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Abstract 
 
Social media is a vast, fluctuant domain that is difficult to grasp, overlook and explain. It is 

important in our daily lives as well as for organisations, such as traditional media. 

Traditional media is moving from analogue news propagation to propagating news online, 

where social media plays a significant role. This study contributes to the understanding of 

traditional media propagation in social media, through quantitative and network analysis 

of articles’ spread in social media. The study also contributes to refining social media 

network analysis methodology, from the perspective of traditional media propagation in 

social media. The study is conducted as a survey where web documents of social media 

posts were collected and analysed. The scope of the study were Swedish traditional media. 

Two analysis methods were used: a quantitative statistical analysis of the propagation of 

articles and a network analysis comparing the usefulness of two common network analysis 

metrics: indegree centrality and PageRank. The results show that an overall of 22,34% of 

traditional media articles in this study, were propagated in social media. The findings 

include what categories of articles are most propagated on different social media 

platforms. Different kinds of newspapers were also compared, and variances were found. 

Local press articles were more propagated on Facebook than on Twitter, in opposite to 

national press that were more propagated on Twitter than on Facebook. Indegree 

centrality was found to be the most useful metric for examining traditional media 

propagation amongst Swedish newspapers, when compared to PageRank. Lack of cross-

platform research in social media is pointed at, since this study identifies a prominent 

need for evolving cross-platform social media research. 
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 Definitions 
 

Abbreviation Expression Definition 
API Application Programming 

Interface 
A tool or routine for one software to 
connect to another software. APIs 
mentioned in this study are APIs 
facilitating data retrieval from social 
media platforms. 

- Centrality An instance’s importance in a 
network 

- Indegree centrality A node’s importance according to 
the number of incoming links 

- Information cascade An instance of information 
diffusion; in this study the social 
media propagation of a traditional 
media publication. 

IS Information System Components, often technical, 
dealing with data, such as storage, 
distribution, processing.  

- Outdegree centrality A node’s importance according to 
the number of outgoing links 

- Seat According to webometrics: a unit of 
analysis that consists of web pages 
that does not share the same URL 
pattern but still are related. In this 
study a seat is a traditional media 
article with associated social media 
posts. 

 Textual media Online media in a text format, not, 
as an example, video or audio. 

- Web 1.0 The ‘old web’, where content were 
generated by website administrators  

- Web 2.0 The ’social web’ characterized by 
user generated content 
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1. Introduction 
 

This section describes the background of the research. It motivates the study and 

explains research questions and research objectives. 

 

During the O’Reilly Media Web 2.0 Conference in 2004, the term ‘the social web’ was for 

the first time enhanced and propagated at large scale. Tim O’Reilly (O’Reilly, 2007) 

predicted that the web from now on, to an increasing extent, would consist of user 

generated content. In the past, web content was largely managed by website 

administrators with little or no involvement of users. Since then user generated web 

content is the rule, rather than the exception. Social media is a part of the social web that 

has gained significance in our daily lives as well as having economic and political impacts 

on society (Sloan & Quan-Haase, 2017). In the beginning of 2018, it’s estimated that the 

number of people that access any social medium at least once a month is more than 3 

billion, worldwide (Kemp, 2018).  

 

Social media has become an important information provider and is highly influential in 

people’s perception of the world. Though, social media platforms also have business 

models and stakeholders rarely serve the objective of making social media content a 

neutral reflection of the surrounding society. Traditional media, such as newspapers and 

news on TV, is generally less biased than social media and could serve as an impartial 

counterpart online (Nam, Lee & Park, 2015). However, social media is changing the way 

we consume traditional media. Traditional media is trying to adapt both the journalistic 

craftsmanship and traditional media business models as conditions for propagating 

publications change. Almost all traditional media publishers, from TV to magazines, are 

present on analogue platforms, online and in social media. Social media has grown to 

become an important news outlet, spreading news through complex online social 

networks. In a study by Pew Research Centre (2016) an overwhelming majority of 

American adults responded that they get news through social media. Important news are 

often spread faster in social media than in traditional media (Kunnan, 2010; Wyatt, 2015). 

 

To understand and analyse information propagation in social media, researchers often use 

network analysis methods. Network analysis aims at examining objects with relations in 

between each other and has been widely spread in social media research. This study uses 

network analysis methods to examine traditional media propagation in social media. The 

study was performed on Swedish news media and contains textual media that can be 

referred to via hyperlinks. 

 

1.1 Problem statement 
Problems and difficulties within social media research are often related to vast amounts of 

data, but also to the preconditions for accessing this data. Song (2018) points out that 

many social media network studies are performed as case studies on static social media 

networks, to deal with this problem. Burgess, Marwick & Poell (2017) states that social 

media research is strongly influenced by the APIs of different social media platforms, since 

researchers depend on them for data collection. This favour single-platform studies and 

makes the study of cross-platform phenomenon scarcer. Consequently, the picture of 

traditional media propagation in social media is scattered and incomplete. 

 

This study addresses the problem of understanding social media’s impact on the 

traditional media propagation, both through analysis of the actual propagation and 

through exploring analysis methods. 
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1.2  Research questions 
There is an increasing demand for organisations as well as individuals to understand 

social media’s impact on traditional media propagation. The underlying social network is 

an important factor for information propagation and this study will, therefore, examine 

the following questions: 

- What factors influence the propagation of traditional media publications in social 

media? 

- How can network analysis methods be used to understand traditional media 

publications’ propagation in social media? 

 

1.3 Objectives of the study 
The goal of this study is to contribute to the understanding of journalism and traditional 

media in an online world. This requires examinations of traditional media propagation in 

social media and identification of influential factors. To evolve the knowledge of 

traditional media’s propagation in social media it is also important that research methods 

are reviewed and examined. The objectives of the study are: 

- To analyse what factors impact propagation of traditional media publications via 

social media. 

- To examine how network analysis methods can be used to support understanding 

of traditional media publications’ propagation in social media.  
      

1.4 Significance of the study 
Many social media studies are performed as case studies, focusing on one social media 

platform or one social media network (Burgess et al., 2017). Another common approach is 

to analyse big datasets and large information cascades to understand a specific 

circumstance or a “viral happening” (Song, 2018). This study takes on another approach, 

conducting a cross-platform survey on the phenomena of traditional media propagation in 

social media. Firstly, this contributes to a broader perspective of traditional media 

propagation in social media, indicating important areas for further research. Secondly, it 

aims at refining the knowledge of cross-platform research in social media. 
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2. Theoretical background  
 

This section explains online media, social media, traditional media, their relations and 

present research within the area. It further describes research in the field of information 

diffusion. Basic principles of graph theory are explained, as well as network analysis 

approaches to social media research. 
 

2.1 Online media 
‘Online media’ in this study, refers to digital media that is distributed through the internet. 

Digital media is any kind of media that requires machine reading to be consumed. This 

could be pictures, digital videos and/or digital documents, whereas non-digital (analogue) 

media could be photographs, movies and printed newspapers or magazines. 

 

The efforts of computer scientist Tim Berners-Lee led, in 1990, to a new computer 

language known as the Hypertext Markup Language (HTML). Since the 1960s computer 

networks had been developed in a small scale but never reached the public. HTML 

provided the foundation to what is known as the World Wide Web: a global community of 

computers. HTML empowered people and organisations to create web pages of their own 

and distribute them online -  to a worldwide computer network. Even though the 

invention of HTML was a huge leap in the advance of the internet, in 1992 there were still 

less than 100 web pages published online (Cortés, 2014). Since then the amount of 

available online media has exploded. We are said to be living in the ‘information age’ as a 

result of an ‘information revolution’ that has been as significant as the agricultural and 

industrial revolutions (Schwab, 2016). 

 

Today we consume online media in a variety of formats, from text to pictures to audio to 

video, on many different devices, from desktop computers to smart telephones. Online 

media has been adopted throughout society - in our daily lives, as well as in governance, 

businesses and industry. According to Wyatt (2015), online media is “characterized by 

both the ubiquity of information and ease of access to that information”.  

 

2.1.1 Social media 
Historically, publications online were made by website administrators with little or no 

involvement of users. Today, user interaction with the web and its content is fundamental. 

This paradigm shift is known as the transition from Web 1.0 to Web 2.0, the ‘social web’ 

(O’Reilly, 2007). 

 

Social media is used for different purposes, from expressing and presenting yourself to 

promoting a company to co-operate. In this study a definition of social media by Sloan & 

Quan-Haase (2017) will be used: 

“Social media are web-based services that allow individuals, communities, and 

organizations to collaborate, connect, interact, and build a community by enabling 

them to create, co-create, modify, share, and engage with user-generated content 

that is easily accessible. “ 

By the definition above, social media includes: 

- Social networking platforms, such as Facebook or LinkedIn. 

- Social bookmarking platforms, such as Evernote or Pinterest. 

- Microblogs, such as Twitter or Tumblr. 

- Blogs and forums, such as Devote or LiveJournal. 

- Media sharing platforms, such as YouTube or Instagram. 

- Collaborative authoring, such as Wikipedia or Google Docs. 

- Web conferencing, such as Skype or Zoom. 
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- Geolocation based platforms, such as Foursquare or Tinder. 

- Scheduling and meeting platforms, such as Microsoft Outlook or Google Calendar. 

 

Social media content can be analysed in different ways, including theme detection through 

keywords, sentiment analysis, predictive analysis and the subject for this study: network 

analysis. The social media platform with its users and their relations, can be regarded as a 

social network. There are also links between different social media platforms that make up 

cross-platform networks. Such links are hashtags, mentions or hyperlinks (Burgess et al., 

2017).  

 

2.1.2 Traditional media online 
Traditional media in this study, refers to media outlets concerned with professional 

journalism. News media outlets are common, and they include news reports, news 

monitoring and publications that are not necessarily news, such as chronicles or editorials.  

 

Online and social media have changed the way we consume traditional media. Almost all 

news agencies, from TV to magazines, are available through analogue sources as well as 

TV, their own online platforms/websites and in social media. Social media has grown to 

become an important news source. In a study by Pew Research Centre (2016) an 

overwhelming majority of American adults responded that they get news through social 

media. According to Wyatt (2015) many rely on social media as their primary news source 

and important news is often spread faster in social media than in traditional media. 

 

Most news agencies are present at several social media sites and a minority of social media 

users bother to check the original source when exposed to a news post in their feed. Of 

those who bother, a remarkable amount of 30 - 50% spend more time reading other users’ 

comments than reading the actual article. The time spent on reading comments increase 

the time readers spend on news sites considerably, why user interaction on these 

platforms is encouraged (Steinfeld, Samuel-Azran, & Lev-On, 2016). 

 

Despite its broadcasting nature, social media is a segregated domain. This affects the 

public’s perception of news reports. Del Vicario, Gaito, Quattrociocchi, Zignani, & Zollo 

(2017) studied information propagation during an Italian referendum and reported 

significant findings. The researchers found that in social media, segregated interest groups 

emerged spontaneously. Other researchers suggest that during such circumstances, the 

online news media is the most neutral media. Such studies are the research performed by 

Nam et al. (2015) on the public discourse in social media during the South Korean election 

in 2012. Further, this research discovers factors impacting the propagation of news in 

social media, such as party affiliation and key influencers. Different parties had different 

weight (e.g. higher centrality) on different social media platforms. These findings together 

indicate that different clusters of social media users are moving in different social media 

spheres. 

 

Researchers point at different problems with traditional media in social media. In a study 

of UK regional newspapers, Canter (2013) found that individual journalists were 

independently steering the discourse in social media, rather than news organisations. The 

study shows that there are a gap and a lack of communication between the journalist and 

his/her organisation. Lee (2015) confirms this after interviewing 11 journalists from 

national, regional and local American newspapers. Findings included that there was little 

or no support from the news organisations in the journalists’ activity in social media. Lee 

(2015) harshly arguments why traditional media is not benefiting from social media. The 

author claims that journalists fail to understand and engage social media audience and 

that the speed-driven social media compromises value creation. 
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Findings about local media propagation online differ somewhat from the general picture 

of traditional media propagation online. Skogerbø & Winsvold (2011) have examined and 

compared print and online audience for local Norwegian newspapers. The results 

indicated that local newspapers were still more popular in print than online. The 

researchers mention that younger audience is moving online. Still, they claim that the 

popularity of the print newspaper is because of attachment to the home rather than the 

age of the audience. Though, it’s enhanced that the online platforms to a high degree 

inspired local public debate. Meyer & Tang (2015) confirms local press’ mediocrity online; 

they found that local newspapers are neither efficient nor active enough on Twitter. The 

researchers encourage local news media: “Instead of simply attaching a hyperlink, news 

organizations should use hashtags, post photos and videos, and interact with audiences by 

tagging their Twitter usernames.” (ibid.) 

 

2.2 Information diffusion in social media 
Due to social media’s sharing-and-forwarding culture and broadcasting nature 

information is fast spread in social media. Studies investigate information diffusion from 

different perspectives, including analysis of the underlying social network (Bakshy, 

Rosenn, Marlow, & Adamic, 2012), identifying key influential factors (Baños, Borge-

Holthoefer & Moreno, 2013; Zhang, Han, Yang, & Zhang, 2017), searching for 

dissemination patterns (Goel, Anderson, Hofman & Watts, 2016.; Pei, Muchnik, Tang, 

Zheng, & Makse, 2015) and examine user’s propagation behaviours (Jin, Ma, Zhang, 

Abbas & Yu 2018; Zhang et al., 2017). 

 
When an information instance has been widely spread in social media, it is said to “have 

gone viral”. “Viral” refers to the dissemination pattern of a virus and in information 

propagation research scientists often use epidemiology models for demonstrating 

diffusion structures (Li, Wang, Gao, & Zhang, 2017; Pei et al., 2015; Jin et al., 2018). Goel 

et al. (2016) indicate the difference between broadcast diffusion patterns and viral 

diffusion patterns as shown in Figure 1: 

 
Figure 1: (LFT) Broadcast diffusion vs. (RT) Viral diffusion. Reprinted from “The 

structural virality of online diffusion”, by Goel et. al., (2016) 

 

Social media has great potential for distribution of information over extensive social 

networks throughout the world. Still, a majority of information published online never 

reach social media. In some samples as many as 99% of all instances are never forwarded 

(Goel et al, 2016; Goel, Watts & Goldstein, 2012). Other works present a different picture 

though. In a study of blog articles by Pei et al. (2015) 63% of the blog posts were cited in 

another website, but only once. The study also shows that 85% of all information cascades 

dies within the third sharing iteration. Ortega (2017) studied the propagation of academic 

articles on Twitter and Facebook. The findings were that 13% of the articles were spread in 

social media. All sampled articles came from well-known academic journals with wide 
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communities and Ortega (2017) argues that for less-known journals the propagation could 

be smaller. 

 

Nearly all information cascades follow a power law distribution, where the diffusion 

decreases dramatically with the number of iterations. Major information cascades could, 

therefore, be regarded as exceptions (Pei et al., 2015). This makes information diffusion 

research somewhat cumbersome. Unbiased samples might require billion of instances to 

give a solid result (Goel et al, 2016; Goel et al., 2012). 

 

One important factor that pushes information diffusion in social media is the number of 

followers of a social media account. This has been shown by both Fu & Shumate (2017) 

and Ortega (2017). 

 

2.3 Basic graph theory 
Graph theory notation is often used to depict and analyse data that studies objects and 

their connections, such as network data and diffusion patterns. Many network analysis 

methods such as social network analysis, egocentric network analysis and webometrics, 

uses graph theory notation for explaining and examine networks. In traditional graph 

theory, a set of vertices V and a set of edges E constitutes the graph G.  

 

G = (V, E) 

 

 

 
 

Figure 2: An example of a graph 

 

In network analysis vertices are referred to as nodes and edges are referred to as links (Lee 

& Sohn, 2015), why these terms will be used in this study. Depending on the kind of 

graph/network, nodes and links represent different things. In social networking, as an 

example, nodes represent persons and links represent relations between persons. In 

computer networking nodes could represent devices and links the communication in 

between these. Nodes could be any entity that is object for study and the link how they are 

related. Nodes and links could be of different classes (Voloshin, 2009; Rigo, 2016), but in 

this study all nodes and links, respectively, are of the same class. 

 

2.3.1 Network analysis 
Network analysis is an umbrella for several research analysis methods examining 

networks with graph theory methods. Network analysis includes social network analysis, 
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hyperlink analysis, webometrics and much more. Nodes, links, graphs and networks can 

be described by different metrics and characteristics. Some common and useful metrics 

are described below. 

 

Directed vs. undirected links 

Links in between nodes can have different characteristics. They can be directed or 

undirected. A directed link indicates that the link goes from A to B, but not from B to A 

(Rigo, 2016). As an example, node “Lisa” has the relation “reads” to node “Svenska 

Dagbladet”. The link is directed since it could not work the other way; Svenska Dagbladet 

doesn’t read Lisa. An undirected link, though, represents a mutual relation. An example is 

“Lisa knows Adam”. An undirected link indicates that Adam knows Lisa as well.  In this 

study, the graphs will consist of all directed links, representing web nodes referring to 

other web nodes. 

 

Cyclic vs. Acyclic graphs 

Graphs can be either cyclic or acyclic. Cyclic graphs represent networks which have several 

paths between nodes; there are “circles” connecting the nodes. Acyclic graphs have a tree 

structure, where there is only one way between the different nodes. An acyclic graph has a 

root node, from which all the other nodes derive (Rigo, 2016; Voloshin, 2009). In this 

study, acyclic graphs will be used to represent information propagation through 

hyperlinks. 

 

Density 

Density is a measurement applied to the full graph. Density tells how many links there are, 

in relation to how many possible links the graph has. A density of 1 tells that every node 

has a link to every other node in the graph, as a density of 0 means that no nodes are 

connected. Density is used, as an example, in social networks to cluster groups of 

acquaintances. Acyclic graphs have a lower density than cyclic graphs and are called 

sparse graphs (Brath & Jonker, 2015). 

 

Degrees and centrality 

A node’s degree or centrality indicates its importance in the network. The nodes have 

different degrees, which are measurements of the number of connected links. In directed 

graphs, the nodes have indegree centrality and outdegree centrality. The indegree 

centrality is the number of incoming links, as outdegree centrality is the number of 

outgoing links (Rigo, 2016). Research has shown that nodes in a social network with high 

indegree can push news propagation in social media (Liu, An, Gao, Li, & Hao, 2016). 

 

Eigenvector centrality is a ranking metric that indicates the relative importance and 

influence of a node in a graph. The metric is based on the adjacent nodes and the 

importance of the adjacent nodes. Google’s PageRank is a fruitful implementation of an 

eigenvector algorithm (Austin, 2018; Page, Brin, Motwani & Winograd, 1999). PageRank 

orders web nodes according to relevance and quality in response to a Google search. 

Despite its sophistication and success, it’s not universally useful. In his doctoral thesis, 

Martin (2016) finds that for smaller information cascades the PageRank algorithm doesn’t 

manage to pick relevant nodes. 

 

Network visualization 

Using graph theory notation for network visualization is a common approach within 

network analysis. Visualizations are important to get an overview of collected data. When 

visualizing networks there are a few helpful principles. Nodes can be colour coded to 

indicate groups, types or classes. Sizes are also important to consider. A bigger area is 



 

8 
 

more stimulating to the human eye. To indicate importance or attract attention bigger size 

nodes or thicker links can be used (Krempel, 2011). 

 

2.3.2 Webometrics 
Webometrics is a quantitative research method deriving from bibliometrics and 

informetrics. The aims of bibliometrics and informetrics are to study the relationship 

between publications through their references and are widely used in academic citation 

networks. Webometrics build on the idea that the web is a giant reference system of 

hyperlinks. Webometrics is defined by Thelwall, Vaughan & Björneborg (2005) as “studies 

of web-related phenomena”. A slightly older but more specific definition by Björneborn & 

Ingwersen (2004) is: “the study of the quantitative aspects of the construction and use of 

information resources, structures and technologies on the Web drawing 

on bibliometric and informetric approaches”. There are similarities and differences 

between webometrics and its analogue ancestors. A prominent part of traditional 

bibliometrics has been to evaluate a publication’s quality. The idea is that frequent 

citations indicate higher quality. Even though such studies are performed within 

webometrics it has also been questioned whether webometrics serve this objective. The 

web is fluctuant, and its content is easy to manipulate (Thelwall, 2012.; Björneborn & 

Ingwersen, 2001). Webometrics could be used for examining relations between content 

and interest groups on the web (Khan, Lee, Park, & Park, 2016) or for examining the 

relationship between organisations (Acharya & Park, 2017). Recent studies have also used 

webometrics for researching the diffusion of various phenomenon in social media (Vargas 

Meza & Park, 2015.; Xu, Park, Kim & Park, 2016). 

 

In graph theory links can be either directed or undirected. When working with 

webometrics all links are directed, pointing in a specific direction towards another object. 

From the perspective of each node, the links could be either inbound (inlinks) or outbound 

(outlinks). Thelwall et al. (2005) present how link terminology explains nodes’ relations 

with Figure 3. 

 

 

https://en.wikipedia.org/wiki/Bibliometrics
https://en.wikipedia.org/wiki/Informetrics


 

9 
 

 
Figure 3: Link terminology. Adapted from “Webometrics”, by Thelwall et al. (2005) 

Unit of analysis 

When studying webometrics, as well as studying online phenomenon in general, an 

important part is to define what data you are studying. The web is always changing and 

without clear boundaries (Larsson, Sjvaag, Karlsson, Stavelin & Moe, 2016). In 

webometrics, the first question to answer is whether to study a website or a web page. A 

website has a hyperlink that in its turn consist of sub-links to different web pages within 

the website. Within webometrics the term ADM (Alternative Documents Model) refers to a 

predefined directory, including its subdirectories within the same domain. The root 

directory is defined by its URL and the subdirectories must share the same URL-pattern. 

This approach allows researchers to do a webometric analysis of units bigger than a web 

page but smaller than a website. Another approach is to create a seat. A seat is a set of web 

pages that share some other characteristic than URL-pattern or directory. It might be the 

same author, subject or genre. Seats are more flexible than ADMs but still consists of 

several web pages (Thelwall et al, 2005).  

 

2.3.3 Hyperlink analysis 
A similar approach to studying networks on the web is hyperlink analysis. Park & Thelwall 

(2003) have reviewed the differences between webometrics and hyperlink analysis. The 

conclusion was that they differed in origin and in “their interpretation of the meaning of 

hyperlinks”. 

 

Hyperlinks/URLs are how the web is interconnected and allow us to navigate through the 

internet. A hyperlink serves as a pointer to another object online, for example another 

website or a social media post. Through examinations of hyperlinks, constructions of 

hyperlink networks can be made. Hyperlink networks can represent communities, events 

or information diffusions of the web (Yi, Choi, & Kim, 2016). 

 

A 

B

e

D

e

C

e

E

e

F

e

G

e

H

e

I

e- B has an inlink from A 
- B has an outlink to C 
- B has a selflink 
- E and F are reciprocally linked 
- A has a transversal outlink to G: functioning as a shortcut 
- H is reachable from A by a directed link path  
- I has neither in- nor outlinks; I is isolated 
- B and E are co-linking to D; B and E have co-outlinks 
- C and D are co-linked from B; C and D have co-inlinks 
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The ‘old’ Web 1.0 was built on mere hyperlinks and using hyperlinks for network analysis 

is sometimes argued as being outdated. When data mining algorithms become smarter 

and more advanced hyperlink analysis might no longer be the most efficient way of 

examining the web. Waldherr, Maier, Miltner, & Günther (2017) crawled the web for 

hyperlink networks but concluded that this approach was inefficient for analysing larger 

amounts of web data. The researchers suggest that future research should focus on the 

indegree centralities of the nodes when using hyperlinks for network analysis. Taneja 

(2017) argues that hyperlinks are irrelevant because they just indicate a connection 

between two web nodes. The author points out that this doesn’t necessarily mean that 

there is web traffic in between the nodes. His research shows that websites referring to 

each other by hyperlinks share audiences in 7% of the cases. Hyperlink analysis is still 

used though, since hyperlinks are ubiquitous to the web and facilitate cross-platform 

studies. Fu & Shumate (2017) used hyperlink analysis when examining relations between 

news media, nongovernmental organizations’ websites and social media. The study shows 

that hyperlink research is fruitful when examining interacting media of different kinds.  
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3. Research Methodology 
 

This section describes the research methodology of the study. The study consists of a 

literature review described in section 3.1 Literature review. The research strategy is 

survey and explained in section 3.2 Research strategy: survey. The data is generated 

from web documents as described in section 3.3 Data generation: document studies. Two 

analytical approaches have been used to examine the data; statistical analysis and 

network analysis as described in section 3.5 Data analysis. 

 

3.1 Literature review 
Oates (2006) explains key objectives for conducting a literature review. These include 

creating and showing awareness of the topic, identify the present need for research within 

the field and find theories and methods applicable to the current work. The first part of 

this literature review focused on online, social and traditional media to find definitions 

and distinctions. This part of the literature review also reviews research on traditional 

media propagation and information diffusion. When studying related research, methods 

and theories that have been previously used in the field were considered. Two important 

concepts were found: the graph theory and the network analysis with focus on 

webometrics and hyperlink analysis. These constitute the second part of the literature 

study, that explains theories and methods within graph theory and network analysis as 

well as research in the field. 

 

Oates (2006) further mentions different kinds of literature that can be used in a literature 

review. In this study the following types were used: books, academic journal articles, 

conference proceedings, reports, websites and one doctoral thesis. Oates (2006) explains 

that the main part of the literature review should consist of academic journal articles, 

since they contribute to the understanding of the field from a research point of view. 

Books should be used with care. In this study, books have been used for explaining 

concepts within graph theory and research methodology. Reports have been used to gather 

relevant and up-to-date statistics on internet behaviours. The reports are conducted as 

surveys by well-renowned institutes within internet investigation. Websites are referred to 

in specific cases, such as describing the databases used or describing a software. The main 

part of the literature review consists of academic journals, explaining prior research 

related to this study. 

 

For this study the academic search databases Summon and Google Scholar have been used 

to find and retrieve academic articles. Backward search was used to further examine 

relevant research found in articles and books. Oates (2006) enhances the importance of 

assessing the retrieved literature. The literature could be assessed from its authors, its age, 

its theme and much more. To assess the academic articles in this study special attention 

was paid to their research objectives and research methodologies. These were summarized 

and presented in Appendix 1. Almost all academic articles used in this study are peer-

reviewed and books are written by academics in the field. Recent literature is extra 

important in the fast-evolving field of social media research. The webometric literature is 

from the late 90’s or early 2000’s which could be considered slightly too old for this 

research. Though, this literature is written by the initiators of the method which still 

makes it relevant, compared to using newer literature written by less informed authors. To 

point out the relevance of webometrics these articles were combined with newer 

references that have been practising webometric research. 
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Table 1 shows the definition of concepts from chapter 2. Theoretical background and what 

references have contributed to these. Appendix 1 contains a list of all references and their 

research objectives and research methodologies.  
 

Concepts Definition References 

Online media Digital media distributed through the internet Cortés (2014), Schwab 
(2016), Wyatt (2015) 

Social media Social media are web-based services that allow individuals, 
communities, and organizations to collaborate, connect, 
interact, and build a community by enabling them to create, 
co-create, modify, share, and engage with user-generated 
content that is easily accessible. 

Burgess et al. (2017), 
O'Reilly (2007), Sloan & 
Quan-Haase (2017) 

Traditional 
media online 

Professional journalism in online and social media Pew Research Centre 
(2016), Steinfeld et al. 
(2016), Wyatt (2015), Del 
Vicario et al. (2017), Nam 
et al. (2015), Lee (2015), 
Canter (2013), Skogerbø & 
Winsvold (2011), Meyer & 
Tang (2015) 
 
 

Information 
diffusion 

Spread or propagation of data, in this study in the context of 
social media 

Baños et al (2013), Bakshy 
et al (2012), Goel et al. 
(2016), Jin et al. (2018), 
Zhang et al. (2017), Goel et 
al. (2012), Goel et al. 
(2016), Jin et al. (2018), Li 
et al. (2017), Pei et al. 
(2015), Ortega (2017), Fu & 
Shumate (2017) 

Basic graph 
theory 

Method for representing and analysing datasets with nodes 
and links 

Voloshin (2009), Rigo 
(2016), Lee & Sohn (2015) 

Network 
analysis 

Quantitative analysis method for examining datasets with 
nodes and links 

Brath & Jonker (2015), 
Krempel (2011), Rigo 
(2016), Liu et al (2016), 
Martin (2016), Austin 
(2018), 

Webometrics Network analysis method deriving from 
bibliometrics/informetrics for analysing “web related 
phenomena” (Thelwall et al., 2015), using hyperlinks 

Acharya & Park (2017), 
Björneborn & Ingwersen 
(2001), Khan et al. (2016), 
Larsson et al. (2016), Page 
et al. (1999), Thelwall 
(2012), Thelwall et al. 
(2005), Vargas Meza & 
Park (2015), Xu et al. 
(2016), Björneborn & 
Ingwersen (2004) 
 

Hyperlink 
analysis 

Network analysis method for analysing networks of 
hyperlinks 

Park & Thelwall (2003), Yi 
et al. (2016), Waldherr et 
al. (2017), Taneja (2017), 
Fu & Shumate (2017) 

Table 1: Definitions of concepts and references related to the concepts 

3.2 Research strategy: survey 
Oates (2006) describes six useful strategies when studying information systems. Relevant 

strategies in the field, according to Oates, are surveys, design and creation, case studies, 

action research, experiments and ethnographies. The field of IS research is constantly 

evolving and there are also other strategies emerging. An example is action design 

research, as a variation of design & creation (Sein, Henfridsson, Purao, Rossi & Lindgren, 

2011). Another approach to IS research is combining one or more strategies to improve the 

reliability of the result as well develop IS research methodology (Brooks & Alam, 2015).  
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When considering choices in research methodology Björklund & Paulsson (2012) enhance 

the importance of two factors: feasibility and efficiency. With regard to feasibility a few of 

Oates’ (2006) research strategies could be instantly discarded for this study. With an 

objective of studying the traditional media propagation in social media, strategies that 

require the presence of users were too demanding. These included ethnographies, 

experiments and action research. Taking the research objective and the current needs in 

social media research into consideration survey strategy was chosen, rather than a case 

study. As mentioned in the problem statement, Song (2018) has identified case studies as 

being over-represented in social media research. Surveys are also suitable for large 

datasets that require standardized and systematic examination, which was useful for 

addressing research question 1: “What factors influence the propagation of traditional 

media publications in social media?” 

 

A significant part of the work consisted of developing a program that aggregate, examine 

and visualize social media posts and their relations. Therefore, approaches that focus on 

developing an artefact such as design & creation and action design research was 

considered. This approach would not allow to systematically examine data in order to 

make conclusions that relate to the research objective and were discarded. 

 

Advantages of working with surveys are that they are accredited as a strategy within IS 

research and are good for generalizing. With a wide perspective the survey strategy 

facilitates generalizations of information flow between traditional media and social media 

users.  Drawbacks of working with surveys are the lack of depth, which causes difficulties 

to describe changes and processes (Oates, 2006). This affects the durability of the result 

over time, since the phenomena of social media is fast evolving and constantly changing.  

 

3.3 Data generation: document studies 
Oates (2006) explains that surveys use questionnaires and/or document studies as data 

generation methods. For this study, documents were chosen. One reason for choosing 

documents was to discover things that people would not share if asked. Another reason 

was the risk of getting low response rate if using questionnaires.  

 

Oates (2006) mentions two kinds of documents: found documents and researcher 

generated documents. Found documents existed before the study and would have existed 

without the study. Other studies require documents to be made, thus; researcher 

generated documents. In this study, found documents were used. The documents 

consisted of social media posts from a social media database described in section 2.3.2 

Defining the data. Oates (2006) exemplifies different documents and mentions informal 

and personal communication, which defines social media posts as documents. These 

documents were first-hand documents, that did not aim to describe or reproduce other 

documents. 

 

3.3.1 Data collection 
In webometrics a common approach to collecting data is the use of web crawlers or search 

engines (Thelwall et al., 2005 ). In this study, a program combining data from two 

databases was built specifically for this purpose. There are advantages and drawbacks 

using defined, confined databases over crawling the web. The database has clear 

boundaries that will reduce noise and irrelevant data retrieval, which is a problem when 

crawling the web (Waldherr et al., 2017). When using a confined database, the data will be 

processed, structured and cleaned from superfluous tags, pictures, texts and/or links. 

Though, the confined social media database does not contain a complete collection of 

social media posts from the studied platforms, impacting the data’s comprehensiveness. 
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This study builds on the assumption that when using the same methods for collecting data 

into the databases, the difference between the data in the database and the data on the 

web is constant. This way, the data allows us to draw conclusions from comparisons in 

between classes but not make absolute statements about the information propagation. A 

qualified statement is “Dagens Nyheter reaches a wider population in social media than 

Svenska Dagbladet” whereas “Dagens Nyheter reaches 10 000 people more than Svenska 

Dagbladet” is not. 

 

3.3.2 Defining the data 
The units of study will be a seat (see section 2.3.2. Webometrics) with one traditional 

media publication from the Media archive and its associated social media posts, retrieved 

from the Pulse archive. Access to the data is granted by the owner of the databases: 

Retriever Norge. 

 

Database 1: Media archive 

The Media archive, known in Sweden as “Mediearkivet”, is Scandinavia’s biggest archive 

of traditional media publications, hosting around 100 million articles from traditional 

media (Retriever, 2018a). This database constitutes a solid base for systematic sampling 

(described in section 3.4 Sampling), since it offers as complete coverage of Scandinavian 

articles as there is to find in one database. 

 

Database 2: Pulse archive 

The data in the Pulse archive consist of aggregated posts from different social media 

platforms, collected through the different platforms’ APIs. The Pulse archive include the 

following social media platforms (Retriever, 2018b): 

- Twitter 

- Facebook  

- Instagram 

- Blogs 

- Forums 

- YouTube 

- Vimeo 

- Google Plus 

- Flickr 

At the time of this study the collection consists of more than 1 billion posts. Twitter is the 

dominant source, being an overwhelming majority of all posts. The reason is security 

policies from the different platforms. The data from Facebook, as an example, is to a much 

greater extent protected by users’ privacy settings. The social media posts in the Pulse 

archive might or might not be related to traditional media. 

 

3.3.3 Conduction 
Hyperlinks for the sampled newspapers were manually collected from the Media archive 

for the systematic sample and from the newspapers’ web pages for the purposive sample. 

The hyperlink was used to scan the Pulse archive for social media posts referring to the 

article by this hyperlink. The social media posts were scanned for references to other social 

media posts as well, to identify nodes that were not in the database. The program collects 

posts up to three levels from the root node (the traditional media article). This was 

concluded sufficient for this study since the seats are relatively small and research shows 

that 85% of all information cascades dies within the third sharing iteration (Pei et al., 

2015). Apache TinkerPop was used to construct individual graphs for each seat. Gephi was 

used to visualize the graphs, compute indegree centrality and apply the PageRank 

algorithm. 
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Apache TinkerPop 

Apache TinkerPop is an open source framework facilitating construction of and 

computations on graphs, based on graph theory. TinkerPop supports both cyclic and 

acyclic graphs and offers a library of algorithms to apply on the graphs (Apache Software 

Foundation, 2018). It is suitable for graphs of different sizes and patterns. TinkerPop 

writes the graphs into standard data structure languages such as JSON and GraphML. 

(Rodriguez, 2015). 

 

GraphML 

GraphML is an XML-based data structure that defines node objects and link objects. Links 

are referenced with outnodes and innodes. Nodes are referenced with in- and outlinks. 

Both TinkerPop and Gephi is compatible with GraphML. (Graphdrawing.org, 2016) 

 

Gephi 

Gephi is an open source tool for exploring graphs, that is compatible with TinkerPop 

generated GraphML-files. Gephi support network visualizations and computations for 

networks up to 100,000 nodes and 1,000,000 links. Gephi offer, amongst others, 

computations of indegree and PageRank. (Gephi.org, 2017) 

 

3.3.4 Ethics 
Oates (2006) pushes that all research must be legal and ethical. Personal information 

must be handled with care and respect to the respondents. 

 

Traditional media publications are collected from a database into which articles are loaded 

and paid for. For this study access to the database has been granted, thus making the 

collection of articles ethical. The URLs are not disclosed in the study but since headlines 

are used, these could probably be found anyway. With the URL it might be possible to 

trace the persons that have shared these articles in social media. 

 

In this study, social media posts were collected from different social media platforms. The 

access to the posts did not violate the social media users’ privacy settings. This could have 

affected the quality of the data, since nodes were missing. This mainly affects the Facebook 

data, since Facebook users’ privacy settings generally are stricter than e.g. Twitter. Still, it 

is important to notice that even though the data collection does not violate the users’ 

privacy settings, the awareness about information security varies a lot between individual 

users (Benson, Saridakis, & Tennakoon, 2015.; McCormac et al., 2017). Therefore, the 

social media URLs were not disclosed. Counts of associated posts were used to represent 

the data collected from social media. 

 

3.4 Sampling 
Oates (2006) covers two main sampling methods with sub-methods. The two main 

approaches to sampling are probabilistic sampling and non-probabilistic sampling. 

Probabilistic sampling is used to get a sample that is representative of a population. Non-

probabilistic sampling can be used when it’s not possible or relevant to have an even 

distribution from different classes of a population. This study included both probabilistic 

and non-probabilistic sampling.  

 

The study aimed at generalizing and work with width rather than depth which made 

probabilistic sampling a relevant choice. Within probabilistic sampling there are different 

approaches and Oates (2006) mentions random sampling, systematic sampling, stratified 

sampling and cluster sampling. In this study a combination of systematic and cluster 

sampling was used.  
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Purposive sampling was used to generate a second dataset for the study. The reason for 

adding the second dataset was to ensure retrieval of useful data. Purposive sampling aims 

at intentionally pick a sample that will generate data needed to perform a study. In this 

case the purposive sample consisted of articles that were likely to have a large spread in 

social media. 

 

3.4.1 Sampling frame 
According to Oates (2006) the sampling frame represents all occurrences of the object of 

study. From the sampling frame researchers use different sampling strategies to receive a 

sample for the actual study. In this study the sampling frame consisted of all Swedish 

traditional media news outlets that were present online. 

 

From the sampling frame, clusters were chosen. Clusters are groups of newspapers that 

together could be assumed to represent our sampling frame. The clusters of this study are 

defined and described in section 3.4.2 Choice of publishing newspapers. The clusters of 

newspapers were used to perform systematic and purposive sampling. 

 

The first sample was created through systematic sampling. Systematic sampling is an 

extension of random sampling. Within random sampling, objects of study are chosen 

completely at random. Within systematic sampling, objects of study are chosen on a 

systematic basis, e.g. every tenth article in a newspaper. Systematic sampling within news 

media studies has been used with success in the past. Douglas Evans and Ulasevich (2005) 

researched sampling methodologies when working with news articles and found that most 

systematic approaches result in samples representative of a census.  

 

The second sampling method was purposive sampling, which is a non-probabilistic 

sampling method. Purposive sampling aims at intentionally pick a sample that will 

generate the most useful kind of data for the current research. In this case, the purposive 

sample consisted of articles that were likely to have reached a larger spread in social 

media. 

 

3.4.2 Choice of publishing newspapers 
Newspapers can be divided into several categories. There is weekly press and daily press. 

In Sweden there is two kinds of daily press: the morning press and evening press. 

Traditionally the evening press delivered newspapers in the evening and morning press 

delivered newspapers in the morning. Today the difference is mainly about content and 

target groups. There is also national press and local press (Kantar Sifo, 2017).  

 

This study covered daily press, using three classes: national morning press, national 

evening press and local press. The cluster consisted of: the two largest national evening 

newspapers, the two largest national morning newspapers as well as the two largest local 

newspapers in Sweden. The selection was based on a report from Kantar Sifo (2017) 

describing the reach of different newspapers to Swedish media consumers. The report 

presents two measurements: print reach and digital reach. The measurement of digital 

reach was used when picking newspapers for the cluster.  

 

The two largest newspapers in Sweden within the defined classes were: 

- Daily national evening press: Expressen and Aftonbladet 

- Daily national morning press: Svenska Dagbladet and Dagens Nyheter 

- Daily local press: Helsingborgs dagblad and Västerbottens-Kuriren 
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The reason for choosing the largest newspapers from every class was to be able to make an 

equal comparison in between the classes as well as getting more data.  

 
The number of social media followers is crucial to information propagation in social media 

(Ortega, 2017; Fu & Shumate, 2017). A higher number of followers pushes the propagation 

of information in social media. All the sampled newspapers in this study have active social 

media accounts on both Facebook and Twitter. The number of followers is presented in 

Table 2.  

 

Newspaper Twitter followers Facebook followers 

Expressen 170 000 467 000 

Aftonbladet 114 000 401 000 

Svenska Dagbladet 201 000 104 000 

Dagens Nyheter 211 000 182000 

Helsingborgs dagblad 8500 50 000 

Västerbottenskuriren 3000 27 000 
Table 2: Followers on social media platforms by May 2018 

 

3.4.3 The time aspect for ever-changing online data 
Larsson et al. (2016) describe challenges of capturing representative data on the web. The 

information online is constantly changing, amended, moved and/or deleted. When 

capturing online data, it is important to select a point in time that captures a 

representative sample of the phenomena studied. For the systematic sampling, a time 

interval of two weeks in February – March 2018 was chosen, to get as recent data as 

possible. For these two weeks every second day was chosen, making sure that every 

weekday was included. For the chosen days every tenth of published articles was picked. 

 

The purposive sample was picked with the intention of getting more social media data. 

The time interval was not considered when picking articles. All the sampled articles were 

published in or in between January and April 2018. 

 

3.4.4 Systematic and purposive samples 
This study has used two samples for data collection: one systematically picked sample and 

one purposively picked sample. 

 

Systematic sampling 

The purpose of the systematic sample was to get a sample representing all articles in the 

sampling frame. For defined time intervals, a sample of every 10th article was chosen. This 

strategy is similar to the approach described by Douglas Evans and Ulasevich (2005), with 

the difference that their time intervals were longer. This may affect the durability of the 

result but was necessary due to limitations in time and resources for this study.  

 

Purposive sampling 

The purpose of the purposive sample was to collect articles that were likely to have 

reached a larger spread in social media. For the purposive sampling, no time interval was 

selected. Instead the newspapers’ websites were reviewed and prominent articles from 

different categories were picked. This could be articles such as the latest, the most read or 

the most clicked.  
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3.4.5 Sample size 
Oates (2006) describes sampling size as affecting the generalizability of a study as well as 

the reliability of statistical computations. A study that aims at doing statistical analysis 

requires a sample of at least 30 instances. With a sample of less than 30, common 

statistical calculations such as means, quartiles etc. will not be reliable. That the different 

groups consist of at least 30 articles were therefore vital for this study. 

 

3.5 Data analysis 
To answer the first research question a quantitative comparison considering the articles’ 

and newspapers’ characteristics will be performed. To answer the second research 

question graphs will be constructed and network analysis metrics applied to nine seats 

from the collected data. 
 

3.5.1 Statistical analysis 
To address research question 1: “What factors influence the propagation of traditional 

media publications in social media?”, a quantitative analysis of statistical tests was 

performed. There are several statistical tests to use to make comparisons and find 

significant differences in between data. Different datasets require different test. Factors to 

take into consideration when choosing a statistical test are: datatype of the dependent 

variable, the number of independent variables, levels (groups) of independent variables 

and distribution of the data (Denis, 2016).  

 

Three major data types are nominal data, ordinal data and interval/ratio data. Nominal 

data is also called categorical data and could be, as an example, sex or colour. The 

categories do not imply any order in between each other. Ordinal data is data that does 

indicate an order, but the exact distance between the data points is unknown. An example 

is the level of satisfaction or grades. Interval/ratio is more precise than both ordinal and 

nominal data and indicates things that can be measured, such as weight, length or number 

of social media re-posts (Denis, 2016). The data in this study is interval/ratio data. 

 

The dependent variable in our data is the number of social media referral counts and none 

of the datasets have more than one independent variable. The independent variables in 

this study are the newspaper class, newspaper and the article category. The independent 

variables have different levels in different datasets: three levels of newspaper classes, six 

levels of newspapers and five levels of article categories. 

 

Datasets are characterized by their distributions and to choose the right statistical test, the 

distribution of the data must be considered. The data in this study were tested for normal 

distribution. Examples of other distributions are binomial distribution or Poisson 

distribution (Denis, 2016). To test the datasets for normality a Shapiro-Wilks test has been 

used. These tests showed that none of the datasets were normally distributed. This was 

taken into consideration when choosing the statistical tests for comparison. 

 

One Way ANOVA vs Kruskal Wallis  

For the data in this study, tests that handle one independent variable with more than 2 

levels is required. The test must also be compatible with interval data. Such tests are the 

One-Way ANOVA and Kruskal Wallis. When dealing with non-normally distributed data it 

is important to choose a statistical test that not only fit with the datatype but also are 

robust to the distribution. Kruskal Wallis, as a non-parametric test, should be regarded as 

comparing distributions where One-Way ANOVA, as a parametric test, compare means. 

Results from parametric tests are usually regarded as more robust than non-parametric 

test. The One-Way ANOVA assumes a normal distribution and when dealing with non-

normal data Kruskal Wallis is sometimes recommended. Though, a common view is that 
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since One-Way ANOVA uses means it is still relatively robust to non-normality (Blanca, 

Alarcon, Arnau, Bono & Bendayan, 2017). One-Way ANOVA and Kruskal Wallis was 

tried out on some of the datasets. Kruskal Wallis more often stated a difference and One-

Way ANOVA never stated a difference where Kruskal Wallis did not. One-Way ANOVA 

were therefore concluded more robust and chosen for data analysis. Null and alternative 

hypothesises according to One-Way ANOVA were: 

 

H0 – there is no significant difference between the levels  

Ha – there is a significant difference between at least two of the levels  

 

These tests do not tell what levels that are differencing from each other. To decide this a 

post hoc test is performed on the results. The post hoc test used in this study was the 

Tukey HSD-test, which was used since it’s easily combined with One-Way ANOVA (Denis, 

2016). 

 

Significance level 

The significance level chosen for this study is 0.05. Consequently, there is a 5% risk of 

stating a difference where there are none as well as missing out on an actual difference. 

 

3.5.2 Network analysis 
To address research question 2: “How can network analysis methods be used to 

understand traditional media publications’ propagation in social media?” a network 

analysis has been performed. The network analysis contains both hyperlink and 

webometric analysis elements. Each traditional media article with associated social media 

posts constitutes a webometric seat. Hyperlinks were used to construct graphs 

representing hyperlinked networks. 

 

Two different metrics were applied to the graphs: indegree centrality and the algorithm 

PageRank. These metrics were chosen because they’re applicable to directed acyclic 

graphs. Outdegree centrality will be the same for all nodes in the graphs of this study and 

density will be generally low and meaningless. Also, the research by Liu et al. (2016) 

suggests that indegree is a relevant measurement to be examined when studying networks 

based on hyperlinks. 
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4. Data analysis and result  
 

This section explains the results of the data collection and data analysis. Section 4.1. 

shows the sampled traditional media articles. Sections 4.2 – 4.5 describes the 

quantitative comparisons between categories and newspapers. Section 4.6 Graph 

construction and network analysis presents results from the network analysis with 

visualizations and network metrics. 

 

The sampled articles’ URLs were used to scan the Pulse archive for social media posts 

referring to these URLs. Each match constitutes a social media post referring to the 

traditional media article. Together these form a seat and can be visualized with graph 

theory notation. The number of social media post referrals is an indication of a traditional 

media article’s spread in social media. Referrals are summarized and categorized to 

address, and support conclusions, related to the research questions and research 

objectives. One-Way ANOVA and Tukey HSD-tests were used to calculate significant 

differences. Results from these tests are found in Appendix 4. 

 

Each seat was processed to find the relations between included social media posts. With 

network analysis notation, important nodes in the seats could be found. Two network 

analysis metrics were applied to the graphs, compared and evaluated: indegree centrality 

and PageRank. 

 

4.1 Traditional media articles 
Traditional media articles were systematically collected in order to give an overall picture 

of traditional media propagation in social media.  Table 3 shows the number of articles 

collected from different days and different newspapers. These articles’ URLs were used to 

scan the Pulse archive for social media posts referring to the publications. 

 

Newspaper 19 Feb 21 Feb 23 Feb 25 Feb 27 Feb 1 Mar 3 Mar Total 

Exp. 24/ 249 28/280 27/276 20/201 24/241 22/224 25/250 170/1721 

AB 23/233 29/291 30/300 19/193 20/203 16/167 16/169 153/1556 

SvD 32/324 40/401 38/387 14/145 31/315 34/342 14/146 203/2060 

DN 25/258 24/246 28/281 17/174 22/223 22/228 20/208 158/1618 

HD 20/207 24/244 28/282 14/149 21/213 20/202 14/146 141/1443 

VK 14/149 19/196 20/204 12/126 17/173 11/112 13/131 106/1091 

Total 138/1420 164/1658 171/1730 96/988 135/1368 125/1275 102/1050 931/9489 
Table 3: Number of systematically sampled articles from the total number of articles for 

different dates 

In order to analyse factors impacting traditional media propagation in social media a 

purposive sample was picked. This sample includes articles of different categories from 

previously clustered newspapers. Not all newspapers publish articles in all categories. The 

number of articles collected is shown in Table 4. 

Table 4: Number of traditional media articles collected from different categories 

Newspaper Opinion Entertainment Business Culture Sports Total 

Exp. 13 19 - 26 23 81 

AB 29 20 - - 22 71 

SvD 16 - 22 28 - 66 

DN 20 - 27 38 25 110 

HD 20 - - 18 19 57 

VK 18 26 24 24 21 113 

Total 116 65 73 134 110 498 
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4.2 An overall picture 
Systematic sampling was used to give an overall picture of the propagation of traditional 

media articles in social media. From 931 sampled articles in the systematic sample 208 

articles had reached any spread in social media, according to the hyperlink referrals in the 

database. Of these 208 articles: 

• 78 articles were referred to in one social media post  

• 89 articles were referred to in 2-9 social media posts.  

• 41 articles were referred to in 10 or more social media posts 

This indicates that larger information cascades are rare. Appendix 2 presents a list of 

articles with a spread <= 10 social media posts.  

 

For the sample in this study, 22,34% of traditional media publications had reached social 

media. The results indicate that a majority of traditional media articles does not reach any 

spread in social media. Table 5 shows the ten most propagated articles and the number of 

social media posts referring to these articles. 

 

Newspaper Article Social media 

post referrals 

svd 
Universitetens 

omedvetna sexism 455 

expressen 
Mormors guldtänder 

finansierar normkritik  444 

svd 
Politiker går emot 

forskare vi kan flyga mer 422 

dn 
Skandalöst smussel kring 

Sveriges FN kampanj 288 

aftonbladet 
Vi har inte råd med alla 

lediga föräldrar 233 

expressen 
Skydda lärarna mot hot 

och våld 135 

dn 
Bokutdrag vi måste 

härifrån jag är judinna 126 

aftonbladet 
Staten ska inte 

åsiktskorrigera 99 

aftonbladet 
Brottsoffret man känner 

sig liten och obetydlig 89 

expressen 
Man våldtog Susanne 

gick fri efter åklagarens 

misstag 74 

Table 5: The ten most propagated traditional media articles with related social media 
posts 

4.3 Propagation by category 
Even though traditional media propagation in social media in general is scarce, numbers 

differ when researching articles from specific categories. The results show that for several 

categories, more than half of all articles are propagated in social media. This is shown in 

Figure 4. Sports is the only category where the percentage of articles that reached social 

media do not exceed 50%. Worth keeping in mind is that most of these information 

cascades are small, as explained later in the result. The category of Opinion, however, was 

the category most propagated in social media. 72% of the sampled articles were referred to 

in social media. 
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Figure 4: Proportion of articles propagated and not propagated in social media (number 

of articles; percentage of articles) 

When looking at the numbers of social media referrals per article, the propagation is shed 

in another light. Figure 5 shows the number of referrals for the ten most propagated 

articles from each category. It is clear that few articles are widely spread. The majority of 

articles in Table 6 were referred to in less than 100 social media posts and neither the 

figure nor the table includes the long tail of low- or no-propagation articles. 

 

 
Figure 5: Diagram showing the spread (by number of social media post referrals) of 

traditional media articles 
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Table 6: Number of social media post referrals for the ten most propagated articles per 
category 

Significant differences by category 

For the social media post referrals found, a One-Way ANOVA test was performed, showing 

that there is a significant difference between at least two of the categories. Table 7 presents 

the result of the post hoc Tukey HSD test, where a p-value < 0.05 indicates a significant 

difference: 
               diff       lwr       upr     p adj 

cul-bus   5.4411163 -20.12837  31.01060 0.9776118 

ent-bus  -4.7732350 -34.74913  25.20266 0.9924799 

opi-bus  40.0713274  13.81154  66.33111 0.0003347 <- Difference found 

spo-bus  -4.5515567 -31.08652  21.98340 0.9900162 

ent-cul -10.2143513 -36.78292  16.35422 0.8305201 

opi-cul  34.6302110  12.33871  56.92171 0.0002434 <- Difference found 

spo-cul  -9.9926730 -32.60769  12.62234 0.7457370 

opi-ent  44.8445623  17.61101  72.07811 0.0000798 <- Difference found 

spo-ent   0.2216783 -27.27731  27.72066 0.9999999 

spo-opi -44.6228840 -68.01554 -21.23023 0.0000026 <- Difference found 

Table 7: Result from Tukey HSD test, comparing article propagation by category  

 

The significant differences found are in between classes Opinion – Business, Opinion – 

Culture, Opinion – Entertainment and Sport – Opinion. This makes the Opinion category 

a differencing category in this comparison. 

 

Distribution between platforms 

To better understand traditional media propagation in social media, the distribution 

across different social media platforms have been reviewed. Even though the Pulse archive 

contains social media posts from multiple social media platforms (see section 3.3.1 Data 

collection), related posts were only found on Facebook and Twitter.  

 

Figure 6 below shows the distribution between different platforms, by percentage. Note 

that the only category having a larger spread on Facebook than on Twitter, was 

Entertainment. 
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Figure 6: Distribution between social media platforms as percentage 

4.4 Propagation by newspaper 
Whether articles’ propagation depends on the publishing newspaper was also examined. 

The social media posts found were grouped by publishing newspaper and compared.  

Again, it is obvious that few articles reach a large spread in social media, but most articles 

do not, as shown in Figure 7. Table 8 summarizes the number of related social media posts 

for the ten most propagated articles. Even though it might seem obvious that there is a 

difference in between the national press and the local press, the Tukey HSD test only 

showed a difference between Västerbottenskuriren and Expressen. By dividing data into 

different newspaper classes, this is further explored in section 4.2.1 Significant differences 

by newspaper characteristics. 

  

 

Figure 7: Ten most propagated articles by newspaper 
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646 898 597 186 16 5

480 83 178 157 8 3

254 59 167 83 3 2

246 44 167 81 2 1

112 34 159 67 2 1

90 30 109 64 2 0

84 25 105 47 2 0

57 25 57 44 2 0

45 24 42 40 2 0

37 24 33 33 2
Table 8: Number of social media referrals for the ten most propagated articles per 

newspaper 

 

Significant differences by newspaper 

For the social media post referrals found, a One-Way ANOVA test was performed, showing 

that there is a significant difference between at least two of the newspapers.  Table 9 

presents the result of the post hoc Tukey HSD test, where a p-value < 0.05 indicates a 

significant difference: 

 
               diff        lwr       upr     p adj 

dn-aft   -3.1081946 -31.902740 25.686351 0.9996242 

exp-aft   8.5466875 -22.203415 39.296790 0.9682857 

hd-aft  -20.7613047 -54.399666 12.877057 0.4889707 

svd-aft   7.3160478 -25.025112 39.657208 0.9872899 

vk-aft  -20.2019195 -48.846137  8.442299 0.3336293 

exp-dn   11.6548822 -16.038391 39.348155 0.8348590 

hd-dn   -17.6531100 -48.521993 13.215773 0.5749296 

svd-dn   10.4242424 -19.025702 39.874187 0.9136642 

vk-dn   -17.0937249 -42.428282  8.240833 0.3847833 

hd-exp  -29.3079922 -62.008618  3.392633 0.1082090 

svd-exp  -1.2306397 -32.595304 30.134025 0.9999975 

vk-exp  -28.7486070 -56.285541 -1.211673 0.0349035 <- Difference found 

svd-hd   28.0773525  -6.123711 62.278416 0.1768287 

vk-hd     0.5593852 -30.169320 31.288091 0.9999999 

vk-svd  -27.5179673 -56.820947  1.785012 0.0797126 

Table 9: Result from Tukey HSD test, comparing article propagation by newspaper 

The significant difference found is in between newspapers VästerbottensKuriren - 

Expressen. 
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4.5 Significant differences by newspaper characteristics 
When looking at the data from the spread of articles by newspaper, it might seem obvious 

that there is a difference between media outlets. The tests performed on the data only 

showed upon one significant difference though. To explore this further a comparison 

based on newspaper characteristics were made. To compare article propagation by 

newspaper characteristics the three classes defined in section 3.4.2 Choice of publishing 

newspapers were used. The classes are local daily press, national daily morning press and 

national daily evening press.  

 

For the social media post referrals found, a One-Way ANOVA test was performed, showing 

that there is a significant difference between at least two of the classes. The post hoc Tukey 

HSD test indicated the following differences, where a p-value < 0.05 indicates a significant 

difference: 
              diff        lwr       upr     p adj 

loc-evn -24.943963 -42.269488 -7.618438 0.0022179 <- Difference found 

mor-evn  -3.753589 -20.939141 13.431964 0.8648302 

mor-loc  21.190374   4.500158 37.880591 0.0083627 <- Difference found 

Table 10: Result from Tukey HSD test, comparing differences by newspapers class 

The significant differences found are in between classes local daily press – national 

evening daily press and local daily press – national morning daily press. This makes the 

local daily press a differencing class in this comparison. 

 

This result is closer to what is expected when looking at the data. It indicated that articles 

published in local press are less spread in social media than articles published in national 

press. 

 

Distribution across platforms 

The distribution across different platforms was compared for all the newspapers, 

presented in Figure 8. The national newspapers show a much larger spread on Twitter 

than on Facebook. Remarkable is that local newspapers show a larger spread on Facebook 

than on Twitter. Again, referrals on other platforms than Facebook and Twitter were zero. 
 

 
Figure 8: Distribution between platforms by percentage 
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4.6 Graph construction and network analysis 
Graphs were constructed from the seats to examine whether the graph theory notation can 

be useful for analysing traditional media propagation in social media.  

 

4.6.1 Graph construction 
The social media posts were analysed in order to construct directed acyclic graphs 

representing articles’ propagations in social media. The constructed graphs have three 

kinds of nodes: 

- Root node, representing the article. Colour: red. 

- Nodes representing social media posts found by hyperlink reference. Colour: 

orange. 

- Nodes representing social media posts not found through hyperlink reference, but 

through parent-child referencing from other nodes. Colour: blue. 

 

Figure 9 represents an information cascade with 931 nodes. The root node is the article 

’Filmen om Avicii bli nästan kuslig’. Figure 10 represents a small information cascade with 

46 nodes. The root node is the article ‘Cecilia Malmström ska hindra ett handelskrig mot 

USA’.  

 
Figure 9: Information cascade of 931 nodes based on the propagation of article ‘Filmen 

om Avicii blir nästan kuslig’ 
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Figure 10: Information cascade of 46 nodes based on the propagation of article ‘Cecilia 

Malmström ska hindra ett handelskrig mot USA’ 

From the graphs it seems like the hyperlink scan manages to find enough nodes to identify 

important key nodes in clusters of information propagation. The blue nodes in the middle 

of a cluster represent a post that was not found in the database but with a high indegree 

centrality. Even though it was missing, retrieving enough adjacent reposts referring to this 

node made it possible to identify it. These graphs imply that scanning for URLs in larger 

information cascades identifies important nodes for an article’s propagation. With enough 

adjacent nodes referring to the key influencer, it can be identified. For smaller information 

cascades it is unsure if all relevant nodes have been identified since this study doesn’t 

include any method for controlling this. Appendix 5 – 7 presents more examples of graphs 

constructed from collected data. 

 

4.6.2 Network metrics 
To indicate a node’s importance in a network, its size can be adjusted: bigger nodes are 

more important. Two different measurements, indegree centrality and the PageRank 

algorithm, has been applied to visualizations of information cascades to decide the nodes’ 

importance. Three small information cascades, three medium information cascades and 

the three largest information cascades of our dataset have been visualized this way. These 

are found in Appendix 5 – 7. Table 11 shows a summary of the visualizations, describing 

which node that was ranked as the most important by PageRank and indegree centrality. 

Adjacent node refers to a node adjacent to the root node. For two information cascades the 

root node and an adjacent node was given equal importance. 
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Cascade size PageRank Indegree 

Small 1 Root node Root node 

2 Root node Adjacent node 

3 Root node Adjacent node 

Medium 1 Root node Adjacent node 

2 Root node Adjacent node 

3 Root node Adjacent node 

Large 1 Root node/adjacent node Adjacent node 

2 Root node Adjacent node 

3 Root node Root node/adjacent node 
Table 11: Most important node according to PageRank and indegree centrality 

The results indicate that PageRank is not a relevant metric for understanding information 

cascades of the sizes that are common in Swedish traditional media propagation. Even 

though the root node is an important node since it is the mother of all other nodes, that is 

irrelevant when trying to understand information cascades. When analysing traditional 

media propagation in social media it is more important to know which external locations 

on the web that are pushing a publication’s propagation. 
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5. Discussion 
 

This section discusses the results from section 4. Data analysis and result. Results are 

explained in relation to the research objectives and are put into context with earlier 

research within the field. Contributions to the fields are explained and suggestions for 

further research are given. 

 

5.1 Significant factors for traditional media propagation in social 
media 
The first research question is: 

- What factors influence the propagation of traditional media publications in social 

media? 

 

By the results of this study, factors impacting traditional media propagation in social 

media is: 

- Category of the article 

- Whether an article is published in local or national press 

- What newspaper that is publishing an article seem to have low or no impact on an 

article’s propagation. 

 

Section 2.3.1 Viral diffusion explains how different researchers have reached slightly 

different results when examining how often information is spread in social media. 

Depending on the area of study the diffusion patterns somewhat differ but a common view 

is that major information cascades are rare. The results from this study suggest that for 

traditional media, more than three-fourths of publications never reach social media, which 

confirm prior findings. In prior research some samples showed that 99% of the instances 

were not spread in social media and for other samples, as many as 65% were spread. With 

this in mind, the result does not contradict earlier studies and gives an indication of 

traditional media’s propagation compared to other kinds of media, such as blogs. A larger 

portion of blog posts seems to reach social media, compared to the portion of traditional 

media articles that reach social media. This might be explained by blogs already being a 

social medium. Spreading a traditional media article in social media might require a 

higher incitement than spreading a blog post. Also, compared to the number of academic 

articles that were spread in social media (13%), traditional media articles seem to be more 

propagated in social media. 

 

Even though several social media platforms are included in the Pulse archive, there are no 

findings of propagation of traditional media on other platforms than Facebook and 

Twitter. This might be due to the methods used in the study. Other methods for tracing 

propagation, such as theme detection, keyword analysis or other content analysis methods 

might give another perspective. It is possible that scanning for hyperlinks is inadequate for 

detection of traditional media propagation on platforms such as Instagram, that is mostly 

concerned with pictures. The result could also indicate that traditional media propagation 

on other platforms is small, but this must be further explored. 

 

5.1.1 Propagation by category 
 

The results show that Opinion is the most propagated category. However, this result is 

strongly influenced by the lack of Facebook data completeness in this study. Even though 

Twitter data is highly dominant in the datasets the Entertainment category has a larger 

spread on Facebook than on Twitter, as the only category. This indicates that the 
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propagation of Entertainment articles has larger spread on Facebook than shown in this 

study and therefore have a greater overall spread. 

 

As described in section 2.1.2 Traditional media online, earlier studies have shown that 

social media is polarized and that different interest groups occur on different platforms. 

The comparisons between categories imply that this could be the case also for Swedish 

traditional media propagation, since Entertainment seem to be more spread on Facebook 

and Opinion on Twitter. This could be used for further research. Examinations of the 

underlying social network could contribute with important insights for social media 

strategists in traditional media. Such research might find who is pushing traditional media 

propagation in social media as well as identifying target groups and their preferred 

platforms for reading articles.  

 

5.1.2 Newspaper characteristics 
Traditional media articles’ propagation was also compared by publishing newspaper and 

by what kind of newspaper that published the article. 

 

When comparing specific newspapers, the only difference was in between 

VästerbottensKuriren and Expressen. This result indicates that overall, the publishing 

newspaper does not impact an article’s propagation to any significant extent. One possible 

reason could be found in prior research, that describes how journalists get no or low 

support from their managers in terms of their social media activity. If this is a contributing 

factor, it seems like news organisations fail to organize and/or monitor their propagation 

in social media. Further research about news organisations’ insights and knowledge about 

their own social media presence is desirable to identify their needs. 

 

The results further suggest that other factors than the publishing newspaper impact 

traditional media articles’ propagation. When comparing national morning press, national 

evening press and local press, significant differences were found. Local press differs from 

both the national morning press and national evening press, with a much lower overall 

spread. The propagation of articles for local press in this study might seem small, but still 

local press shows a greater propagation on Facebook than on Twitter. Again, since 

Facebook data is hard to retrieve, there is reason to believe that the propagation of local 

press is larger than shown in this study. It is still a significant finding that local press is 

rather spread on Facebook than on Twitter.  

 

Findings of local press’ low propagation on Twitter are in line with research described in 

section 2.1.2 Traditional media online. Researchers have shown that local press gets little 

attention on Twitter and gives a picture of local press not being propagated in social 

media. What prior research fail to describe is local press’ propagation on Facebook. This 

study finds that local press’ propagation is larger on Facebook than on Twitter. This 

should be explored further to gain knowledge about local press overall propagation in 

social media. Another important insight is how single-platform research easily miss out on 

important perspective, which is further discussed below. 

 

5.1.3 Cross-platform research 
The data collected in this study is dominated by Twitter posts. This is due to Facebook 

users’ stricter user settings, which limits the data retrieval. Still, certain categories and 

newspaper classes show a larger spread on Facebook than on Twitter. This reflects the 

difficulties in social media research described in the problem statement. Researchers 

address the lack of solid cross-platform social media research, affecting the overall 
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understanding of social media information diffusion. This study shows that there is a risk 

of losing important perspectives when excluding cross-platform collection of data.  

 

Methods for cross-platform research must be improved and refined. As earlier research 

has shown, hyperlink analysis might be neither sufficient or efficient to explain complex 

social media patterns. Difficulties of getting cross-platform data still forces researchers to 

use hyperlinked networks for analysis. Furthermore, satisfactory data retrieval is crucial 

for unbiasing social media research and to encourage these kinds of studies. Cross-

platform research is cumbersome, due to difficulties in data retrieval and unbalanced data. 

Still it is of utter importance to perform such studies, to understand, not only traditional 

media diffusion, but overall information diffusion in social media. 

 

5.2 Use of network analysis for traditional media propagation 
The second research question is: 

- How can network analysis methods be used to understand traditional media 

publications’ propagation in social media? 

 

To address this research question the collected data was visualized using graph theory 

notation and two different network analysis metrics were applied to the graphs. The nodes 

were colour coded to indicate how many nodes that had been detected through URL 

search. 

 

5.2.1 Webometric/hyperlink analysis aspects 
Sections 2.3.2 Webometrics and 2.3.3 Hyperlink analysis describe how analysis of 

hyperlinked networks could be both useful and misleading when examining the web. This 

study shows that scanning for hyperlinks in a confined database generates enough data to 

find important nodes in an information cascade. This is valid for the larger information 

cascades in this study but might be doubted for the smaller information cascades. This is 

further discussed in section 5.3 Limitations of the study. 

 

Some prior research doubts the relevance of hyperlink referencing, which in this case is 

not applicable. Researchers have claimed that hyperlinks don’t indicate actual web traffic 

and therefore are irrelevant. When examining social media data, as in this study, the 

hyperlink to a high degree indicates user action. Recognition of the usefulness of 

webometrics/hyperlink analysis for studying diffusion patterns in social media could be 

used to develop research methods within the field. Contributions from this study are that 

the hyperlink is relevant to social media research and especially useful to examine social 

media interactions with other media. 

 

5.2.2 Network metrics 
The metrics applied to the graphs were indegree centrality and the PageRank algorithm. 

The findings in this study are in line with prior research, even though put in a new context.  

 

The research described in section 2.3.1 Network analysis found that indegree was a good 

indication of a node’s ability to propagate news. Indegree centrality was shown to be useful 

to find central nodes in different clusters for both small, medium and large information 

cascades. Even in the cases where the central node of a cluster was not in the database, the 

directed links pointed upon its presence and importance. 

 

This is not the first study indicating that the PageRank algorithm isn’t useful for smaller 

information cascades, such as the seats in this study. For small and medium information 

cascades, the PageRank algorithm ranked the root node as the most important node. The 
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algorithm also left almost all other nodes with no significant ranking. For a large 

information cascade, the PageRank algorithm gave one other node significance, and this 

was a neighbouring node to the root node. This is an example of PageRank’s complexity; it 

manages to identify the node without which no other nodes would have existed. However, 

for small- and medium-sized information cascade aiming at analysing the information 

propagation, the value of this information is small. Even for the biggest information 

cascade in this study, the PageRank algorithm did not contribute much. Then the less 

sophisticated metric of indegree centrality seems to be a more useful metric for 

information cascades of these sizes. The indegree centrality identifies nodes central in 

their respective clusters, which for traditional media propagation is an indication of 

important influencers of a story.  

 

Prior research describes large information cascades as rare events, which also is supported 

by the result of this study. Taking this into consideration, the indegree centrality 

measurement is the recommended metric when trying to understand the propagation of 

traditional media publications in Sweden. This knowledge could be used by both media 

analysts and researchers to further refine the knowledge of traditional media propagation. 

Also, it is suggesting that less complex algorithms and metrics are to be preferred in this 

context. This could be further explored by examining metrics such as density and out-

degree (for cyclic graphs) in a similar context or on information cascades of similar sizes. 

 

5.3 Limitations of the study 
There are limitations of this study that must be taken into consideration when estimating 

the reliability of the results. This study has included Swedish traditional media and no 

media from other countries. The traditional media propagation in social media might be 

different in another geographical setting. More newspapers could have been included in 

the study, to give a more comprehensive picture of the Swedish traditional media 

propagation in social media. 

 

The result from the network analysis must be weighed against the number of examined 

graphs. Only nine traditional media articles have been subject for examination with 

network analysis metrics. The first reason is limitations in time and resources for the 

study. Because of limitations in time the networks were not examined programmatically, 

and no statistical tests were performed to compare metrics. Another reason for picking few 

graphs was the low overall propagation. Most articles had little or no spread in social 

media and graphing them would be superfluous. The result should be regarded as an 

indication about the usefulness of network analysis and what metrics that are appropriate 

for traditional media information propagation. 

 

The research methodology, survey, will impact this study’s durability over time. Data were 

collected from an isolated point in time and the lack of qualitative analysis makes the 

result unable to describe processes and changes. The study’s age should therefore be 

considered when interpreting the result in the future. 

 

There is a risk that the purposive sample is biased. It has been collected with the purpose 

of finding articles with more spread in social media. Also, some newspaper lack articles in 

certain categories. This is likely to impact the comparisons to some extent. Since larger 

information cascades are rare, this problem is common in information diffusion research, 

as described in section 2.2 Information diffusion in social media. Prior research points 

out the difficulties of getting unbiased yet relevant data in this field and mentions that this 

could require the collection of billions of data points.  
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6. Conclusion 
 

This section summarizes findings of the study, what could have impacted the results and 

what are the most important fields for future research. 

 

This study was performed as a survey, exploring traditional media propagation in social 

media. Social media is a difficult field to monitor yet is understanding of its character 

significant for the propagation of traditional media. Traditional media articles were 

sampled and social media posts that referred to these articles were gathered, to analyse 

what factors impact traditional media propagation in social media. The result suggests 

that an overall of 22,34% of traditional media articles are spread in social media. For the 

majority of these, the propagation is small. A quantitative analysis shows that articles 

related to Opinion, such as editorials and chronicles, are the most propagated traditional 

media articles in social media. Findings also suggest that different interest groups use 

different platforms for traditional media propagation. Articles related to Entertainment 

are more propagated on Facebook than on Twitter, for instance. The characteristics of the 

publishing newspaper were also analysed. The analysis shows that local press has a lower 

overall propagation than national press but that it is prominent on Facebook. Another 

significant finding was that no propagation was found on other social media platforms 

than Facebook and Twitter. 

 

Furthermore, a network analysis of the propagation of traditional media articles was 

performed. Findings show that hyperlink analysis is useful when exploring traditional 

media propagation in social media. Two network analysis metrics were used: indegree 

centrality and PageRank. The conclusion was that indegree centrality is a more 

appropriate metric to use when examining traditional media propagation or information 

cascades of similar sizes. 

 

These results should be considered with a few things in mind. The results durability over 

time could be questioned, since survey was used as the research strategy. For the 

comparison in between categories and newspapers, a purposive sample was collected with 

the intention to find traditional media articles with a larger spread in social media. This 

could make the result somewhat biased. The evaluation of network metrics was performed 

on a small number of information cascades and could need further investigation. 

 

Based on the findings of this study some areas for future research is suggested. When 

studying traditional media propagation less complex metrics are more useful. Other less 

complex metrics than those in this study should be evaluated for usefulness. It is also 

desirable that other methods such as theme detection or content analysis were applied to 

traditional media propagation research. Such approaches could give complementing 

perspectives, validate or invalidate the findings of this study. Overall, one of the most 

important areas for future research is cross-platform methods for information diffusion 

research. This study shows that cross-platform analysis is cumbersome and difficult, yet 

vital for understanding information propagation in social media. 
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analysis of news 
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semi-structured 
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Sloan & 

Quan-

Haase 

(2017) 
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Steinfeld 

et al. 

(2016) 

Study popularity 

of user comments 

  X      Eye tracking experiment 

 

Taneja 

(2017) 

Compare 

hyperlink and 

audience sharping 
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network analysis 

       X Quantitative network 

analysis on audience 
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Thelwall 

(2012) 

Test webometrics 

for judging 

journals’ quality 

      X  Link analysis 

Thelwall 
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(2005) 

Review 

webometrics 

      X  Literature review 
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Meza & 

Park 

(2015) 

Analyse the 

propagation of 

kpop in Spanish-

speaking countries 

      X  Webometric analysis 

Voloshin 

(2009) 
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Waldherr 
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(2017) 

Categorizing and 

cleaning data sets 

       X Document studies and 
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(2015) 
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(2016) 
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Analyse 

information 
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APPENDIX 2: Articles with spread >= 10 from 
systematic sample 

Newspaper 
Article 

No of social media post 
referrals 

svd 
universitetens omedvetna sexism 

455 

expressen 
mormors guldtander finansierar 

normkritik  
444 

svd 
politiker gar emot forskare vi kan 

flyga mer 
422 

dn 
skandalost smussel kring sveriges fn 

kampanj 
288 

aftonbladet 
vi har inte rad med alla lediga 

foraldrar 
233 

expressen 
skydda lararna mot hot och vald 

135 

dn 
bokutdrag vi maste harifran jag ar 

judinna 
126 

aftonbladet 
staten ska inte asiktskorrigera 

99 

aftonbladet 
brottsoffret man kanner sig liten och 

obetydlig 
89 

expressen 
man valdtog susanne gick fri efter 

aklagarens misstag 
74 

aftonbladet 
yrkesprogram ska ge behorighet till 

hogskola 
36 

dn 
transportstyrelsens it skandal var en 

byrakratisk hardsmalta 
33 

dn 
johan croneman vi maste lara oss 

forsta ryssland 
30 

svd 
teologiprofessor rakhmat akilov kan 

inte islam 
30 

dn 
stockholmarna litar allt mindre pa 

polisen 
28 

svd 
bristfallig analys stoppar screening 

for cancer 
28 

expressen 
4 arige leopold sjuk i cancer nekas 

bidrag 
25 

expressen 
morgan johansson och tomas tobe 

mottes i debatt 
25 

aftonbladet 
sydafrika kansligt forslag om agande 

antaget 
22 

expressen 
leif gw persson lagg ned 

palmeutredningen 
21 

expressen 
kontroversiell lag om nazisternas 

folkmord laggs pa is 
21 

svd 
avhoppad toppsosse vill riva annu en 

ikon 
18 

dn 
de svenska damerna ar bast i hela os 

15 

svd 
vi foljer avtalet  anda angrips vi av 

byggnads 
15 
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dn 
per svensson s plus m skulle bli ett 

jobbigt drama 
15 

svd 
kunglig hala lockar med gratis el och e 

handel 
15 

dn 
danska fiskare kastar tonvis med fisk i 

havet 
14 

dn 
katrine marcal ekonomens tagsex gar 

pa tvars med samtiden 
14 

aftonbladet 
leifby banbrytande  jamfort med vada 

trafikmagasinet 
13 

svd 
kenneth gardestad ar dod 

13 

dn 
sa maxar du som ar ung din pension 

13 

aftonbladet 
polis utreds  misstankt ha valdtagit 

kvinna 
12 

expressen 
nya domen mot johanna moller 

12 

expressen 
just nu zlatan och pogba i stockholm 

12 

expressen 
pappa tors ilska mot sexbilderna i 

barnboken 
11 

aftonbladet 
sverige far nationell isvecka riktigt 

riktigt kall luft fran ost 
11 

dn 
100 stader far sin mesta el fran 

fornybar energi 
11 

aftonbladet 
familjen i staffanstorp vittnade mot 

gangkriminell 
10 

aftonbladet 
facket trestjarnig krog utan 

kollektivavtal 
10 

expressen 
johanna mollers desperata vadjan till 

billy 62 ljug mig ut 
10 

expressen 
valdsmannen overkord i ratten ville 

inte utvisas 
10 
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APPENDIX 3: Most propagated articles by class 
 

Table showing the 10 most propagated articles in local daily press: 

Top 10 Newspaper – local 

daily press 

Article Social media 

post referrals 

1st article VästerbottensKuriren Snabb befolkningstillvaxt 

ar ett problematiskt mal 

16 

2nd article VästerbottensKuriren Tv oviss framtid for 

kontanterna 

8 

3rd article Helsingborgs 

Dagblad 

Fortydliga politiken lang 

vantan ar inget asylskal 

5 

4th article VästerbottensKuriren Live tv sondag vasteras 

umea ik 

3 

5th article Helsingborgs 

Dagblad 

Rosterna fran ostra sidan 3 

6th article Helsingborgs 

Dagblad 

Klart -niklas palsson till fch 

en drom att vara tranare i 

fch 

2 

7th article VästerbottensKuriren Det finns ljus i tunneln 2 

8th article VästerbottensKuriren Metoo uppror blir konst pa 

radhustorget 

2 

9th article VästerbottensKuriren Lista umeas nya bolag 2 

10th article VästerbottensKuriren Fabriken soker nya 

medarbetare 

2 

 

 

Tables showing the 10 most propagated articles by national evening press newspapers 

Expressen and Aftonbladet respectively: 

 

 

Top 10 Article – Expressen Social 

media 

post 

referrals 

1st article smapartiernas dominans snedvrider 

politiken 646 

2nd article alice bah kuhnke borde aldrig ha blivit 

minister 480 

3rd article vansterpopulistisk revolt hotar svenska 

akademien 254 

4th article hur manga kaftsmallar fran lagradet 

tal s 246 

5th article per foll 18 meter  och overlevde 112 

6th article lastbilsjattarna kor om m i miljofragan 90 

7th article alliansen ar naiv om jobbinvandringen 84 

8th article vansterns antisemitism gar ofta under 

radarn 57 

9th article bittra oskulder ar de nya terroristerna 45 

10th article en pungspark ar battre an 

babbelfeminism 37 
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Tables showing 

the 10 most 

propagated articles by national morning press newspapers Svenska Dagbladet and Dagens 

Nyheter respectively: 

 

 

 

 

 

 

 

 

 

 

 

 

 
 
 
 
 
 
 
 
 
 

Top 10 Article – Aftonbladet Social 

media 

post 

referrals 

1st article filmen om avicii blir nastan kuslig 898 

2nd article kristersson klar inte i sin nya offerkofta 83 

3rd article nar kvinnohatet mordar 59 

4th article politiska beslut gor sjuka annu sjukare 44 

5th article en sjuk kultur pa forsakringskassan 34 

6th article har vi slutat behandla dem som 

manniskor 30 

7th article magdalena andersson bor lara av 

anders borg 25 

8th article moderaterna later som bo lundgren 25 

9th article mamma mia abba har spelat in ny 

musik  efter 35 ar 24 

10th article nagon maste vara bostadsminister 24 

Top 10 Article – Svenska 

Dagbladet 

Social 

media 

post 

referrals 

1st article regeringen ljuger om flyktingkrisen 

igen 597 

2nd article sa var arnaults klubb  de som var dar 

berattar 178 

3rd article sa blev akademien ett maktmedel for 

arnault 167 

4th article goteborgarna ar trotta pa 

maktfullkomliga politiker 167 

5th article helvetet ar definitivt inom rackhall 159 

6th article att sta eller stodja det ar fragan 109 

7th article israel fyller 70 ar mot alla odds 105 

8th article darfor sager dagens kvinnor nej till p 

piller 57 

9th article goteborgskultur sanker det 

gemensamma 42 

10th article Centerpartiet sar split inom alliansen 33 
Top 10 Article – Dagens 

Nyheter 

Social 

media 

post 

referrals 

1st article familjen berattar om tim avicii 

berglings dod han tog sitt liv 186 

2nd article fakta i fragan hur stor ar 

bostadsbristen 157 

3rd article tre unga kvinnor om poesins kraft 83 

4th article efter 20 ar martin kellerman lagger ner 

rocky 81 
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5th article bjorn wiman ledamoten som stelnade 

till ett stolsnummer 67 

6th article sara stridsberg vill lamna svenska 

akademien 64 

7th article i skanska simris kopplas hela byn ur 

elnatet 47 

8th article cecilia malmstrom ska hindra ett 

handelskrig mot usa 44 

9th article martin kellerman serierna slukar allt 

jag vill tanka ut nagot nytt att bygga 40 

10th article abba aterforenas 33 
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APPENDIX 4: One-Way ANOVA and Tukey HSD results 
 
Comparison by category 
 
One-Way ANOVE result: 

                   Df  Sum Sq Mean Sq F value   Pr(>F)     
anovaCat$category   4  152117   38029   9.227 3.39e-07 *** 
Residuals         493 2031949    4122                      
--- 
 
Tukey HSD result: 

               diff       lwr       upr     p adj 
cul-bus   5.4411163 -20.12837  31.01060 0.9776118 
ent-bus  -4.7732350 -34.74913  25.20266 0.9924799 
opi-bus  40.0713274  13.81154  66.33111 0.0003347 
spo-bus  -4.5515567 -31.08652  21.98340 0.9900162 
ent-cul -10.2143513 -36.78292  16.35422 0.8305201 
opi-cul  34.6302110  12.33871  56.92171 0.0002434 
spo-cul  -9.9926730 -32.60769  12.62234 0.7457370 
opi-ent  44.8445623  17.61101  72.07811 0.0000798 
spo-ent   0.2216783 -27.27731  27.72066 0.9999999 
spo-opi -44.6228840 -68.01554 -21.23023 0.0000026 
 
 

Comparison by newspaper 
 
One-Way ANOVE result: 

                    Df  Sum Sq Mean Sq F value  Pr(>F)    
anovaNewspaper2$np   5   67277   13455   3.078 0.00953 ** 
Residuals          492 2150434    4371                    
--- 
 
Tukey HSD result: 
 

               diff        lwr       upr     p adj 
dn-aft   -3.1081946 -31.902740 25.686351 0.9996242 
exp-aft   8.5466875 -22.203415 39.296790 0.9682857 
hd-aft  -20.7613047 -54.399666 12.877057 0.4889707 
svd-aft   7.3160478 -25.025112 39.657208 0.9872899 
vk-aft  -20.2019195 -48.846137  8.442299 0.3336293 
exp-dn   11.6548822 -16.038391 39.348155 0.8348590 
hd-dn   -17.6531100 -48.521993 13.215773 0.5749296 
svd-dn   10.4242424 -19.025702 39.874187 0.9136642 
vk-dn   -17.0937249 -42.428282  8.240833 0.3847833 
hd-exp  -29.3079922 -62.008618  3.392633 0.1082090 
svd-exp  -1.2306397 -32.595304 30.134025 0.9999975 
vk-exp  -28.7486070 -56.285541 -1.211673 0.0349035 
svd-hd   28.0773525  -6.123711 62.278416 0.1768287 
vk-hd     0.5593852 -30.169320 31.288091 0.9999999 
vk-svd  -27.5179673 -56.820947  1.785012 0.0797126 
 
 

Comparison by newspaper class (newspaper characteristics) 
 
One-Way ANOVA result: 
                   Df  Sum Sq Mean Sq F value  Pr(>F)    
anovaClass2$class   2   60019   30010   6.885 0.00112 ** 
Residuals         495 2157692    4359                    
--- 
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Tukey HSD result: 
 

              diff        lwr       upr     p adj 
loc-evn -24.943963 -42.269488 -7.618438 0.0022179 
mor-evn  -3.753589 -20.939141 13.431964 0.8648302 
mor-loc  21.190374   4.500158 37.880591 0.0083627 
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APPENDIX 5: Small information cascade visualization 
 

Visualizations by indegree and PageRank of an information cascade of 27 nodes (Mamma 

Mia! Abba har spelat in ny musik – efter 35 år by Aftonbladet): 

 

INDEGREE: 

 

 
 

PAGERANK: 
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Visualizations by indegree and PageRank of an information cascade of 51 nodes (I 

skånska Simris kopplas hela byn ur elnätet by Jannike Kihlberg, Dagens Nyheter): 

 

INDEGREE: 

 
 

 

PAGERANK: 

 

 
 

Visualizations by indegree and PageRank of an information cascade of 46 nodes (Cecilia 

Malmström ska hindra ett handelskrig mot USA by Marianne Björklund, Dagens 

Nyheter): 

 

INDEGREE: 
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PAGERANK: 
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APPENDIX 6: Medium information cascade 
visualization 
 

Visualizations by indegree and PageRank of an information cascade of 89 nodes (Tre 

unga kvinnor om poesins kraft by Alexandra Pascalidou, Dagens Nyheter): 

 

INDEGREE: 

 
PAGERANK: 

 

 
 

Visualizations by indegree and PageRank of an information cascade of 122 nodes (Per 

Ferm föll 18 meter  och överlevde by Ludvig Holmberg, Expressen): 

 

INDEGREE: 
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PAGERANK: 
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Visualizations by indegree and PageRank of an information cascade of 165 nodes 

(Helvetet är definitivt inom räckhåll by Ivar Apri, Svenska Dagbladet): 

 

INDEGREE: 
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PAGERANK: 
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APPENDIX 7: Large information cascade visualization 
 

Visualizations by indegree and PageRank of an information cascade of 931 nodes (Filmen 

om Avicii blir nästan kuslig by Jonna Sima, Aftonbladet): 

 

INDEGREE: 

 

 
 

PAGERANK: 
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Visualizations by indegree and PageRank of an information cascade of 662 nodes 

(Småpartiernas dominans snedvrider politiken by Anna Dahlberg, Expressen): 

 

INDEGREE: 
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PAGERANK: 
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Visualizations by indegree and PageRank of an information cascade of 616 nodes 

(Regeringen ljuger om flyktingkrisen igen by Ivar Apri, Svenska Dagbladet): 

 

INDEGREE: 
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PAGERANK: 
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