a codebook that can be used by other researchers with similar
interests (Boydstun et al., 2013) and lends itself for comparisons across contexts. However, future
research should also test our results against other perspectives on news frames, both generic (as for
example, used by Semetko and Valkenburg (2000)) and issue-specific frames (as for example, applied
by Nelson and Oxley (1999) or Cappella and Jamieson (1997)) to allow a more comprehensive
discussion on different approaches to frames and their identification in an automated way.

Moreover, we detail a specific way of applying approaches in this study, while there are many
parameters that could be set differently with potentially different results. This concerns, for example,
preprocessing steps, e.g., lemmatizing or removing stopwords, but also hyperparameters of the model
itself, deleting named entities from the text, and more. For SML, the researcher will usually look for the
algorithm performing best against the Gold Standard. In this respect, it is less clear for LDA or
keyATM when the model output has reached sufficient validity. For LDA, specifically, given that it is
a stochastic approach, rerunning the same code on a different computer may also slightly alter the
results of the topic model again. In addition, we moved beyond the dominant focus on the English
language by analyzing a large corpus of 11 years of German language Austrian EU news; but it would
be crucial to building a thorough basis of information for researchers interested in automated frame
analysis in languages beyond the Western focus.

Last but not least, the field of computational text analysis is a fast-developing one and in that sense,
the selection of approaches in this study is limited in that more recent approaches, such as BERTopic
(Grootendorst, 2022) for topic modeling or other transformer-based approaches, for example, were
not considered. Future research should build on our approach to expand our systematic knowledge of
the comparative performance of the wide array of different approaches to automated frame analysis.

In conclusion, this paper set out to systematically compare different approaches to automated
frame analysis with a special focus on the validity. We discussed machine-learning approaches due to
their increasing popularity, limiting ourselves to three inductive and deductive approaches.
Comparing the results with the manually annotated Gold Standard shows that valid and reliable
results do need resources. But also we need to better acknowledge where and to what degree we
exercise deductive control over our procedures and thus outcomes. Further, in order for social science
to implement automated approaches fruitfully, we will need to develop more accessible ways of using
new technologies for alleviating a “digital divide” (e.g., Guo et al., 2022; Watanabe, 2021). In order to
foster the validity of research in the social sciences, we must also work toward further establishing the
insight that letting the computer do the work does not make our lives easier but requires careful
validation of its output (e.g., Song et al., 2020). In that sense, as also demonstrated in our study, less
input may come at the cost of validity, especially regarding a complex and latent concept like frames.

The variety of automated text analysis applied in the social sciences is expanding fast, which is why
future research needs to provide the necessary guidance for researchers to enable them to implement
approaches in a valid and reliable manner. The analyses detailed here, while limited in their range,
provide a stepping stone; future studies could add to the discussion by, for example, comparing other
approaches based on the same frame codebook (Boydstun et al., 2013). In that way, the social sciences
could establish a reference framework for a more informed and valid implementation of automated
frames analysis.
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