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Abstract
We argue that ‘topics’ of topic models can be used as a useful proxy for frames if (1) 
frames are operationalized as connections between concepts; (2) theme-specific data 
are used; and (3) topics are validated in terms of frame analysis. Demonstrating this, we 
analyse 12 climate change frames used by NGOs, governments and experts in Indian 
and US media, gathered by topic modeling. We contribute methodologically to topic 
modeling in the social sciences and frame analysis of public debates, and empirically to 
research on climate change media debates.
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Introduction
Anthropogenic climate change is the most pressing socioecological issue of our time, yet 
there is little societal consensus on how, even if, it should be addressed (Farrell, 2015, 
2016; Nisbet, 2009). This is, to an extent, due to disagreement on the nature of the 
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problem: it is at the same time environmental, cultural and political (Hulme, 2009; 
Hoffman, 2015; Layzer, 2016). Furthermore, there is significant cross-cultural variation 
in climate change framing (Broadbent et al., 2016; Kukkonen et al., 2018). Different 
framings present the problem in different terms and lead to different means of solving it. 
Struggles over framing often take place in the mass media, one of the most important 
arenas of interaction and communication for governments, non-governmental organiza-
tions (NGOs) and experts, who aim at influencing public opinion and climate policy 
(Boykoff, 2011; Crow and Boykoff, 2014; Hansen, 2010). Understanding climate fram-
ing can help comprehend why common understandings about climate change and its 
mitigation are so elusive (Anderson, 2009; Billett, 2010; Boykoff, 2011; Boykoff and 
Boykoff, 2007; Farrell, 2015, 2016; Nisbet, 2009; Schäfer and Schlichting, 2014; Trumbo 
and Shanahan, 2000). 

A thus far under-utilised method in studying environmental debates is a text mining 
method called topic modeling – specifically, Latent Dirichlet Allocation (LDA) (Blei 
et al., 2003; see, e.g. DiMaggio et al., 2013; Evans, 2014). Computational approaches 
such as this have often emphasized induction, in which patterns are expected to arise 
from the data with as few theoretical preconceptions as possible, while sometimes simul-
taneously making aggressive claims about causality (Babones, 2016). We attempt to rec-
oncile some of these issues with our approach for employing topic modeling in frame 
analysis of climate change debates, a theory-rich field which has been argued to be in 
need of data-mining approaches (Broadbent et al., 2016).

Frame analysis of climate debates could benefit from topic modeling because of cer-
tain theoretical compatibilities. If the definition of a frame is that it ‘links two concepts, 
so that after exposure to this linkage, the intended audience now accepts the concepts’ 
connection’ (Nisbet, 2009: 17), such linkages should be found by a topic modeling algo-
rithm which detects whether terms ‘tend to occur in documents together more frequently 
than one would expect by chance’ (DiMaggio et al., 2013: 578). The continued habitual 
use of particular words together with each other shows that those words have meaning in 
relation to each other, together forming a cluster of terms, which can be interpreted to 
represent the presence of a frame, we argue. Thus, LDA topic modeling should be able 
to assist in discovering frames from texts.1

Our analysis includes media coverage from two countries that are major players in the 
global politics of climate change, India and USA, using one newspaper from each of 
them for three different 6-week time periods around the United Nations Climate Change 
Conferences between 1997 and 2011. The countries were chosen as hypothetically the 
most different cases (Pfetsch and Esser, 2004) in an existing dataset collected for a previ-
ous research project (Ylä-Anttila and Kukkonen, 2014). How do different speaker groups 
frame climate change in the debate, as reported by newspapers in India and USA? For the 
purposes of our analysis, we chose the three most prominent policy actor categories in 
the media debate in both countries: experts, governments and NGOs.2

Our methodological contribution is to provide an answer to the debate on whether 
frames can be operationalized as topics (Bail, 2014; DiMaggio et al., 2013), or, in other 
words, whether topics can be a reasonable proxy for frames. Our answer is a conditional 
‘yes’, only if certain conditions are met. Doing so requires at least: (1) adopting a view 
of framing as connections between concepts (Entman, 1993, Nisbet, 2009); (2) selecting 
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the input text data to be subject-specific rather than containing multiple thematic topics; 
and (3) interpretive validation, for which we suggest practical guidelines. Using other 
more nuanced definitions of frames (such as Goffman, 1974), different qualifications 
would have to be adopted. Furthermore, rather than claiming that topics found by topic 
modeling are frames per se (which would be a strong position), we propose that topics 
can be traces (or proxies) of frames. While this is a weaker claim, it still means topics can 
be useful for frame analysis, as we will argue.3 

In our empirical analysis, we find that economic concerns seem to be primary in the 
climate change debate as portrayed by US media, while burden-sharing and environmen-
tal risks are emphasized in India. This is understandable considering how many US poli-
ticians see climate change mitigation as a threat to their country’s economic 
competitiveness, whereas the concrete environmental risks of climate change are more 
acute in India. Speaker groups also differ in the frames they use to interpret global cli-
mate change. The top frames we found used by NGOs were ‘citizen participation’ and 
‘environmental activism’, the top frames used by experts were ‘climate science’ and 
‘economics of energy production’, and the top frames used by governments were 
‘Chinese emissions’ and ‘negotiations and treaties’. But the actors also converged in 
framing climate change through ‘green growth’ and ‘emission cuts’. Such ‘interpretive 
storylines that can be used to bring diverse audiences together on common ground’ 
(Nisbet, 2009: 22) are desperately needed and may be found using topic modeling.

Framing climate change
Climate change has become a salient and controversial topic in media all over the globe, 
peaking in 2009 in both India (MeCCO, 2019) and USA (Schäfer and Schlichting, 2014). 
Indeed, mass media is an important arena for political debates on climate change, in 
which the cultural understanding of climate change is constantly shaped by political 
actors (Boykoff, 2011; Crow and Boykoff, 2014; Hansen, 2010). Consequently, different 
actors have engaged in very different framings of climate change (Nisbet, 2009). These 
include the frames of ‘economic competitiveness’, in which climate change is either a 
threat to economic growth or, perhaps, a driver of it; ‘morality and ethics’, in which cli-
mate change and its mitigation are matters of right or wrong; and ‘scientific uncertainty’, 
in which debates regard whether something is proven or not (Nisbet, 2009: 18). Different 
framings of the problem lead to different proposed remedies.

In addition to differences between actors, the framing of climate change also varies 
between political contexts in that frames are culturally specific (Anderson, 2009; Trumbo 
and Shanahan, 2000). Accounts of US media coverage are numerous, but there are far 
fewer studies of Indian media coverage. In the US, the media has particularly framed 
climate change through scientific uncertainty and given disproportionate space to cli-
mate sceptics (Boykoff and Boykoff, 2007), partly as a result of the conservative move-
ment systematically disseminating discourses referring to the economic costs of 
mitigation and the uncertainty of climate science (Hoffman, 2011; McCright and Dunlap, 
2003; Oreskes and Conway, 2010), enabled by networks of corporate funding (Farrell, 
2015, 2016). While the frames of science and economy have dominated US media dis-
courses, in India, the coverage has focused on the international dimensions of climate 
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policy. Particularly, the North–South divide is salient in Indian debates, as well as the 
environmental risks global warming poses to India (Billett, 2010; Kukkonen et al., 2018). 
Contrary to the US, climate scepticism does not carry much weight in India.

Few studies have analysed media debates via frames used by different kinds of actors 
(however, see Stoddart et al., 2017; Kukkonen et al., 2020). Some have mainly focused, 
especially in the US, on the role of the conservative movement and the overall contesta-
tion of climate change. Nisbet (2009: 18) notes that ‘trusted sources have framed the 
nature and implications of climate change for Republicans and Democrats in very differ-
ent ways’ in the US, but his focus is on specific actors’ specific claims – such as con-
servative think-tanks’ framing of climate change as scientifically uncertain – rather than 
painting a broader picture of frames used in the debate. Similarly, Farrell’s (2015, 2016) 
computational text analysis approach maps out the policy networks and discourses advo-
cated by climate change denialists, but there is still a lack of more general knowledge on 
variation in framing between speaker groups – particularly whether or not there are 
frames in which actors converge, creating possibilities for common ground (Broadbent 
et al., 2016).

Methods and materials

Topic modeling
Text mining methods such as topic modeling find patterns in large datasets. In culturally 
informed social research, where meaning-making is generally in focus, and close reading 
of texts is a common method, topic modeling can in contrast be seen as a method of 
‘distant reading’ (Moretti, 2013). It reduces the complexity of language to a simplistic 
assumption, namely that certain words often occur together, and these co-occurrences – 
word clusters – carry traces of meaning. By observing patterns and variations in the 
usage of these word clusters, we are able to observe variations in meaning-making habits 
– a facet of culture. This makes topic modeling suitable for discovering patterns in large 
datasets, but it should be complemented with close reading to create nuanced knowledge 
on meaning(s), making social-scientific topic modeling necessarily a mixed-methods 
endeavour, we argue.

We use MALLET’s (Machine Learning for Language Toolkit) (McCallum, 2002) 
implementation of Latent Dirichlet Allocation (LDA) (Blei et al., 2003). It is an unsuper-
vised machine learning method: the researcher gives no input as to how the data should be 
classified. As such, the classifications themselves produced by the software are inductive, 
grounded in data, and based only on co-occurrences of words, rather than on a preset theo-
retical framework. Indeed, the typical relationship between data and theory in data mining 
is similar to that of grounded theory (Glaser and Strauss, 1967), with a strong focus on 
inductive reasoning, it has been argued (Babones, 2016: 457). However, instead of theory-
blind data mining, we argue that theoretical interpretation is just as important in text min-
ing as in ‘ordinary’ qualitative social research. In our approach, the interpretive stage, 
based on subject-specific researcher knowledge, takes place after the primary, inductive 
classification is done by machine. As a result, the workflow resembles an abductive rather 
than an inductive or deductive approach (Timmermans and Tavory, 2012).
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Consider a concise description of LDA: ‘[it] assumes that there are a set of topics in a 
collection (the number is specified in advance) [. . .] Terms that are prominent within a 
topic are those that tend to occur in documents together more frequently than one would 
expect by chance [. . .] each document exhibits those topics with different proportions’ 
(DiMaggio et al., 2013: 577–578). LDA is a probabilistic model, which models the prob-
ability of each topic (word cluster) in each document, and the probability of each word 
in each topic. This is the basis for assigning words into topics, which are essentially prob-
ability distributions over a corpus of words (Blei et al., 2003). In simpler terms, and in 
the case of MALLET, the researcher inputs a dataset consisting of text documents and 
asks the software to return a particular number of topics, say ten. The outputs are: (1) 10 
lists of words that most often occur together in documents; (2) numeric measures for the 
topics in each document, showing how large a share of that document consists of that 
topic; and (3) numeric measures for the documents in each topic, representing how large 
a share of that topic exists in that document. Thus, the typical interpretation of an output 
is: (1) what ‘topics’ is the dataset about; (2) what topic is each document about and to 
what extent; and (3) in which documents is a topic discussed, and to what extent.4

However, the word ‘topic’ in ‘topic modeling’ does not refer to any specific feature 
of the functioning of the algorithm, which ‘knows’ only co-occurrences of objects 
(such as words). Calling them ‘topics’ is an interpretation of what the algorithm’s out-
put can be applied to, and what kinds of research settings can be operationalized as 
clusters formed by co-occurring objects. Finding topics or ‘themes’ in text data is but 
one possible interpretation. When introducing LDA, Blei et al. (2003) originally stated 
that they ‘use the language of text collections throughout the paper, referring to entities 
such as “words”, “documents” and “corpora”’ to ‘guide intuition’ (p. 995), and it has 
been shown that LDA can be used to model other types of data too, such as numerical 
coordinates (Schmidt, 2012). We argue that this caveat has gone largely unnoticed and 
should be acknowledged when thinking about ‘topics’ – this concept has ‘guided intui-
tion’ too much. Even in the case of text data, thematic ‘topics’ are only one thing LDA 
can be used to model.

From topics to frames
We argue that when modeling texts we already know to be about a particular topic (cli-
mate change), LDA outputs are best interpreted as traces of different ways of discussing 
a topic – that is, frames. If all text is about climate change, the word co-occurrence pat-
terns that emerge from it should represent patterns of using certain words to talk about 
climate change. Such word use patterns can plausibly be interpreted as an approximation 
of framing patterns. Most applications of topic modeling emphasize validating the out-
puts (Evans, 2014; DiMaggio et al., 2013; Grimmer and Stewart, 2013), that is, checking 
that the word clusters actually represent what we think they do. If our interest lies in 
frames rather than topics, both internal and external validation should take into account 
what we already know about frames.

First of all, internally, word clusters must be identifiable as operationalized frames, 
or ‘schemata of interpretation’ (Goffman, 1974: 21). Thus, a frame ‘allows its user to 
locate, perceive, identify and label’ (Goffman, 1974: 21) events. After Goffman’s 
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original work, which focused on framing in micro-level face-to-face interaction, the 
literature on framing has expanded in various directions, and there are now several 
paradigms of framing used in multiple disciplines. We follow Entman’s (1993) simpli-
fied conception of framing:

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. 
(Entman, 1993: 52, emphasis in original)

Frames, thus, ‘define problems’, ‘diagnose causes’, ‘make moral judgments’ and ‘sug-
gest remedies’ and take place in a ‘communication process’ (Entman, 1993: 52). It is 
imperative to note that ‘frames as general organizing devices should not be confused 
with specific policy positions; any frame can include pro, anti and neutral arguments’ 
(Nisbet, 2009: 18) – indeed, detecting policy positions in texts would require a wholly 
different approach than presented here. A frame, in this definition, simply ‘links two 
concepts, so that after exposure to this linkage, the intended audience now accepts the 
concepts’ connection’ (Nisbet, 2009: 17). Framing ‘endows certain dimensions of the 
complex issue with greater apparent relevance’ (Nisbet, 2009: 16–17). While the theo-
retical basis of framing is in Goffman’s (1974) work, this more streamlined definition is 
better suited for identifying signs of frames in text, since what we observe is linkages 
between terms, shown by patterns of co-occurrence.

Secondly, externally, the frames found should somewhat correspond to previously 
identified frames in similar data to ensure validity, but there must also be room for dis-
covery in order for topic modeling to be valuable. After all, exploration, finding previ-
ously unidentified patterns, is one of the primary reasons for using topic modeling rather 
than just qualitative reading. This means that the outputs of the model are not very plau-
sible if they directly contradict previous studies carried out using other methodologies. 
In contrast, findings which somewhat correspond to previous ones are a good indicator 
that the basic research strategy works and lend credence to new and potentially surpris-
ing insights gained from the same model. This is why we selected a case about which 
there is already a body of empirical research, framing climate change in media discus-
sions (Anderson, 2009; Billett, 2010; Boykoff, 2011; Boykoff and Boykoff, 2007; 
Broadbent et al., 2016; Farrell, 2015, 2016; Nisbet, 2009, Schäfer and Schlichting, 2014; 
Trumbo and Shanahan, 2000). Thus, we can assess the validity of the model and pursue 
novel findings. In other words, if results mostly correspond to previously identified 
framings of climate change, including at least ‘economic competitiveness’, ‘morality 
and ethics’ and ‘scientific uncertainty’ (Nisbet, 2009: 18), the model gains credibility. We 
indeed find these, but in more nuanced forms.

Newspaper materials
The data we use consists of all articles mentioning ‘climate change’ or ‘global warm-
ing’ in The New York Times (NYT, USA) and The Hindu (India) for the time spans 
explained below. While these newspapers are by no means fully representative of 
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national public spheres, both are widely considered relatively liberal, mainstream 
newspapers, and both have wide circulations within their respective countries.5 As 
with all research studying public debates using media data, editorial policies, the 
national media environment and other factors affect what is published. Nevertheless, 
the media are one of the primary arenas for public debate, in which actors engage in 
framing to further their political positions, and through which citizens receive informa-
tion to understand society around them. Even if the media are biased, it is this biased 
communication on which public debate is largely based. Thus, studying framing in 
media debates on climate change is important in itself: it matters for formation of pub-
lic opinion and possibilities of climate change mitigation (see, e.g. Anderson, 2009; 
Billett, 2010; Boykoff, 2011; Boykoff and Boykoff, 2007; Nisbet, 2009; Schäfer and 
Schlichting, 2014; Trumbo and Shanahan, 2000).

Data was collected around three international climate meetings: Kyoto (1997), 
Copenhagen (2009) and Durban (2011), 3 weeks before and after each meeting. 
Altogether, 677 articles were included in the data, shown in Table 1. While the NYT arti-
cles are fewer in number, they are longer, which balances the data: both newspapers 
published a similar number of claims on climate change.

Pre-processing texts
For purposes of previous research, political claims were already marked in the text data, 
and the speaker category (expert, government or NGO) for each claim was coded 
(Koopmans and Statham, 1999). A claim is:

[A] unit of action in the public sphere. A claim can be a comment in an interview or a public 
speech, a demonstration or other action whose purpose is to influence public debate. One 
newspaper article may, therefore, contain several claims by several actors. (Ylä-Anttila and 
Kukkonen, 2014)

The speaker category was identified not only for direct quotes but also for claims para-
phrased by reporters. As an example, the following excerpt from The Hindu was catego-
rized as a government speaker:

The developed countries must step up to the plate to come true on their existing commitments 
to fight climate change, said Jayanthi Natarajan, Indian Environment Minister.

Table 1. Newspapers used to collect data.

Articles Claims

The New York Times  94 353
The Hindu 583 383
Total (words) 677 (416,822) 736 (103,589)
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Out of the categories studied, ‘government’ includes officials speaking for governments 
active in the negotiations, multiple governments giving joint statements and inter-gov-
ernmental organizations. Since the data consists of reports about climate change con-
ventions, the role of governments was central. The data included 353 claims by 
government speakers. The speaker was identified as an ‘expert’ if she presented herself 
with scientific credentials, as coming from scientific institutions, or in other ways 
clearly positioned as an issue authority. We included 251 claims by expert speakers. 
‘Non-governmental organizations’ were the third speaker group included in the analy-
sis. These included civil society actors such as environmental organizations. The data 
included 132 claims by NGOs.

We only input the previously identified political claims in the model, not the whole 
text of the newspaper articles, to further specify the data to be about the climate change 
debate, not just descriptive text on climate change. This was possible because of previous 
hand-selection, but if no such material is available, other methods should be used to 
ensure the text data is about a particular topic if one is interested in framing: for example, 
Levy and Franklin (2013) used comments on regulation of the trucking industry, contain-
ing justifications for opinions, which was their object of interest.

The claims were contained in text files named by speaker category, country and an ID. 
The files were then ‘tokenised’: stripped of all punctuation and empty lines and pro-
cessed into files that contain one instance of a word (a ‘token’) per line, using simple 
Python scripts. The tokens were stemmed using the Snowball stemmer in the Python 
Natural Language Toolkit (Bird and Loper, 2016) to collapse inflected word forms into a 
single word, for example, ‘changing’, ‘changed’ and ‘changes’ were all converted into 
‘chang’, to count them as the same word. MALLET’s standard stopword list was used. 
We follow Maier et al.’s (2018) guidelines for pre-processing, except for relative prun-
ing, due to the relatively small dataset.

Validation
Interpretation and validation of topics has been identified as a crucial point in using topic 
modeling for analysis of societal phenomena (DiMaggio et al., 2013; Evans, 2014; 
Grimmer and Stewart, 2013). Since we argue that word clusters output by LDA can be 
interpreted as traces of frames, we use a three-fold process for ‘frame validation’, pre-
sented in Figure 1. The first stage looks at the whole model on the surface, the second 
inspects the top words of each topic for internal validity (identifying represented frames) 
and the third inspects the source data itself by looking at the top documents of each topic 
for external validity (correspondence to identified frame).

With LDA, the only input given by the researcher in addition to the data itself is the 
number of topics. The selection of topic count affects the fit of the model (Evans, 2014: 
2), thus, that selection is the first stage (Figure 1) of validating the model. Too many 
topics result in topics that are too specific, while too few topics results in topics that mix 
several frames in one. We tested models of 10, 20, 30, 40, 50, 60, 70, 80, 90 and 100 
topics, and each output was examined in terms of the top ten words of each topic, to 
look for word clusters signifying framings of climate change. We ended up with a model 
of 30 topics, which produced topics that are not too specific and not too general or 
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Figure 1. Frame validation process.
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‘mixed’. In this first stage, it is better to use too many rather than too few topics, since 
irrelevant topics will be discarded in the next stages. Useful quantitative measures for 
model reliability and interpretability have also been proposed recently (see Maier et al., 
2018). 

In the second stage (Figure 1), we used the top ten words of each topic to qualita-
tively inspect and discard topics that did not represent internally valid frames, which 
link climate change to a coherent set of other concepts (Nisbet, 2009). The rationale 
behind ‘top words’ is that topic models are mixed-membership models: each word can 
be part of multiple topics but with different probability weights. MALLET outputs a 
word frequency for words in each topic: the most commonly occurring words matter 
most in creating the topic, while the rest form a ‘long tail’ of words that are not nearly 
as significant. Domain-specific research knowledge is important here – as well as 
familiarity with the data at hand – to make qualitative validation possible. We dis-
carded 13 topics and kept 17, for which we gave a tentative, descriptive frame name 
(also see Maier et al., 2018). An example of a discarded topic in which we did not find 
internal coherence is ‘concern’, ‘clear’, ‘don’t’, ‘give’, ‘document’, ‘tax’, ‘accept’, 
‘base’, ‘thing’, ‘main’, while  an example of a topic deemed coherent is ‘warm’, 
‘global’, ‘scientist’, ‘research’, ‘univers(e/al)’, ‘atmospher(e)’, ‘caus(e)’, ‘stud(y/ies)’, 
‘effect’ and ‘release’ – this was interpreted as a representation of the ‘climate science’ 
frame in the model.

In the third stage (Figure 1), we read the top ten documents in the 17 topics that passed 
the previous stage to check whether the tentative description fit (also see Maier et al., 
2018). Again, using a mixed-membership model like LDA, documents belong to multi-
ple topics but with different weights. This means some of the top documents in the dif-
ferent topics are the same; this is a natural reflection of the fact that a document may 
contain multiple frames. If the preliminary description fit at least eight of the top ten 
documents, we kept it. In many cases, the descriptions fit after slight rewording – reading 
the documents gave a clearer picture of the frame than could be discerned from just the 
top words. At this stage, we discarded five of the 17 topics on the basis of them not cor-
responding to a possible frame in the climate debate. Thus, we ended up with 12 ‘topics’ 
that we considered to be representations of climate change frames, and will refer to as 
‘frames’ from now on for the purposes of qualitative analysis. This final set of frames, 
the top words of which are presented in Table 2, was derived from the data algorithmi-
cally, but validated qualitatively, and will next be interpreted qualitatively.

Comparisons
Since MALLET outputs a list of documents for each topic, along with the frequency of 
words in each document that were assigned to that topic, we can inspect which portion 
of the top documents in each frame originated from which speaker group and which 
country. As an example, Table 3 presents the top document list for the ‘green growth’ 
frame and the number of words in each document that were assigned to this frame by 
the model. The table only includes documents with 22 or more words assigned to this 
frame; about 500 documents with less than 22 assigned words are omitted from the 
table. By comparing the amounts of each speaker group and country in the list of top 
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documents, we can see which speaker groups and which country most contributed to 
this frame.

Table 2. Climate change frames and their top ten words in The New York Times and The Hindu.

Green growth Emission cuts Negotiations and treaties Environmental risk

Energi Emiss Nation Indian
Fund Cut Unit Sea
Billion Greenhous State Water
State Industri Treati Increas
Public Gas Commit Forest
Clean Gase Economi Today
Invest Call Major Ocean
Renew System Respons Region
Creat Adopt American Risk
Govern Declar Recent Rate

Cost of carbon 
emissions

Chinese 
emissions

Economics of energy 
production

Climate science

Carbon China Econom Warm
Emiss Target Technolog Global
Reduc Reduct Cost Scientist
Dioxid Chines Compani Research
Pollut Growth Energi Univers
Trade Intens Fuel Atmospher
Cap Current Power Caus
Coal Reduc Money Studi
Power Plan Price Effect
Product Oblig Mani Releas

Environmental 
activism

North–South 
burden sharing

State leaders negotiating Citizen 
participation

Peopl Countri Meet Part
Govern Develop Minist Make
Environ Talk Confer Citi
Environment Commit Mr Organis
Protect Provid Day Green
Campaign Financ Prime Member
Tree Demand Singh Differ
Speak Adapt Thursday Number
Everi Ensur Announc Initi
Human Warsaw Attend Greenpeac
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Results
In this section, we qualitatively interpret the 12 frames, the distribution of speakers in the 
top documents of each frame, and the distribution of US and Indian claims, shown in 
Figures 2 and 3.

We treat the topics in the model as representing frames in which connections are cre-
ated between different words: they are communicatively represented constructions 
about which words have to do with climate change. The other words are thus consid-
ered, by the speakers, in some way meaningful to climate change. This means that, for 
example, the ‘emission cuts’ frame contains both statements asserting that emission cuts 
are necessary and statements asserting they are not – however, they still frame climate 
change in terms of emission cuts, that is, they posit that emission cuts are relevant with 
regard to climate change. This is consistent with Entman’s (1993) and Nisbet’s (2009) 
definition of frames.6 In the quotes below, occurrences of top ten words of the frame are 
italicised.

First of all, the ‘green growth frame’ is represented by words such as fund, billion, 
invest, clean and renew. The claims using this frame refer to sustaining the environment 
and economic growth simultaneously – by investing in clean energy, for instance – and 
it is the most uniting frame for speaker groups, as can be seen in Figure 2, providing 
some hope for common ground in the debate. In the quote below, low-carbon invest-
ments are presented as economically viable:

Using our national development finance institution and export credit agency, we have 
channelled hundreds of millions of dollars to strengthen India’s ability to build technical 
capacity, reduce financial risk, and lower the cost of capital for low-carbon investments. 
(india-gov247)

With words like emission, cut and greenhouse (gas/effect), ‘emission cuts’ was another 
fairly unifying frame for all speaker groups, considering Figure 2. All speaker groups 

Table 3. Top documents in the ‘green growth’ frame.

Document name Words in document assigned to ‘green growth’ frame

India-gov247 110
India-gov236 64
USA-exp79 48
India-gov46 39
USA-exp132 39
India-gov65 38
USA-ngo84 30
USA-exp63 29
India-exp152 25
USA-exp116 25
USA-exp114 25
India-gov84 22
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Figure 2. Percentages of frames used by each speaker group – the sum of all ‘expert’ bars is 
100 per cent, with standard deviation.




















