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Abstract 

Sentiment analysis is a data mining approach used especially to make sense of the ever-

increasing volumes of online media in order to figure out what people think of products, 

services or issues. Applications to journalism as a form of public debate on wider 

political issues have been in the minority. 

This thesis took a form of a literature review to investigate sentiment analysis as an 

approach that could be used to extend and enhance existing media research methods, 

particularly that of framing, which concerns the viewpoints that get into the media 

frame and thus to the public eye. Online news of climate change were used as a topical 

focus of this treatment. 

The thesis covered the recent relevant sentiment analysis research to outline the 

developments, possibilities and challenges of using sentiment analysis to extend 

framing research. The results of the study indicated that from a journalistic point of 

view, sentiment analysis research is developing to a good direction, to approaches 

where the value of domain and topic specific methodologies are increasingly 

emphasized in addition to more general classification into good-bad or positive-

negative. 

The value of combining sentiment analysis and journalistic framing research could be in 

making better sense of public debate and shaping of public opinion in important, 

complex issues such as climate change. 
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1. Introduction 

Climate change is one of the major global topics of recent years. Global warming is a 

widely – although not quite unanimously – accepted fact that dictates much of the 

agenda of international politics and policy today. However, even such a hot topic has to 

find its space in the public sphere, also populated by other major political, societal and 

cultural issues, as well as various kinds of other media content, such as sports, drama 

and gossip. 

In addition, due to the complexity of climate change has made it a difficult topic to 

cover in public discourse, such as in news texts. On one hand, this might be a 

shortcoming of journalism but it might also be about major information producers such 

as The Intergovernmental Panel on Climate Change (IPCC) not being able to 

communicate their information in the best possible way (see Barkemeyer, Dessai, 

Monge-Sanz, Renzi, & Napolitano, 2015, p. 2). 

The power of national and international media is realized in the process known as 

agenda-setting. This agenda-setting function refers to a process where media influences 

the public debate and public opinion by giving prevalence to certain topics at the 

expense of others. The media effect here is not about shaping the public opinion per se, 

but about defining the repertoire of issues that the public has an opinion about in the 

first place (McCombs & Shaw, 1972, p. 177). Climate change debate has to battle over 

the same somewhat limited space that the public can devote to following mediated or 

other issues in their lives. 

Closely related to the agenda-setting effect of media is the effect of framing. Framing, 

in its well-known definition posits that “[t]o 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, p. 52). If 

agenda-setting is about establishing a multitude of topics competing for attention in the 

public sphere, framing asks how these different topics are “framed” or represented in 

mediated communication. 

A real challenge, also a research challenge, in modern media is the abundance of 

constantly updating information that is available to the public or any member of that 

public at any time. The uses of media in this environment can also become highly 

idiosyncratic, consisting of so-called traditional media and different social media 

platforms or forums. In media research we have seen a growing interest in these 

individual interpretations and uses of media in everyday life in recent decades (Jensen, 

2002, pp. 160-164). Focusing on media institutions or texts made sense when media 

output was more manageable from an individual point of view. But with the advent of 

networked communication and digital media the output of media has become so 

abundant that it becomes increasingly important to focus on how various media are 

used. 

However, if we are to accept the premise that journalism and modern media still take 

part in the democratic process and shaping of the public opinion, we also need to ask 
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how the messages are delivered. If we want to investigate the point of view offered by 

mainstream media, we need to ask how different issues are framed. 

In the research focusing on frames and their role in shaping the public opinion –

especially in current media environment characterized by abundance – techniques of 

data mining and knowledge discovery will prove useful. Data mining refers to the 

computational processes of creating knowledge out of large amounts of data (Han & 

Kamber, 2001, p. 5). More specifically, data mining is part of a broader process called 

knowledge discovery in databases (Elmasri and Navathe 2011, p. 1036). This process 

includes steps starting from selection, cleaning, enriching and transforming or encoding 

of data before getting to the actual data mining phase. The process also includes 

reporting and display of knowledge acquired. 

Similar – albite more manual – steps are also taken in media research focusing on 

identifying frames in media texts. Utilizing the computational methods can automate or 

semi-automate a lot of the work that constitutes a large part of framing research. These 

tools will not automate the whole analytical process, but once refined for the purpose at 

hand, can multiply the number of units of analysis and thus enable us to come up with 

richer description of frames in mediated communication. 

Framing can thus be extended by the use of data mining, especially with a data mining 

technique called sentiment analysis (or opinion mining) that focuses on texts and 

sentiments encoded in those texts. Sentiment analysis bears a similarity to concepts of 

agenda-setting and framing in that it does not make any claims that these sentiments 

automatically “become” public opinion in some straightforward fashion. Sentiments are 

a feature of a text, as are frames. It is about mapping the textual space that we inhabit, 

consume and contribute to in our day-to-day lives. And although the relationship 

between the textual space and public opinion is not straightforward, it is not arbitrary or 

random either since our view of much of the world and its processes is increasingly 

mediated (Seppänen & Väliverronen, 2012, p. 41-43). 

The research question here is how sentiment analysis approach can extend frame 

analysis to better make sense of the mediated reality around us, particularly when 

climate change issues are covered in journalistic news articles. This thesis takes an 

approach of a literature review mapping out the different possibilities that current 

computational sentiment analysis techniques provide, also looking at the different 

methodologies and their development within sentiment analysis. 

There is an especially interesting and wider challenge behind this thesis and it has to do 

with how we could identify the ways in which media constructs frames on climate 

change debate. Climate change is a massive change affecting people globally and 

locally, and the way the issue is mediated to us has an impact on how we perceive 

climate change, its effects on our lives and our – and our policymakers’ – potential on 

acting on it. Computational analysis techniques can increase the number of units of 

analysis of media texts researched in a significant way. Ideally, we could detach the 

scope of research from case analysis, or analysis of single or handful of media outlets 

and approach to the point of abstraction of the public sphere, its agenda and dynamics 

of that agenda. This is a real possibility for making sense of global, complex issues such 

as climate change. 

Sentiment analysis, however, is not a magic bullet technique in any way. It does enable 

processing of large amounts of data, but large amounts of data bring about some major 

challenges, such as variety of formats and standards or complications of natural 
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languages. Also, although the methods of sentiment analysis can get quite complex, still 

the outcome of the analysis usually boils down to simple categories, such as positive or 

negative, good or bad news or a continuum between polar opposites. This thesis also 

gives an outline of these challenges and what needs to be taken care of if large scale 

climate change sentiment analysis is to be carried out. 

Analysing climate change news by means of sentiment analysis is a topic that is not as 

such covered much in current research. However, there has been quite a bit of interest in 

sentiment analysis of online news (not climate change issues) and sentiment analysis of 

climate change opinions online (not necessarily in news). This earlier research gives 

plenty to work with in this thesis.   

This literature review progresses by first defining sentiment analysis as part of data 

mining and outlines some of its uses and applications and recent methodological 

developments (chapter 2). Then it goes into trying to answer the question of extending 

frame analysis by looking at research with similar intents (chapter 3). After that some 

opportunities and challenges are discussed (chapter 4). And the conclusion will both 

summarize and try to describe a way forward (chapter 5). 
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2. Sentiment analysis as a data mining technique 

2.1 Data mining framework 
 

In a very concise way, Liu and Zhang (2013, p. 415) describe that “[s]entiment analysis 

or opinion mining is the computational study of people’s opinions, appraisals, attitudes, 

and emotions toward entities, individuals, issues, events, topics and their attributes. The 

task is technically challenging and practically very useful.” This very clearly captures 

both methodology and purpose of sentiment analysis: we want to make sense of 

opinions and subjective communication, utilize complex computational tools in doing 

so, and do it for practical purposes. Also, opinion mining implies that there is a “source” 

expressing these opinions and some “target” on which the opinions are targeted 

(Balahur et al., 2009, p. 523). For example, in the sentiment analysis of climate change 

news, online news are the source and the issue of climate change is the target. 

Although similar in their purpose, sentiment analysis – or opinion mining - can be 

distinguished from the wider field of data mining, either as a sub-category of data 

mining or an approach with such distinct tools, concepts and processes that it would be 

better to view it as a separate field. 

Data mining generally refers to a crucial step in the process of extracting knowledge 

from databases (Han & Kamber, 2001, pp. 5-7). Since the data stored in databases has 

traditionally been highly structured, the process of data mining tends to default to 

processing structured data. However, this does not need to be the case since databases – 

especially modern NoSQL-type databases powering many widely deployed web 

services – can also contain textual or multimedia data that does not adhere to the strict 

norms of numerical or other structured data. If we view opinion mining as a sub-

category of data mining, the key difference here is the unstructured nature of the data 

being mined. 

In addition to the separation of structured and unstructured data, it is also useful to 

distinguish the type of data known as semi-structured, that is the kind of data that has 

some – maybe loose - internal structure giving implications on how the data fits into a 

larger whole. Although there is no clear and universal definition of what semi-structured 

means, for example Han and Kamber (2001, p. 19) view HTML web pages as semi-

structured whereas Elmasri and Navathe (2011, p. 418) place web pages on the 

unstructred bin, for practical purposes such distinction is quite useful. In analyzing 

online news such semi-structured data could for example refer to tags and keywords that 

online news use to link news stories to similar content. Similar meaningful structures 

are also brought to web pages with the adoption of HTML5 and the more meaningful 

tags that it brought to the markup language, such as separating navigational elements 

from headers and footers and text bodies. 

The benefit of anchoring sentiment analysis and opinion mining to the discipline of data 

mining is that the whole process of knowledge discovery ranging from manipulating 

raw data through various cleaning, integration and transformation steps into meaningful 

patterns and knowledge (see Han & Kamber 2001, pp. 5-7) can be utilized and further 

developed within that same discipline. It could even be argued that sentiment analysis – 
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once the data is extracted and stored in a database or data warehouse – turns into a more 

general data mining process. 

However, since the challenge of dealing with unstructured data brings about the need to 

apply other specialty points of view such as lexical, morphological and syntactical 

knowledge – and also language specific knowledge – to that information, sentiment 

analysis quickly becomes a field with distinct challenges. These challenges include 

special steps in preprocessing, such as removing stopwords (such as “the”, “an”, “that”, 

“at” or “by”), stemming (removing prefixes and suffixes from words) or vocabulary 

classification, as well as distinct ways of retrieving textual information through for 

example phrase or proximity queries (Elmasri and Navathe 2011, pp. 1008-1011). 

There are related and overlapping fields dealing with same kinds of data and that have 

got similar purposes and challenges. Natural language processing (NLP) refers to a field 

focusing on computational processing of human language (Hirschberg & Manning, 

2015, p. 264). Compared to sentiment analysis, NLP is a broader field including topics 

such as speech synthesis and translation engines, but sentiment analysis can also be seen 

as one part of NLP research. 

The field of text mining refers to computational processes used to extract knowledge out 

of textual data (see f. ex. Gupta & Lehal, 2009, p. 60). Text mining can also be seen as a 

parent concept to sentiment analysis, where sentiment analysis is one of the subfields of 

text analysis. 

The methodologies of sentiment analysis are constantly developing and becoming more 

nuanced. The simplest forms of sentiment analysis, such as determining the polarity – 

positive or negative – of a text could be accomplished by scanning for presence or 

frequency of certain words in the text (Cambria, Schuller, Xia, & Havasi, 2013, pp. 16-

17). In a similar vein, one could use a predefined lexicon that attaches words to 

sentiments and then do a simple count of words to calculate the total sentiment. 

Sentiment analysis is increasingly using methods of machine learning. Machine learning 

is also a field of its own and has various applications. Machine learning refers to types 

of computational analysis where not everything is pre-coded into the analytical system 

but instead the system can adapt to new data based on processing of previous data 

(Hurwitz & Kirsch, 2018, p. 4). 

Machine learning strategies applied in sentiment analysis fall into categories of 

supervised and unsupervised learning. Supervised learning is based on previously 

labeled data that is used to make sense of new data, and unsupervised learning is 

applied when such labeled data does not exist, and computer needs to cluster and 

classify data based on algorithms and the analyzable data itself (ibid, pp. 14-15). In the 

context of news, an application of supervised learning would be to first manually code 

news articles with certain features, such as use of certain predefined words, and give 

them labels based on those features and then let the computer process the larger datasets 

autonomously. And an application of unsupervised learning would be to program the 

computer to look, for example, into any words occurring in the proximity of each other 

or any nouns, verbs and adjectives occurring in similar positions of the text. 

Unsupervised learning is often used when the amount of data is very large and when it 

is hard to make predictions, but the aim can be to do such unsupervised process to turn 

it later on into a supervised process. 
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In this thesis, the focus is on special features and needs of dealing with unstructured and 

semi-structured data of online news. It is useful to keep in mind the larger framework of 

data mining processes and related fields and distinct methodologies, but analysis of 

online news has many special challenges better approached from the sentiment analysis 

and opinion mining point of view. 

 

2.2 Sentiment analysis use and applications 

 
As mentioned earlier, sentiment analysis refers to computational processes of extracting 

opinions or opinion patterns from textual data. This area of research has grown as the 

availability of such data especially in the web has increased (Pang & Lee, 2008, pp. 1-

7). The focus of sentiment analysis has typically been on making sense of opinions and 

subjective information in texts, especially user-generated content, for example online 

reviews, blogs and texts on other social media platforms like Twitter. Due to the recent 

issues in international politics, such as using Facebook user data to aid political 

campaigning in US elections and Brexit movement in the UK, the public interest can be 

seen somewhat shifted from commercial uses of sentiment analysis into political and 

societal uses (on current debate, see e.g. Fox-Brewster, 2018). 

Conceptually, sentiment analysis is interested in opinions, sentiments and subjective 

points of view as they are manifested in texts. As Pang and Lee (2008, pp. 8-10) note in 

their more comprehensive review of these concepts, other synonyms could also be used 

(such as view, belief or conviction) each with history and connotations of their own. For 

some, sentiment analysis and opinion mining refer to different purposes where the 

former is focused on detecting emotion and the latter on polarity of opinions (Cambria, 

Schuller, Xia, & Havasi, 2013, 15). Yet, as Cambria et al. note, methodologically they 

parallel each other and can thus often be used as synonyms. For Pang and Lee (2008, p. 

10) there is no difference. This is also the approach in this literature review. It will use 

the terms sentiment analysis and opinion mining interchangeably. 

However, analysis of subjectivity in texts is not as clearly defined and can bring about 

unnecessary connotations of objectivity-subjectivity-debate so that is best avoided when 

possible. Also, when analyzing journalistic news articles, subjectivity of the article’s 

author might be an entirely different – or in some cases even irrelevant – issue 

compared to the sentiment of the news article (see Pang & Lee, 2008, p. 26). To 

illustrate, a news story covering research showing escalating climate change effects 

might be classified as bad news, but there are no meaningful inferences to be made on 

the subjective position of the journalist who wrote the news. Although investigations 

into subjectivity or bias of journalists are interesting, this requires a different kind of 

treatment of the text. This fundamental problem of analyzing news articles is covered in 

more detail in section 4.2. 

Sentiment analysis has found numerous practical applications in making sense of online 

reviews of products or ideas, as a subcomponent in building recommendation engines, 

recognizing antagonistic attitudes or position advertisements, or in business and 

governmental intelligence (Pang & Lee, 2008, pp. 11-15, also Karlgren, Sahlgren, 

Olsson,  Espinoza & Hamfors, 2012, pp. 2-4). In addition, Pang and Lee note that 

interesting applications can also be found in politics, policy-making, analyzing legal 

blogs and in investigating societal phenomena. As noted earlier, the use of sentiment 

analysis in manipulating public opinion in US, UK and elsewhere has brought about 
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serious ethical and moral considerations on the table not previously prominent (although 

privacy issues are briefly touched upon in Pang & Lee, 2008, p. 89). 

If we use sentiment analysis to refer specifically to the computationally aided processes 

of finding patterns in sentiments and opinions – and perceive the earlier non-

computational textual analysis methods of media analysis as a separate art – it can be 

said that the field of sentiment analysis is relatively new. It is also constantly growing as 

the information networks around us grow and become richer resources to mine, and as 

computational tools and theories powering their use evolve. This excitement and 

novelty are also reflected in the evolving research on these issues in recent years, that 

employ different approaches to sentiment analysis. It could be said that the research is 

still more about exploring these approaches and finding out what works than actually 

contributing to the relevant fields in media studies or social sciences. 

This exploration seems to progress on two somewhat related strands. The first is based 

on predefined lexicons (such as WordNet or SentiWordNet) on which sentiment value 

is attached to, and these lexicons provide the basis for analysis which can in principle be 

fully automated. The second is utilizing machine learning strategies to provide a 

framework for more detailed data or text analysis. Both approaches can get quite 

complex, especially because sentiment values can be highly affected by the topic and 

domain of the text (Pang & Lee, 2008, pp. 40-44). And these two strands are also likely 

to be related in some way, since analysis always needs some form of structure or 

labeling to work with, be it a complete lexicon, a subset of such a lexicon or perhaps 

human-coded domain dependent training sets. 

English language is at the moment the lingua franca of sentiment analysis. Although 

there are options, and even some interesting developments to create language agnostic 

sentiment analysis tools (e.g. Rao, Lei, Wenyin, Li, & Chen, 2014), the available tools 

and analysis targets focus very heavily on English. From the climate change perspective 

this is of course a serious limitation, since most of the highly relevant discourse on 

practice and policy will be on national level and on languages other than English. 

Therefore, all developments into creating multilingual lexicons and language agnostic 

machine learning tools would be extremely important when making sense of climate 

change discourse. 

Cambria et al. outline some of the directions into which sentiment analysis is 

progressing. First, in rough terms, the analysis is moving from using predefined 

sentiment lexicons into taking into account discourse structure. Here the position of 

terms or sentences in relation to the analyzed text unit has significance. This type of 

analysis creates a more nuanced description of the sentiment as it unfolds linearly in 

text. (Cambria et al., 2013, 16-19.) For example, in reviews most important sentences 

are likely to be found in the beginning (for extracting topic information) and in the end 

(for extracting sentiment information) (Pang & Lee, 2008, pp. 52-53). 

Second, the analysis is progressing “From Coarse- to Fine-Grained”. This means, for 

example, moving from document-level sentiments into smaller segments and their 

content. Third, there is a move away from simple and straightforward keyword spotting, 

through various probability and statistical models to focusing on concepts. These 

models use advanced semantic knowledge to spot more subtle sentiments in texts. 

(Cambria et al., 2013, pp. 16-19.) 

And fourth, a bit separate from the previous three that focus on better analyzing written 

texts, there is a development of better tools to analyze sentiments in multimedia content, 
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that does not necessarily include any textual information. These tools need to make 

sense of ever growing audio and audiovisual data on the web. (ibid.) 

Although the methods are getting more advanced and detailed, still the purpose of 

sentiment analysis has not changed that much. It is still about producing relatively 

simple binary or continuum values between positive and negative sentiments, or in case 

of news, about positive or negative news. This task is also more difficult than might 

initially seem, since natural language is full of tricks for the computational analyst. For 

example, dealing with negated expressions, irony and satire can be very hard and even 

yield completely opposite sentiment classification from intended. Also, language use is 

very context-sensitive and domain dependent (Pang & Lee, 2008, p. 21), so apart from 

simple word frequency or term presence calculations tools need to be adjusted to the 

task at hand. 
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3. Integrating framing analysis and sentiment 
analysis 

Even though there has been substantial amount of work on news frames in traditional 

media research before and after Robert Entman’s (1993) seminal work highlighting the 

importance of framing in media research, and even though media effects research has 

played a major role in all of mass media research history, there has been very little 

attention to the way in which online news contribute in mass scale to shaping public 

debate through frame construction (see also Cheeks, Stepien, Wald, & Gaffar, 2016, p. 

46). 

Examining sentiment analysis research reveals that the use of sentiment analysis has 

been leaning towards texts with distinct opinions in them, commercial applications of 

data, and public data. This is quite understandable, since it is easier to analyze opinions 

if the source texts clearly include opinions, in the way that movie or product reviews do. 

Also, commercial value motivates interest groups on the business side and it is easier to 

acquire data if it is publicly available.  

However, analyzing online news on climate change issues does not fit into that focus: 

journalistic news are at the outset not subjective and are not based on opinions of the 

writer, on the contrary, news articles strive to be objective. Also, journalism as business 

does not benefit from high level news analysis in a straightforward fashion, and while 

there is plenty of online news publicly available, paywalls and online-versions of print 

journalism don’t necessarily match. 

These are all real and practical matters that the evolving – or emerging – sentiment 

analysis research has to grapple with. As the shaping of public opinion is being 

influenced more and more by the growing online media, and major global issues, such 

as climate change are starting to manifest in people’s day to day lives, it is evident that 

there is need to tackle these challenges and develop new interdisciplinary approaches to 

research these issues. 

 

3.1 Identifying general frames in media texts 

 
In their novel approach to bridging framing research and computer science, Cheeks, 

Stepien, Wald and Gaffar (2016) employ a mixed-method-approach to analyzing frames 

on water shortage news in the United States. Their approach includes a semi-automated 

news text retrieval through Google News, partly manual and laborious content analysis 

phase to ensure reliability of the coding system, and machine learning processes to 

transform data, map and classify frames. 

They work with pre-selected standard frame types (human interest, conflict, economic, 

managerial, and science) (ibid., p. 50) instead of trying to identify frames based on 

source material (a task that is quite difficult to accomplish with computational tools). 

They arrive at a conclusion that their model is the “first formal computer science 
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definition for framing” and that the process of doing such computerized framing 

analysis is proving to be a working one (ibid., p. 58), albite still a work-in-progress. 

In a line of related work Alashri, Tsai, Alzahrani, Corman and Davulcu (2016) analyze 

climate change sentences gathered through RSS feeds, comprising of news and social 

media sources (unfortunately not describing the ratio in more detail). In the core of their 

work is the identification of sentence level triplets – subject, verb, object – that are 

consolidated into higher level statements in order to “discover contextual synonyms” 

and thus develop a more general view of how climate change is framed (ibid., p. 149). 

Like the study by Cheeks et al., they also employ generalized concepts to start with 

(cause, threat/problem, solution, motivation) but with the usage of triplets and 

unsupervised consolidation strategies arrive at a visualization of “semantic network of 

frame concepts” that can be used to make sense of their large data. The resulting 

semantic network (Figure 1) can be “read” in many directions that manifest proposals 

for policy, such as “developing sustainable national programs (or actions) can enhance 

local community resilience” (Alashri, Tsai, Alzahrani, Corman, & Davulcu, 2016, p. 

163), highlighted in yellow in the picture. 

 

Figure 1 Semantic network of frame concepts. Reprinted from Alashri, Tsai, Alzahrani, 

Corman, & Davulcu (2016, p. 163) and highlighting the example case in yellow. 

 

In both studies outlined above, the interest has been in making sense of public 

discourse, public debate and public opinion on climate change issues. The results of 

such studies are of course important for policymakers, but analyzing media framing of 

climate change issues can also inform journalistic practices, especially when the results 

might appear limited, partial or even biased. 
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Both studies only reference sentiment analysis superficially although working with 

similar tools and practices. As noted above, in the analysis of journalistic texts, 

sentiment in a traditional sense is not the first thing that comes into focus. The question 

is more about point of view, whose opinions are heard, what facts are brought forward, 

in essence: what gets to be in the frame. Sentiment analysis, then, can supplement this 

more traditional framing view by providing assessment of the text or its subcomponents 

(such as paragraphs or quotes) on the polarity of good-bad, positive-negative or perhaps 

some other dichotomy. What is of interest from the point of view of journalism and 

public discourse is how these texts work in representing public opinion on climate 

change. 

Computational framing analysis and sentiment analysis could be combined to provide a 

richer view of public opinion as it is manifested in journalistic texts. For example, it 

would be very illuminating to analyze journalistic texts first about the factual 

information such as what sources or viewpoints are used and as in the aforementioned 

research figure out if the article in question is centered on “solution”, “threat” or 

“motivation”. Then the article could be further analyzed to identify the sentiment values 

throughout the text. This could help us figure out, for example, if solutions or 

motivational elements in text are presented in positive or negative or good or bad terms. 

This kind of multi-method approach might be a good way to shine light on such 

complicated issues such as public opinion on climate change. 

 

3.2 Visual representation of sentiments and frames 
 

In another visual approach Lu et al. (2016) propose a method of analyzing sentiments 

and frames in news data covering climate change news in relation to other contextual 

data. What is unique in their approach is that they not only focus on identifying frames 

and sentiments but develop a system of showing the change in these frames over time. 

For example, they show how topical international politics, such as US and China 

agreeing on climate policy affects the framing of news at the time of those agreements 

(ibid. 227-228). 

Rich visual models that have a strong temporal orientation have also been developed by 

Scharl & Herring (2013) originally for the National Oceanic and Atmospheric 

Association to make sense of public discourse on climate issues. Their visualization and 

sentiment analysis tool webLyzard is now utilized to dynamically analyze and visualize 

climate related data, as shown in Figure 2. 

Scharl and Herring argue (2013, pp. 122-123) that sentiment analysis by itself is not 

usually enough to inform decision-making. They posit that with the visual tool, that 

provides sentiment analysis results combined with temporal and geographical, as well 

as topical data will provide a better ground for understanding how policy and 

communication inform news sentiment. 

It thus seems that research as well as applications of sentiment analysis and framing are 

evolving beyond anything that could be described as simple and straightforward textual 

analysis. Instead, there is a trend to employ multiple methods, temporal and spatial 

mapping and rich visualizations. Thus, in addition to sentiment analysis evolving 

towards more fine-grained, segmented and context-aware on the analysis level, as noted 

by Cambria et al. (2013, 16-19), there is also growing societal and policy-maker 
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pressure on making reporting the results of such sentiment analysis richer, visual and 

ultimately more useful.  

 

 

 

Figure 2. Media watch on climate change -website provides real-time sentiment               

analysis and visualization of news data 

(https://www.ecoresearch.net/climate/) 
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4. Opportunities and challenges 

This chapter discusses interesting developments and possibilities for sentiment analysis 

of public discourse. First, we will look into sentiment analysis in financial news. 

Although it is utilizing the same sentiment analysis approaches that are used in other 

domains, the purpose is more geared towards financial gain and could thus be viewed 

separately. Then we will look at some of the challenges that news sentiment analysis in 

general brings to the table. And finally, we will look into an increasingly interesting 

area of sentiment analysis of social media, that should these days be viewed as a viable 

alternative or supplementary to traditional news in terms of how the public consumes 

mediated information. 

 

4.1 Sentiment analysis of financial news 
 

Sentiment analysis of financial news is a category of sentiment analysis with wider 

interest, probably because there is a possibility of financial gain from application of 

effective tools. These analyses have their primary focus on how public sentiment as 

interpreted from news articles can help predict changes in the financial market (Khadjeh 

Nassirtoussi, Aghabozorgi, Ying Wah, & Ngo, 2014; Meyer, Bikdash, & Dai, 2017; 

Schumaker, Zhang, Huang, & Chen, 2012; Shravan Kumar & Ravi, 2016) 

The broad practical motivations of using sentiment analysis strategies in the financial 

market can be categorized in “FOREX [foreign exchange rate] prediction, stock market 

prediction, customer relationship management (CRM) and cyber security” (Shravan 

Kumar & Ravi, 2016, p. 128). What is interesting is that some of the sentiments found 

in financial news might have a contrarian result: a positive sentiment might indicate a 

price decrease in the market, and the other way around (Schumaker et al., 2012, p. 463). 

From the climate change policy point of view, this challenges us to ask whether positive 

or negative news would increase peoples’ willingness to act, and what kind of news 

would enrich the public debate the most. 

While there has clearly been a surge in text mining and sentiment analysis applications 

within the financial domain, no magic bullet methods of sentiment analysis have been 

found. But since the problem is difficult also for human predictors, the expectations of 

new and better methodologies are highly anticipated. This is illustratively stated by 

Nassirtoussi et. al (2014, p. 7667): “[E]ven the best traders and investors can never be 

completely sure what market-reaction to expect as a result of a piece of news-text. 

Therefore, there is a lot of room for market-predictive sentiment investigation for future 

research.” 

In their analysis of a large corpus of financial news Meyer, Bikdash and Dai (2017) 

noticed that in identifying sentiments a traditional and still common lexicon-based bag-

of-words approach was not nearly as effective as machine learning approaches. Bag-of-

words approach refers to the idea of giving each term in a text a positive, negative or 

neutral value based on the value assigned to it in a lexicon. They compared such general 

sentiment lexicon approach to a supervised machine learning approach where test data 
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was tagged by professionals in the financial domain and where more fine-grained 

sentence level features were analyzed. Producing several evaluative metrics comparing 

the approaches, the machine learning, domain specific approach was drastically more 

accurate in identifying the sentiment in the news articles (ibid., pp. 6-7). The results 

seem to be in line with the general observation of sentiment analysis moving into more 

machine learning or multi-method approaches instead of lexicon-based analysis. It also 

indicates that methods adjusted to the target domain produce better results than 

universal tools.  

This would also suggest that when analyzing a specific topic such as climate change, the 

specificity of the approach should be carefully thought through. But it should also be 

noted that the domain-specificity and supervised machine learning is not necessarily 

more effective in all cases. For example, when analyzing more generalist news, such as 

those produced by large newspapers or broadcasters with wide and varied audienceship, 

a more general sentiment lexicon or labeled training data might be the way to go. And 

when analyzing news targeted to more narrow or specialist audiences, or about very 

specific topics (such as flooding or climate change effects on agriculture), the domain 

and topic specificity is likely to play a bigger role. The best approaches in novel cases 

should probably use multiple methodologies to yield the best results. 

 

4.2 The problem of sentiment analysis of news 
 

News are the bread-and-butter of public discourse. Although the exponential growth of 

first web and later mobile communications have dismantled the old gatekeeper-position 

of mainstream journalism and brought subjective, more personal views and 

contributions to the public sphere, journalism and the news still form a backbone of 

public discussion. 

News are also different from much of the other material in the mediasphere, making 

them a challenge of their own in sentiment analysis. Operating within a larger 

framework of media that is increasingly commercial and increasingly produced by 

citizens and other information producers on non-journalistic platforms, news still adhere 

to journalistic norms striving for objectivity and fairness in reporting. 

Before this section will go on to outline some of the special challenges, possibilities and 

strategies in analyzing news sentiments, it will first make a case that analyzing news can 

also in some ways be easier. 

First upside is that news almost without exception adhere to the classic “inverted 

triangle” structure, where the most important information is presented first (Jaakkola, 

2013, pp. 185-186). Answer to questions such as “how is the issue framed” or “what is 

the overall sentiment of the story” are probably best answered by the headline and first 

paragraphs of the news story, which might in some cases suffice as units of analysis. In 

this way, news might differ for example of reviews where the most important topical 

information is likely to be found in the beginning of the text and the most important 

sentiment information gains weight towards the end. 

Second, there are typographic conventions separating quotes from the rest of the text, 

also helping identify agreement or disagreement between sources or the overall 

sentiment based on selected sources (this does not help when source information is 
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paraphrased, though). And third, news stories are largely written in factual, 

straightforward neutral language (ibid., p. 185). This means they avoid linguistic or 

stylistic tricks, sarcasm or irony that can complicate analysis of many other textual 

genres (for these complications, see Pang & Lee, 2008, p. 36,). 

However, news is also a difficult genre for analysis. As said above, news stories are 

generally objective, but there are of course subjective texts within journalism. 

Journalistic genres such as editorials, columns, and letters to the editor usually have a 

position of the person writing, or in case of editorials the position of the institution. 

There are also opinion components in news articles, manifested in quotes and points of 

view of interviewees or other sources.  

Thus, when approaching news with tools of sentiment analysis it is important to note 

that news do not equal journalism but operate within a larger field of journalism. News 

genre also brings about very sensitive rules as to what the reporter writing the news 

article can do, even though there are signs that journalistic profession is becoming more 

“liquid” than the traditional information disseminator role has meant (see Koljonen, 

2013), meaning mainly that journalists are taking a more active role when engaging in 

the production of public discussion. 

In addition to professional liquidity, journalistic news articles don’t operate in a vacuum 

but are usually a part of fairly liquid on-going public discussion in the public sphere. 

This means that news as texts can be seen as units of larger intertextual series of public 

discourse, reaching beyond single news article or journalistic institution, making 

references to the topics or issues at hand, and also other opinions within the overall 

discussion. 

Importantly, if news articles are analyzed for sentiments, the sentiments are probably 

found in segments of the news where opinions of interviewees and other sources are 

quoted or paraphrased. Balahur et al. (2009, p. 523) argue that the benefit of focusing on 

quotations is that then the source (who says) and target (on what issue) are relatively 

easy to map out. This would help in constructing a network of sources, targets and 

sentiment value attached to those quotations. 

The nature of news articles comprising of different kinds of segments brings about a 

fairly big research challenge: what is the unit of analysis when doing sentiment analysis 

of news? The simple approach would be to use a single article as a unit and describe 

that as “bad news” or “good news” in some binary or continuum strategy and perhaps in 

the context of the topic or domain. However, a single news article can contain several 

different sentiments coming from different sources, forming both a limited set of 

dialogical sentiments within that single article and extended dialogue across multiple 

news articles on multiple publications and across time and space. Therefore, the ideal 

sentiment analysis of news should probably work on the level of single sentiment, 

whether that is found on sentence, paragraph or argument level within news stories. 

Feldman (2013, pp. 84-85) proposes that it might also be necessary to distinguish 

between sentence-based and aspect-based sentiments. In this case it means that not all 

sentences are necessarily expressing sentiment on the same entity (or in Balahur’s terms 

“target”). To illustrate, in news articles that cover climate change maybe climate change 

breaks down to sub-entities or sub-targets, such as “policy”, “civic action”, 

“consequences” and “science”, and each of these sub-entities have different sentiments 

attached to them. This kind of aspect-based approach would need multiple methods and 

approaches to make sense of the whole, further stressing the point made in previous 

section (4.1) that to make sense of public opinion a multitude of methods are needed. 
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Indeed, there are developments in sentiment analysis where the focus is on segments, 

location of segments within texts and on intertextual debate (Pang & Lee, 2008, p. 48-

49). In fact, Pang and Lee argue that it might sometimes be easier to identify sentiments 

not on document level but in relation to different “discourse participants” across texts. 

There, then, arises a more technical problem of identifying these intertextual debates 

across documents and agreements and disagreements between participants. In some 

approaches, where research has focused explicitly on quotations (Balahur et al., 2009; 

O’Keefe, Curran, Ashwell, & Koprinska, 2013; Padmaja, Fatima, & Bandu, 2013), it is 

quite clear that even on a “simplified” level of working with just explicit quotations it is 

not easy or straightforward to identify sentiments. 

Balahur and Steinberger (2009) make a case that in analyzing news articles, it is 

necessary to identify and separate author intent, reader interpretation and the actual 

content of the text. This separation of views raises an important issue about the 

polysemic nature of texts: they can indeed be interpreted in different ways. If the analyst 

is focused on identifying the sentimental intent of the author of the news text, he/she is 

likely to focus on selection of words or inclusion and omission of certain facts or 

viewpoints. Especially omission of views is something that is quite hard to do, at least 

with limited material. However, large datasets of course provide the possibility to 

compare and see how some sources might include and omit different facts or views. 

If one focuses on the reader interpretation of sentiment in the news articles, a large 

number of background facts come into play. These include for example “knowledge, 

culture, social class, religion” (ibid., p. 10). One might also include personal 

experiences in this list. A simple example might be that the word “dog” might yield 

completely different sentiments between dog owners, cat owners, those who don’t have 

any pets and those who were attacked by a dog when they were children. Even though 

this is a simplified example, it does raise a fundamental problem of sentiment analysis 

based on texts and word sentiment values: each component of sentiment analysis varies 

between readers on subjective level. 

The point made by Balahur and Steinberger does also realize the possibility of focusing 

sentiment analysis (and framing analysis) on author bias or more widely journalistic 

bias on certain topics. Even though journalism ideologically strives for objectivity, the 

profession is deeply rooted in its institutional and professional practices, dependent on 

information sources and made by human beings with certain knowledge profiles, values 

and beliefs. 

Thus, even though journalism might at a micro level be “objective” or at least intending 

to be objective, at large scale the public discussion might be skewed. In their more 

traditional, non-computational analysis of climate change news in the US, Boykoff and 

Boykoff (2007) make a case that what they call first-order journalistic norms, 

“personalization, dramatization, and novelty” often shroud the second-order – and many 

would argue the more idealistic – journalistic norms of “authority-order, and balance”. 

What this means that journalism often approaches issues from personal, emotional and 

news-first angle that might overlook important facts or larger issues at play. This in 

their view has in a significant way biased the public view of climate change issues, and 

although is not the only thing affecting the hesitation that US politics has had on 

contributing to international climate change policy, plays a significant role.  

A similar large-scale research (Barkemeyer et al., 2015) has shown that there are also 

significant differences between different media outlets when covering IPCC climate 

information. Whereas scientific journals and “quality newspapers” tend to show more 
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balanced terms, tabloid newspapers focus on negative sentiment value terms such as 

“flood”, “disaster”, “storm”, “poverty”, “crises” and “death”. This kind of data showing 

large scale differences or bias could then be combined with audience research data 

showing media usage patterns to reveal different mediated realities that different 

audience segments inhabit. This kind of research could be quite useful when employed 

on a reasonably big scale. 

Balahur and Steinberger (2009) also go about proposing some of the features of texts 

that bias detection research should identify. These include “expression of facts, word 

choice, omissions, debate limitations, story framing, selection and use of sources of 

quotes and the quote boundaries” (ibid., p. 10). This list makes a fairly good plan for a 

large scale journalistic bias research. And as noted earlier, omissions and limitations are 

hard to research on a small scale, because they do not necessarily reveal themselves. But 

with large scale computational research and large amount of material, the inclusion of 

facts and viewpoints in other news will make the omissions in others stand out. 

To summarize, analysis of journalism can take many paths. If journalism is analyzed as 

a wider field, there are different genres that need to be approached in a different way. 

Analyzing letters to the editor should be analyzed very differently from hard news. And 

even news could be approached in different ways, either as singular documents or multi-

sentiment “windows” into on-going public discussion where this larger discussion and 

news segments referencing it should be taken to account. And finally, the sentiment 

analysis should clearly define if the focus of analysis is on intended author sentiments 

(or journalistic bias), on readers’ interpretations of news texts or maybe objectively on 

just the informational content of the news. All these different approaches to news text 

will yield a very different operationalization of sentiment analysis research. 

 

 

4.3 Climate change sentiments in social media 
 

The last decade has seen an exploding growth of different social media platforms and 

their use. Facebook, Twitter, Instagram and others have penetrated the western world 

and the usage of these services has formed more participatory public forums online. 

Although the participatory nature of such forums can be debated – possibility of 

contribution does not necessarily say anything about actual contribution or quality of 

such contributions – they have challenged and augmented the traditional mediasphere.  

Since social media takes a great amount of people’s time and energy, their influence in 

creating the mediated reality in which people communicate daily is also great. 

Therefore, analysis of social media in creation of public discourse is also important. In 

fact, a strong case could be made that if meaningful sentiment analysis of public 

discourse online is conducted, it would be unwise to include online news and exclude 

social media. These two work intertwined. 

One of the key motivations of doing social media sentiment analysis is that when done 

correctly, it can identify key issues or even predict outcomes. In this sense there is a 

relationship to doing sentiment analysis for financial issues, even though the other is 

more geared towards policy and political benefits and another towards economical 

benefits. In analysis of climate change sentiments on Twitter in UK (Maynard, Roberts, 
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Greenwood, Rout, & Bontcheva, 2017), sentiment analysis was able to map the weight 

of climate change discussion based on politician engagement and regional differences, 

and – in retrospect – also predict the political outcomes. 

In a supervised sentiment analysis comparing news and social media websites in Italian 

context Ceron (2015) found out that higher consumption of news positively associates 

with trust in the political process and higher consumption of social media is associated 

to lower trust. At the same time, sentiments in social media were distinctly more 

negative than in news and information sites. Although this study does not make case for 

the direction of the causality, it strongly hints that social media and political distrust are 

linked. 

In a related study, Godbole & Srinivasaiah (2007) also noticed a difference in how 

sentiments differ between blogs and news sites on certain topics, although not 

necessarily showing similar clear-cut sentiment distinction in social media and news. 

Interestingly, there are also findings that in order to gain attention in social media – in 

this case Twitter – positive sentiments carry more weight when the discussion is among 

friends but when sharing news articles, negativity propagates better (Hansen, Arvidsson, 

Nielsen, Colleoni, & Etter, 2011). Thus, it seems that if the reaction to news is negative, 

it is likely to garner more attention. This phenomenon might explain some of Ceron’s 

findings, although more research is needed to reinforce these findings. 

Further, as Ceron notes (ibid., p. 496) social media negativity is not necessarily a bad 

thing. Especially in weak democracies with diminished freedom of the press, social 

media can be an important outlet for critical voices. However, in Europe where the 

democratic process generally works well and press freedom is not obstructed with force, 

such results might be alarming. If social media becomes a platform for cynicism, 

negativity and distrust, that might have severe implications to the democratic process. 

Negative sentiments can also be used to aid political campaigns and that would indicate 

an increase in negative campaigning. 

Since social media pervasiveness has increased, it can also be used to investigate wider 

public awareness and sentiment of topical issues and their change over time. In their 

research on public awareness of concepts of “climate change” and “global warming” 

Lineman, Do, Kim and Joo (2015) noticed how the popularity of these concepts 

changed over time. Big international phenomena, particularly Al Gore’s document 

“Inconvenient truth”, IPCC’s assessment report from 2007 and the Nobel Peace Prize 

given to Gore and IPCC gave more prominence to concept of “Climate change”. 

The interesting part of the research by Linemann et. al was that “global warming” was 

distinctly more negative concept than “climate change” and change of the sentiment 

over time was limited. They assert that sentimental reaction to certain concepts might be 

dependent on the original context and frame in which the concept was first introduced to 

people. This has interesting implications from the public discourse point of view. First, 

if sentiments die hard, it might indeed be better to work on changing the concept than to 

try to change the sentiment attached to that concept. Second, since changing the concept 

is hard, the selection of the concepts used in public discourse seems to have relevance. 

Both of these observations have practical implications to the rhetorical strategies used 

by officials, organizations and the press. 

This raises a question of how effectively the rhetoric of social media can be influenced 

and can that be done in political purposes. In a study by Cody, Reagan, Mitchell, 

Dodds, & Danforth (2015), it was found out that climate discussions in Twitter were 
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strongly influenced by “climate change activists” instead of “deniers” meaning that 

generally the activist positions were more prevalent. Also, the nature of the discussion 

was able to turn the overall sentiment to positive direction (e.g. discussing winner of 

green idea contest or release of a book) or to negative direction (e.g. extreme weather 

events or threats to species). 

These results indicate that the overall sentiment is affected by active participants and 

also that by rhetorical devices, such as careful selection of words, inclusion of certain 

events and exclusion of others, the direction of the sentiment can be driven. Positively 

thinking this means that awareness for important issues can be raised in social media if 

there are enough active participants in the discussion. But it can also mean that by 

careful rhetorical strategies, certain ideas and issues can be represented in exaggerated 

fashion for political, financial or personal benefit. 

Whether these strategies will become commonplace, generally accepted new forms of 

public debate and extensions of democratic process, or specialized tactics that can be 

only leveraged by those with political and economic power will also dictate the purpose 

of sentiment analysis research. If the former development takes hold, the role of 

research will probably emphasize the tools and participatory processes of effective 

political communication. If the latter, more mischievous and democratically 

questionable evolution takes place the purpose if research is likely to be more critical, 

intending to find the bias or propaganda uses of social media. In both cases, the target 

and tools of such analysis will be the same. 
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5. Discussion  

 

Sentiment analysis provides a lot of new tools in an effort to make sense of public 

debate and public sentiment on crucial issues such as climate change. As outlined in this 

thesis, there has been a lot of work that has been done on sentiment analysis especially 

in very recent years and new methodological approaches are being constantly 

developed. Even though there is much work to be done, for example in developing 

better machine learning approaches and in extending sentiment analysis to other 

language domains than English, it seems that the field is taking steady steps towards 

maturity. 

Large scale sentiment analysis of news gives new opportunities to bridge computational 

data analysis techniques and their grounding theory with media studies and framing 

analysis in particular. It seems that framing is the most useful concept that could 

provide this link between two fields. 

The research question in this thesis asked how sentiment analysis approach can extend 

frame analysis to better make sense of mediated reality around us, especially in 

understanding journalistic news articles and climate change. The short answer is that a 

hybrid field of framing analysis should be constructed based on good on-going 

developments within the area of sentiment analysis and data mining. But that does not 

really bring forward the challenges included in any satisfactory way. So, let’s look at 

them in more detail.  

First, there needs to be more research on sentiment analysis of news in particular, and 

development of theory and tools that suits analyzing the news genre specifically. This 

includes clarifying the unit of analysis – the news article – as a special genre of text that 

takes a deceptively simple form of an “inverted pyramid”, expressing most relevant 

information first, being objective, neutral and factual, but that can comprise of 

multiplicity of opinion holders such as interviewees, that can deal with multiple aspects 

of the issue and refer to ongoing public debate on issues such as climate change. Also, 

more theoretical concepts of public opinion and its relevance in shaping policy and 

politics in democratic societies should be taken into consideration, constructing the 

context and scope of such research. 

Second, extending sentiment analysis tools and practices outside the domain of English 

language use. Making sense of national, cultural and regional differences would be 

crucial in research of large global issues like climate change. Without multilingual 

aspect to sentiment analysis, it will be torso. This requires a lot of work in information 

extraction, cleaning and parsing the information as well as adapting sentiment values or 

weights to different linguistic contexts. 

Third, some of the most interesting, promising and frightening developments are taking 

place in the world of social media. Social media is taking on journalism as an agenda-

setter of public debate. As outlined in the previous chapter, different rules and practices 

govern the formation of sentiment in social media and news. These differences and their 

relationships warrants a lot of research. 
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Fourth, since the corpus of data that needs to be analyzed is extremely large, novel 

supervised and unsupervised machine learning approaches need to be developed. This 

thesis did not go into detail about machine learning but in the research that were 

covered in this work, a large variety of different approaches were taken. Machine 

learning is a computational and theoretical challenge that is tackled in many ways and 

still needs to mature to better accommodate analysis of unstructured data. 

Fifth, since video is such a crucial part of online media and social media, better multi-

modal tools are needed in order to make sense of audiovisual sentiments. 

And finally, perhaps most importantly, framing analysis and sentiment analysis in 

making sense of news articles and public discussion work best if the approaches are not 

only seen as overlapping on some levels but truly extending each other. This means that 

traditional framing analysis issues – what viewpoints, sources and facts get into the 

frame – are combined with sentiment analysis of making sense of opinions and 

sentiments expressed. This is not necessarily anything new, since in many sentiment 

analysis approaches domain and topic specificity are already perceived as important 

issues that need to be taken into consideration and the challenge is more about 

continuing those advancements in current research. Still, a lot of work is required if we 

are to make sense of public discourse and sentiment of climate change issues, 

understand journalistic bias, political manipulation and large scale mediated social 

movements. 
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6. Conclusion 

This literature review looked into extending framing analysis of media texts by use of a 

data mining approach called sentiment analysis. The majority of sentiment analysis has 

been focused on more commercially attractive applications such as mining the 

sentiments in product or movie reviews, but some studies have also focused on 

sentiments in public debate on public issues. Social media as a new form of 

communication seems to be of special interest. 

Sentiment analysis is still a relatively new field and in constant flux. However, it is 

developing to new directions where methods get more nuanced and fine-grained. Also, 

to simplify a bit, sentiment analysis is moving away from identifying document level 

sentiments into getting more deeply into sentence, grammar and word and sentence 

position analysis. This means more challenges but also can bring about better results as 

the richness and complexity of texts are fully realized. 

From the point of view of analyzing online news on climate change, the developments 

are positive. News are better approached from a multi-method perspective where topical 

information, points of view, sources and facts are identified, but where also the 

sentiment information is of crucial value. By combining more traditional framing issues 

with sentiment data a richer image of public debate and public opinion can be 

constructed. 

To better make sense of important, complex issues such as climate change, we need 

better ways to understand the characteristics of news as part of public discourse and 

develop better multi-method tools to conduct research on those issues. 
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