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Abstract 

This study seeks to further the knowledge on IoT by analysing the meanings which have been 

attached to it in a social media setting. The study focuses on how IoT is constructed as a 

concept, on the users who contributed to this conceptual construction and the uses of some of 

the key platform functionalities. Large amounts of data from the social networking site 

Twitter were studied with a type of mixed methods approach, mainly drawing on Connected 

Concepts Analysis, which incorporates both quantitative and qualitative traditions. The 

analysis identified a small number of users as very influential and a change in use of 

hashtags, likes and retweets over time, both in terms of content and frequency. The discourse 

itself focused to a great extent on technology and business-related issues, mostly 

disregarding ethical issues. The study contributes with insight into IoT discourse in a 

previously unexplored setting and proposes a methodological flexibility for IS research 

which is lacking. 
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1 Introduction 

The internet of Things (IoT) is rapidly becoming an important part of our everyday lives and 

not to mention an immense business opportunity, predicted to grow extensively in the coming 

years. Top advisory and consulting companies estimate more than 20 billion connected 

devices (Gartner, 2017), in a market worth of up to $450 billion dollars, by 2020 (Bain & 

Company, 2017). 

However, as pointed out by several scholars (e.g., Adat & Gupta, 2018; D. Singh, Tripathi, 

& Jara, 2014; Wortmann & Flüchter, 2015), the definition of IoT is ambiguous and subject to 

debate. As IoT grows, so does the need to understand how the concept is used and what it 

represents. Furthermore, given the nature of the phenomenon, contributions from different 

academic fields and areas of study are needed to advance the general knowledge on IoT (Atzori, 

Iera, & Morabito, 2010; Lee, Choi, & Kim, 2017). Social media are one these important areas 

of study. 

As individuals and organisations alike are highly active on social media, they thereby 

constitute important places for the formation and distribution of public opinion and societal 

discourse (Törnberg & Törnberg, 2016; Williams, Burnap, & Sloan, 2017). Insight into this 

public discourse can be gained through the availability of massive amounts of user-generated 

content. These data can provide valuable insight and contribute to a comprehensive 

understanding of IoT. Yet, the social media discourse on IoT is still largely understudied.  

While previous research efforts have tended to focus on technology (Mishra et al., 2016), 

this study instead seeks to further the knowledge on IoT by analysing the meanings which have 

been attached to it in a social media setting. To do so, large amounts of data from the social 

networking site Twitter are studied with a type of mixed methods approach (see Creswell, 

1999). Specifically, the study focuses on three things. Firstly, the construction of IoT as a 

concept on Twitter. Secondly, on the users who contribute to IoT on Twitter, to understand 

the perspective from which IoT discourse is shaped. Thirdly, the analysis discusses uses of 

some of the key platform functionalities, namely “hashtags”, “retweets”, “replies” and “likes”, 

to better understand how the platform is used and in which way Twitter contributes to shaping 

the discourse. The following research question guided the analysis: How is IoT constructed as 

a concept on Twitter, and how do users and their use of key Twitter functions contribute to 

this construction? 

The rest of this study is structured as follows. The next section: The “Internet of Things” 

provides an insight into the various definitions of IoT and of academic efforts to study it in 

different contexts. Thereafter, follows Approaching Social Media, which provides an overview 

of how social media shape communication and a discussion on the challenges of studying 

social media. This is proceeded by Research Design describing sampling, methodology and 

ethical considerations. Subsequently, follows the analysis section IoT on Twitter, which 

divided into three sub-sections – The Role of Users, The Use of Key Twitter Functions and The 

Discourse. Lastly, follows the Discussion and Conclusion, Implications for Theory and 

Practice, and limitations and directions for future research. 
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2 The “Internet of Things” 

The concept “Internet of Things” was introduced by Ashton (2009) in a 1999 presentation at 

Procter & Gamble, as he referred to the linking of radio-frequency identification (RFID) to the 

internet. He argues that IoT as a term is often misunderstood and misused. Over the years and 

in various contexts, it has come to mean different things. It has been defined simply as “things 

belonging to the internet” (D. Singh et al., 2014, p. 287), while Maras (2015, p. 100) defines 

IoT as:  

[A]n interconnected system where living and inanimate objects in the physical 

world and sensors within or attached to them are connected to the Internet via 

wireless and wired network connections. 

Similarly, it can be defined as concerning Internet connected entities, each distinctively 

identifiable and interactively connected to other objects (Tweneboah-Koduah, Skouby, & 

Tadayoni, 2017), or about enhancing “things” through globally connected digital services 

(Wortmann & Flüchter, 2015). Another, more user-centric definition of IoT, specifically for 

smart environments is promoted by Gubbi, Buyya, Marusic and Palaniswami (2013, p. 1647) 

who define IoT to be: 

Interconnection of sensing and actuating devices providing the ability to share 

information across platforms through a unified framework, developing a 

common operating picture for enabling innovative applications. This is achieved 

by seamless ubiquitous sensing, data analytics and information representation 

with Cloud computing as the unifying framework. 

Ma (2011, p. 920) defines three important characteristics of IoT: That “[o]rdinary objects 

are instrumented”. Meaning that everyday items are individually equipped with IoT 

technology. Secondly, these everyday items are “connected as autonomic network terminals”. 

Thirdly, “[p]ervasive services are intelligent” and can thus for instance make decisions based 

on collection of real-time data. 

The vagueness of IoT as a concept is obvious and scholars are in agreement of its fuzziness 

(see Atzori et al., 2010; Olson, Nolin, & Nelhans, 2015; D. Singh et al., 2014; Wortmann & 

Flüchter, 2015; Yan, Lee, & Lee, 2015). This ambiguity, in combination with the field’s 

relatively recent emergence, could explain the large number of studies predicting and mapping 

IoT’s future and main challenges (e.g., Brody & Pureswaran, 2015; Heer et al., 2011; Khan, 

Khan, Zaheer, & Khan, 2012; J. Singh, Pasquier, Bacon, Ko, & Eyers, 2016; Yaqoob et al., 2017). 

Atzori et al., (2010) argues that the unclearness of IoT is due to the two parts “internet” and 

“things”, which constitute it. Internet suggests IoT to be network oriented, while things 

denotes common, household objects.  

In summary, due to IoT’s vagueness, it is perhaps best described as having several 

emphases. By mapping scholarly documents, Lee et al., (2017, p. 1057) identify four major 

focuses that IoT definitions tend to have. These can also incorporate the definitions provided 

above. Firstly, IoT as “intelligent objects”, which emphasises identity, intelligent interface and 
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inter-connectedness of objects. Secondly, IoT as “an extension of the Internet”, which focuses 

on that IoT is concerned with “things” not traditionally considered computers that are 

connected to the internet. Thirdly, IoT as a “global network infrastructure” which means 

focusing on the connections of objects on a large scale, thus emphasising the need for 

standards. Lastly, IoT as the “interaction of information”, which focuses specifically on the 

information exchange between “things”.    

The main areas of application for IoT include industry, home solutions, transportation, 

healthcare and energy (see Mishra et al., 2016; Wortmann & Flüchter, 2015), and scholars have 

studied various aspects of its implementations. For instance, the potentials of IoT in the 

defence industry (Fraga-Lamas, Fernández-Caramés, Suárez-Albela, Castedo, & González-

López, 2016), in healthcare (Farahani et al., 2018; Yeh, 2016), in agriculture (Brewster, 

Roussaki, Kalatzis, Doolin, & Ellis, 2017; Mohanraj, Ashokumar, & Naren, 2016) and for 

electrical grids (Morello, Capua, Fulco, & Mukhopadhyay, 2017). Although studying various 

aspects of IoT implementation, these papers all have a technical focus. This echoes a common 

theme in IoT related research in general (Lee et al., 2017; Mishra et al., 2016; Olson et al., 2015; 

Riggins & Wamba, 2015).  

Several studies have also aimed at contributing to an overview of IoT within academia – 

mapping scholarly IoT documents, keyword co-occurrences, co-authorships and co-institution 

networks of scholarly publications. Writing about IoT within academia started as early as 2000 

and slowly began to increase in 2009 (Yan et al., 2015). However, it was not until 2014 that 

research efforts really intensified (Mishra et al., 2016). Even though they deliberately 

disregarded engineering type papers, Lee et al., (2017) still found that many articles were 

written by engineers and focused on industrial issues. Yan et al., (2015) identified that the most 

frequently used keywords in academic publishing regarding IoT were Internet of Things, 

Wireless sensor networks, RFID, Security  and Cloud computing. They also identified several 

clusters of co-occurring keywords in these articles, including Security, Middleware, RFID, 

Internet, Cloud computing, Wireless sensor networks and 6LoWPAN. These findings were 

somewhat different from how Whitmore et al., (2015) identified technology, applications, 

challenges, business models, future directions and overview/survey to be the main categories 

of academic publishing. However, this perhaps relates to the findings of Olson et al., (2015). 

Setting out to map the scholarly field of IoT related terms, they found it difficult to fully 

comprehend what it included, thus indicating that the unclarity in definitions causes issues 

even for scholars. Interestingly, they found that use of terminology was also was geographically 

and disciplinary bound. 

While technical papers and those surveying the academic field are all important, Riggins 

and Wamba (2015) bring forth the lack of studies regarding the behavioural, organisational 

and business-related impacts of big data analytics and IoT. They emphasise the need to capture 

data from for instance social media feeds, claiming that these are needed to gain better 

understanding of both usage, impact and adoption of IoT.  

Many studies of social media in Information Systems (IS) research have focused on how 

organisations, through a more strategic usage, can better leverage social media platforms (e.g., 

Benthaus, Risius, & Beck, 2016; Culnan, McHugh, & Zubillaga, 2010; Luo & Zhang, 2013). 

Others have studied inter-organisational social networking solutions from a range of 
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perspectives. For instance, to understand how enterprise social media affects organisational 

life (Koch, Leidner, & Gonzalez, 2013). Others have studied adoption (Wattal, Racherla, & 

Mandviwalla, 2009), knowledge diffusion (Havakhor, Soror, & Sabherwal, 2018), and how it 

increases knowledge about co-workers (Leonardi, 2015). 

Yet, to the best of my knowledge, there have been only one previous effort published where 

the concept of IoT was studied in a social media setting (see Bian et al., 2016). However, it has 

some significant limitations. While their sample period spans from 2009 to 2015, there are 

long periods from which they did not collect any data, making their results inconsistent. 

Moreover, is the fact that they draw few conclusions as to the societal and organisational 

consequences of their findings. Despite this, they make several interesting findings. Using 

sentiment analysis Bian et al. (2016) found that public perception of IoT on Twitter is generally 

positive but that concerns tended to regard security and privacy. Using topic modeling they 

also determined that business and technology were the most common topics discussed. 

Drawing on their insights, the current study, works partly with some similar techniques, yet 

attempts to offer a more extensive methodological and empirical contribution. 

3 Approaching Social Media 

Social media means new premises for public life (Baym & boyd, 2012). The structures of social 

media enable new forms of complex communication networks (boyd, 2008; Ito, 2008). These, 

so called “networked publics” are both “the space constructed through networked 

technologies” and “the imagined community that emerges as a result of the intersection of 

people, technology, and practice” (boyd, 2008, p. 15). The way social media users are able to 

produce and consume content quickly and free of charge also blur boundaries between public 

and private, and raises new issues of power (Russell, Ito, Richmond, & Tuters, 2008). 

On social media, the way we interact, share and receive information is mediated through 

mechanisms of social media logic (see van Dijck & Poell, 2013). Essentially, it means that what 

and how social media users communicate depends upon the way the platform permits this 

through its architecture and affordances. The affordances and architectures of social media 

shape interaction in complex ways (Baym & boyd, 2012). “Affordance” here should to be 

understood as an interplay of both people and technology. It helps create an understanding of 

how people use the same technology similarly or differently (Gibson, 1979; Norman, 1988; 

Treem & Leonardi, 2013). 

Twitter is a micro-blogging site. It has 330 million active users and 6,000 tweets per second 

on average, 500 million tweets every day are sent on the social media platform (Aslam, 2018; 

Internet Live Stats, 2018; Statista, 2018). The affordances and architecture allow users to 

create personal accounts, follow and be followed by other users, send personal messages and 

post tweets, short public messages of up to 280 characters1. The platform also allows users to 

react to others content. Users can comment on tweets through the reply function, retweet, that 

is to repost content and like other’s tweets. Retweeting allows for the spread of content to a 

                                                      

 
1  The 140-character limit was removed in 2017 for tweets not in Korean, Chinese or Japanese (see 
https://blog.twitter.com/official/en_us/topics/product/2017/tweetingmadeeasier.html)  
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broader network, thus allowing for it to gain exposure also outside of the tweeters follower 

network (boyd, Golder, & Lotan, 2010). “Likes” are metrics for measuring and valuing content 

(Gerlitz & Helmond, 2013), tweets that receive “likes” are also subject to gaining more 

exposure. Another key functionality of Twitter is the ability to label tweets with hashtags (#) 

followed by text. Hashtags assign metadata to posts thus assisting in searchability. They are 

used at different levels of abstraction, meaning and complexity (Zappavigna, 2015), and can 

be either spontaneous or part of planned strategies (Bruns & Burgess, 2015). 

 

 

 
Figure 1. Twitter’s symbols for (from the left) “reply”, “retweet”, “like” and “message” 
 

Social media are not only forums for socialising. They are important places for the formation 

and distribution of public opinion and societal discourse (Stieglitz & Dang-Xuan, 2013; 

Törnberg & Törnberg, 2016; Williams et al., 2017). In fact, recent figures from Pew Research 

Center show that as many as two-thirds of US adults get their news at least partly from social 

media (Shearer & Gottfried, 2017).  

Social media use can influence attitudes in a range of topics. For instance, on issues such as 

smoking (Depue, Southwell, Betzner, & Walsh, 2015), alcohol use (Moreno & Whitehill, 2014), 

sexism (Fox, Cruz, & Lee, 2015) and racism (Rauch & Schanz, 2013). It can influence consumer 

attitudes (Duffett, 2017), political involvement (Kruikemeier, van Noort, Vliegenthart, & de 

Vreese, 2016) and political opinion (Diehl, Weeks, & Gil de Zúñiga, 2016; Duggan & Smith, 

2016). Opinions on social media influence how issues are perceived globally (Balahur & 

Jacquet, 2015), and exposure to content on these platforms can influence opinions which reach 

beyond simply that social media setting, onto offline attitudes and behaviours. This is 

important also for the study of IoT on social media. Information spreads rapidly and might 

impact diffusion and attitudes towards IoT also outside of social media on a large scale.  

While there is a relatively broad agreement in the scholarly discourse that social media are 

an important area of study, they constitute methodological challenges for those conducting 

qualitative research (Törnberg & Törnberg, 2016). Social media platforms like Twitter, hold 

huge quantities of unstructured, short pieces of user-generated content and user data, created 

and stored independently of research efforts. Language use can differ greatly from other 

contexts, as for instance the informal style and character limits on Twitter affects writing style 

(see K. Scott, 2015). Stieglitz, Dang-Xuan, Bruns and Neuberger (2014) also highlight 

unexpected usage and constant development of social media platforms as possible challenges. 

These conditions require a new sort of adaptability in terms of research design, where methods 

need to be tailored to fit what information is accessible and how it is composed (Lindgren, 

2013). Social media thus, represent new possibilities for research methodology. This study 

aims at a novel approach to text analysis, set forth by Lindgren (2013, 2016) who introduces 

Connected Concepts Analysis (CCA) – a method which draws on qualitative approaches from 

grounded theory and discourse theory, and quantitative ones from network text analysis.  
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4 Research Design  

The study is based on a large dataset of tweets. To collect the data, the open source web 

crawling framework Scrapy (https://scrapy.org/) was used. Since hashtags are a way of 

labelling tweets for searchability (Zappavigna, 2015), they can be considered an efficient way 

of getting to the core of a Twitter discourse. Tweets with the keyword “#iot” were collected 

with their related user information from Twitter, starting from when the platform was 

launched in 20062 through 2017. This resulted in a dataset of 4,210,783 tweets, which can be 

contrasted to the significantly fewer 30,454 tweets on IoT collected by Bian et al., (2016).  

User activity was obtained from the material and analysed to understand the distribution 

of contributors over the dataset. In total, 274,277 different user accounts contributed in the 

sample. Twitter bio’s, profile pictures and content on user pages, led to the identification of 

three account types – bots, organisations and individuals. To understand which types of users 

were most active and to capture change over time, the 200 most active accounts of the entire 

dataset3 were categorised, as well as the top 200 contributors from 2017 and before 2013 

respectively. This division was based on the fact that the tweets collected were unevenly 

distributed over the sample period. Due to the size of the dataset, and the fact that the bulk of 

tweets collected were posted in the latter part of the sample period4, there is a great chance 

that nuances in earlier tweets would be overlooked if analysed with the dataset as a whole. For 

the reason of understanding the emergence of IoT on Twitter, while still having some actual 

tweets to work with, an early time period for analysis was delimited to all tweets posted before 

2013, 46,812 tweets in total. The period encompasses a time when interest in IoT grew (Mishra 

et al., 2016), while it was still somewhat unknown to the general public. The yearly number of 

academic publications on IoT started increasing in 2009, exceeding 100 in 2012 (Yan et al., 

2015). Still, tweets posted between 2006 to 2012 make up just around 1% of the total body of 

tweets collected for this study.  

The entire dataset is also used in full in some parts of the analysis to take advantage of the 

scope of material collected. For instance, in the CCA where the aim is to understand the overall 

discourse of IoT on Twitter, or to understand the distribution of users over the dataset, and to 

study the sentiments. Sentiment analysis is an automatic way of detecting positive and 

negative emotions in text (Balahur & Jacquet, 2015). In this study, it was carried out with the 

help of the Python analysis tool VADER (Valence Aware Dictionary and sEntiment Reasoner) 

(Hutto & Gilbert, 2014) as a way for the researcher to gain an initial orientation as to the 

general feelings associated with the tweets in the sample. Seeing as messages that evoke 

emotions are more likely to be spread than those which are neutral (Stieglitz & Dang-Xuan, 

2013), the sentiments in the dataset can give an indication as to how spreadable the IoT 

discourse on Twitter could be. 

                                                      

 
2 However, Scrapy did not find any activity before 2008. This lack of tweets before 2008 was confirmed 
also by a manual search on Twitter 
3 The accounts were analysed at the time of data collection, there is thereby a possibility that accounts 
are different now compared to when the tweets were posted. 
4 50 percent of the tweets were posted after 2014 
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There are also parts of the analysis where each year was studied separately. For instance, to 

understand the changing use of hashtags. Correlation can be found between using hashtags 

and gaining followers, where users who deploy hashtags gain on average more followers than 

those who do not use them (Martín, Lavesson, & Doroud, 2016). They are thereby an important 

part of attracting attention to both the account itself as well as to the messages sent. Hashtags 

and their co-occurrences were analysed, as well as likes, retweets and reposts to gain a better 

understanding of how some of the key features of Twitter were used. These analyses were 

conducted through manual coding, an array of Microsoft Excel and Python operations when 

called for, as well as close readings of material in the dataset.  

4.1 Connected Concepts Analysis 

CCA (Lindgren, 2013, 2016) is a methodological framework that draws from the constant 

comparative method of grounded theory (see Glaser, 1965) to form concepts, which are then 

visualised as a network and understood through discourse theoretical terminology (see Laclau 

& Mouffe, 1985). CCA constitutes the epistemological and ontological foundation of this study. 

The perspective held here, in line with that of Laclau and Mouffe’s discourse theory, is that 

rather than claiming that words hold an inherent meaning, they are ascribed meaning through 

social interaction (see Žižek, 1994). Therefore, it is important to not only study IoT in industry 

or academia. The way in which IoT is defined and constructed as a concept is contextual.   

Practically, the analysis involved three steps: (1) tokenisation and selection; (2) 

conceptualisation; and (3) visualisation. The tokenisation and selection started by “cleaning” 

the tweets or removing stop words. A list of common words like “and”, “has” and “the”, and 

words starting with for instance “http” and “pictwitter” were removed as they would not 

contribute any value to the analysis. Words shorter than two letters (unless it was “of”) and 

longer than twenty-five were also filtered away. The cleaned tweets were then converted into 

a list of words sorted in descending order based on the number of tweets the word appeared 

in. Adjacent words in the form of bi- and trigrams were also included and added in descending 

order based on occurrences in the dataset. The list of words constituted the starting point for 

the second step, conceptualisation. The words were studied in the context which they had been 

posted, through word searches in the dataset. Based on these original contexts, words were 

coded into conceptual categories. Those used consistently in one or several contexts were 

connected to a suitable number of categories. Words which could have been included in the 

stop word list but were not due to for instance spelling, for example “whats”, were removed. 

Words to general to categorise, used in a variety of contexts, for instance “future” were left 

without being coded into a category.  

A challenge in coding the material into concepts is to end up with categories specific enough 

to say something the material without simplifying it. Naturally, this required several iterations 

of coding at different levels of abstraction, and a trial-and-error approach, which is also 

considered part of validating the analysis (Lindgren, 2016). The coding is subjective and the 

process of categorisation was inspired by Whitmore et al., (2015) groupings of IoT related 

research papers. They were based on close-readings of thousands of tweets and thus 

considered reflecting the material well. Important to note also, is that many definitions, much 

like IoT are somewhat fluent and represent different things in different contexts. Many of the 
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conceptual categories therefore overlap. Furthermore, the users have no agreed upon or 

beforehand decided way of relating to these concepts, thus further complicating the process of 

defining concepts.   

Table 1. Examples of conceptualisation of the words “attacks”, “expo” and “revolution” 

 

Because the list was ordered by the most important words of the dataset first, the data being 

coded is also that which is the most relevant for the discourse. For each word that was 

conceptualised, enough original tweets containing it were read until the word could be defined 

as one or several concepts, left out of conceptualisation or removed from analysis altogether. 

Table 1 shows examples of how words, based on their context, were coded into categories.  

When reaching around 600 hundred words down the list, saturation had been reached in 

terms of finding new concepts and adding any new value to the analysis. Therefore, the next 

phase of the analysis could begin. The proceeding stage was preparing the data for 

visualisation. This meant creating a network. A “network” in network text analysis can be 

explained as “a set of concepts and pairwise relations between them” where “different concepts 

play different roles depending on their position in the network” (Carley, 1997, pp. 79, 81). The 

basis of determining if a word or concept is to be connected to another in the network is 

whether or not they co-occurred in the tweets. If they did, a so called “edge” or connection was 

created between them. Words which were coded into a conceptual category were re-labelled in 

the dataset as that category. Hence, the concepts to which words were categorised, took the 

place of those words in the analysis. To create a network, the data were converted into a format 

readable for the open source network visualisation software Gephi (Bastian, Heymann, & 

Jacomy, 2009).  

The network visualisation is a subjective process (see Markham & Lindgren, 2014) and 

Lindgren (2016) argues that the result of the CCA, that is, the network, can be interpreted in 

various ways and used for many purposes. For this study it is considered a visualisation of the 

social media discourse on IoT.  

4.2 Ethical Considerations 

With the large amounts of available user-generated data on social media also comes a number 

of ethical considerations. Social media information is easily traceable both manually through 

API search functions, as well as through various software. Hence, there is need for caution in 

order to protect the privacy of users. While social media data is easily accessible and can in 

some ways be considered public, it must be recognised that users might not be fully aware or 

comfortable with having this information used outside of that social media setting (boyd & 

Crawford, 2012; boyd & Marwick, 2011; Markham, 2012; Zimmer, 2010). Research has found 

word Excerpt from tweets                              concept 

attacks “Internet of Things believed to be targeted in massive #DDoS attacks [link]” security 

expo 
“#Cloud Expo Expands To Internet of Things [user] (#IoT) | Cloud Computing 

Journal [link]” 
events 

revolution 
“#IoT v Cloud Computing - Roles in the Technology Revolution - Business 

Insider Deutschland [link]” 
technology 
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that while Twitter users are less concerned with their data being used for academic research, 

compared to for instance government or commercial purposes, most users expect to be asked 

for consent and their data be anonymised if participating in a research study (Williams et al., 

2017). This is often an issue, as large datasets can contain the data of many thousands of users. 

Acquiring consent from all of these would be extremely time consuming.  

Official research ethics in the area are lacking (Williams et al., 2017), instead privacy 

concern must be addressed and assessed individually based on the research issue at hand. A 

method of protecting user privacy is fabrication, where quotes are reconstructed or changed 

to various degrees by the researcher to make them difficult to trace back to their source 

(Markham, 2012). However, this method of presenting results has also received criticism (e.g., 

Trevisan & Reilly, 2014). Due to the seemingly less sensitive nature of the subject of this study, 

the choice has instead of fabrication been to avoid unnecessary use of quotes. In line with the 

guidelines provided by Williams et al., (2017), organisational and public figure accounts5 were 

considered less sensitive as they aim to reach vast audiences with their content, while private 

user accounts were treated with great concern for safety and privacy. Bot accounts were also 

considered less sensitive. Being automated, there is little reason to believe that they would face 

any negative repercussions from their content being published.  

The study has also aimed to generally focus on language use on a high level of abstraction, 

thus avoiding the need for disclosing tweets verbatim and thereby protecting privacy. 

5 IoT on Twitter 

To gain a comprehensive understanding of IoT on Twitter, this study analyses IoT related 

tweets and user data from several different perspectives. In the following section the analysis 

is presented. This is divided into three sub-sections, concerning three different aspects of the 

research question. The first sub-section discusses the users and the distribution of posters over 

the dataset. Thereafter, follows an analysis of how some of Twitter’s key functions, namely 

reactions and hashtags, contribute to defining IoT as a concept. Lastly network visualisations 

of the IoT discourse are presented and discussed as well as the overall sentiments in the 

dataset. 

5.1 The Role of Users 

The perspectives from which the tweets are posted are important for creating an 

understanding of the conceptual construction of IoT on Twitter. Therefore, the following 

section discusses who contributed and how the users are distributed over the dataset.  

In total, 274,277 different user accounts contributed to the hashtag in the sample. Through 

analysis of Twitter feeds and bio’s, three primary account types were identified in the dataset 

– bots (“traffic camera bots” and “other bots”), organisations and individuals (“private 

individuals” and “professionals”).  

                                                      

 
5 Organisations and public figures were recognised as those accounts having Twitter’s “blue verified 
badge” in their profile, as this is an official verification of their authenticity and publicness (see 
https://help.twitter.com/en/managing-your-account/about-twitter-verified-accounts) 
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Figure 2. Account types of top 200 contributors 

 

First, the presence of organisational accounts increased over time from 28% of the top 200 in 

the earliest tweets, to 31% in 2017. Organisational accounts are defined as such when they do 

not name any individuals in their bio’s, also usually referring to an official website named 

similarly as the Twitter account. These accounts include for instance news providers, 

companies and non-profit organisations. 

Second, individual accounts displayed the perhaps most evident change between the 

periods. Those defined as private individuals do not state any particular occupation within an 

IoT related field. Professionals on the other hand, are for instance researchers, developers or 

business leaders. Often these users describe themselves with words like “keynote speaker” and 

“influencer” and express a professional interest 

in IoT in their Twitter bio’s. Before 2013, more 

than half, 54,5% of the 200 most active 

accounts, held one of these two account types. 

However, in 2017 they constitute only 35%, and 

over the entire dataset only 32,5% of the most 

active accounts. Most evidently, “professionals” 

dropped by 19,5% from before 2013 to 2017. 

The third category consists of bots. Twitter 

bots, while not always easily separated from 

other types of accounts, can be defined as 

“accounts that can post content or interact with 

other users in an automated way and without 

direct human input” (Wojcik, Messing, Smith, 

Rainie, & Hitlin, 2018, p. 4). Based on how they 

are described in their bio’s as for instance “fully-

automated” or “robots”, or through repetitive 

and active tweeting, the number of bots posting 

could be determined to constitute more than a 
Figure 3. Tweet by fish tank bot 
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fifth, or 42 of the top 200 accounts in 2017. However, in the earlier tweets these were barely 

noticeable at all, as only 3 of the 200 most active accounts were bots before 2013. Interestingly, 

it seems as though bots have become an increasingly important contributor to IoT content on 

Twitter, despite their often-limited attention by, and towards others. Perhaps not surprisingly, 

due to their ability to tweet often, the presumed presence of bots among the most active 

accounts is higher than the estimated 9-15% of active Twitter accounts believed to be 

automated (Varol, Ferrara, Davis, Menczer, & Flammini, 2017). While many bots simply 

provide automated updates on for instance fish tank water temperatures (see Figure 3), they 

can also be used for more vicious purposes such as spreading misinformation (Wojcik et al., 

2018). Thus, an increase in the presence of bots could possibly also mean an increase in the 

spread of certain information, over other. In extension, this also risks possibly clouding a 

human, interactive discourse of IoT on Twitter for the benefit of an exorbitant spread of 

repetitive content, possibly posted with political or organisation’s strategic agendas in mind. 

5.1.1 User Distribution 

It is important to understand who contributes with content as this gives indication as to who 

is in a position to define, as well as to the overall distribution of power.  

Table 2. Percentage distribution of content contributed by the three most active accounts 

 

The three most active accounts, as presented in Table 2 illustrate how the most active accounts 

produce a large share of the content. While it is undoubtedly most obvious before 2013, when 

one account contributed more than a quarter of all tweets in the sample, the lower numbers of 

2017 and of the dataset as a whole, should not be overlooked. Percentage wise, the statistics 

for 2017 and the dataset over all are much smaller. However, the actual numbers of tweets 

produced by the most active account was 18,461 in 2017 and 75,410 over the dataset. Naturally, 

this makes the 12,753 tweets constituting 27% of the content before 2013 seem a lot smaller. 

Interestingly, the same account which contributed most tweet before 2013 was also the most 

active of the dataset as a whole. The account in question provides “IoT news”, has nearly 

100,000 followers and almost half of its posts have used “#iot”.  

Table 3. Combined percentage of tweets contributed by most active users 

 

 

 

 

To further illustrate how much content the most active accounts contributed, Table 3. shows 

the distribution of tweets among for the top 100 and 1,000 user accounts. The 100 most active 

accounts before 2013 and in 2017 contributed with around 60% and 66% respectively. In 2017, 

the 100 most active users posted a combined 268,684 tweets and the 100 most active users in 

before 2013   2017   entire dataset   

organisation 27,24% traffic camera bot 4,53% organisation 1,79% 

bot 2,64% organisation 2,79% public person 1,27% 

public person 2,06% traffic camera bot 2,67% organisation 1,15% 

 before 2013 2017 entire dataset 

top 100 59,78% 65,94% 27,08% 

top 1,000 84,95% 80,84% 47,46% 
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the dataset contributed with 1,140,167 tweets. In 2017 and before 2013, the 1,000 most active 

users posted more than 80% of the content, in actual tweets this means 39,769 tweets before 

2013 and 329,391 in 2017. The top 1,00o accounts in the entire dataset posted 2,007,361 tweets 

combined. 

Table 4. Number of contributed posts per active user 

 

 

 

 

 

 

 

The distribution of all contributors, as seen in Table 4 shows that almost 69% contributors 

posted tweets with the hashtag less than three times. Of these, 46%, or 127,223 accounts of 

those tweeting with “#iot” did so just once, hence an additional 62,012 people posted twice or 

three times. Just under 4,700 accounts, out of the previously mentioned 274,277 posters, 

contributed with more than 100 tweets. Moreover, is the fact that the 347 users who 

contributed with more than 1,000 tweets made up around 0,1% of those posting in total. Yet, 

these 0,1% posted an extraordinary 38% of the content, around 1,614,046 tweets combined.  

There are few users who are highly active in constructing IoT as a concept on Twitter and 

where these users were generally private or professional individuals earlier on, the most 

influential users are now less so, as bots have come to contribute to a higher extent. It is critical 

that organisations are aware of this unequal distribution of power in defining an issue of both 

great economic, technological and societal importance.  

5.2 The use of Key Twitter Functions  

The following sub-section analyses the use of some of Twitter’s key functions, namely retweets, 

likes, replies and hashtags. Through Twitter’s architecture and affordances users are able to 

like6 other’s tweets, comment through the reply function and retweet, that is to repost content. 

Another key functionality of Twitter is the ability to “tag” tweets with hashtags (#) followed by 

text. These are utilised by users to react and label content in various ways. 

5.2.1 Likes, Retweets and Replies 

Not surprisingly, the number of reactions posted under the hashtag was sparser in earlier 

tweets. At the time of data collection, no post gained more than 140 retweets before 2013 while 

a post in 2017 was retweeted as many as 8,542 times. In 2016, a post received 2226 likes, while 

before 2013 no post was “liked” more than 47 times. The highest frequency of likes and 

retweets increased steadily over time. Replies on the other hand showed no similar increase. 

In 2016, one post was replied to 235 times. However, that number did not exceed 81 any other 

                                                      

 
6 “Likes” were introduced on Twitter in 2015, replacing “favourites” (Kumar, 2015)  

 

users posts 

347 1,001 - 75,410 

4,348 101 - 1,000 

33,757 11 - 100 

46,590 4 - 10 

189,235 1 - 3 
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year. These findings indicate both an evolution in the use of Twitter’s functions but also an 

increased interest for IoT issues over time.  

The most “liked” and retweeted content of the dataset as a whole, was posted after 2015. 

While quite scattered, the most retweeted posts often related to IoT events and launches of 

new technology and products. The most “liked” tweets of the dataset tend to be about product 

development and services related to renowned technology organisations. The tweets below 

were written by two large organisations. They received 683 and 1052 “likes” respectively, thus 

making them among the most “liked” tweets of the sample. It is only natural that organisations, 

with their larger follower bases, receive more attention with their posts than the average user; 

at the time of writing these two organisations have 228,00o and 417,000 followers 

respectively.  

Smart parking? Yes please! #IoT & #5G can end the dreaded car park cruise: 

[link] #IDF16 

How can #IoT make roadways safer across the globe? Deloitte work might 

surprise you: [link] #GR2015 

Most tweets conveyed positive views on IoT. However, the most highly retweeted post 

(11,976 times), criticises the lack of possibility to provide input and participate in the 

development of IoT blockchain and big data. Such a significant response indicates that these 

are real issues and opinions shared by a large network of people. Issues which are shared by 

many are to be taken seriously by those developing these solutions, as public opinion could 

affect diffusion. 

The most liked and retweeted posts of the dataset as well as before 2013, tend to focus on 

IoT events, conferences, projects and implementation of IoT technology. However, while the 

subjects were similar, the earlier tweets held more of a general discussion and speculation 

regarding the impact and future of IoT technology as illustrated in the excerpts below: 

Want to know what a tennis racquet circa 2050 might do? The Future of Social 

Objects [link] #iot 

U drive a car? Own a fridge? Use iPad? Take medicine? Then the "Internet of 

Things" affects yr life. Consultation: [link]… #IoT 

Over time, an increased use of links could also be identified, from around 3,5% of tweets 

before 2013, to more than 17% in 2017 contained a link to a webpage. These links, besides what 

is exemplified in the excerpts above, often referred to launches of new products, industry news 

and predictions: 

By 2020 there will be a cumulative 100 billion processors capable of 

communicating information [link] #IoT #M2M 
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Microsoft introduces new open-source cross-platform OPC UA support for the 

industrial Internet of Things [link] #IoT 

This points towards a change both in the way functions of Twitter are used, as well as a shift 

in focus towards which type of IoT content is being shared. It could also be a way of using 

Twitter’s affordances to get more information across than would be permitted due to the 

character limit of a tweet.  

The contents of shared links were not within the scope of this study. However, in a recent 

report, Pew Research Center found that two-thirds of links directed towards popular websites 

were likely tweeted by bots (Wojcik et al., 2018). With the high presence of bots among the 

most active users in this sample, it is possible that they are at least partly responsible for this 

increase, as the increase in use of links over time also corresponds with the increased presence 

of bots in the dataset over time. 

5.2.2 Hashtags 

In the entire dataset 13,554,523 hashtags were used, on average 3,21 hashtags per tweet. Table 

5. shows the most frequently used hashtags before 2013, during 2017 and in the dataset as a 

whole. The hashtags from before 2013 and during 2017 which correspond to the top 20 most 

frequent hashtags over the dataset are in bold font. 

Table 5. Most used hashtags, percentage distribution 

 

Interestingly, many of the top twenty important hashtags of 2017, namely #ssp, 

#communidade, #florianopolis, #sc405, #riotavares, #blumenau and #itajai are hashtags 

before 2013  2017  entire dataset  

#iot 53,7% #iot 17,3% #iot 30,8% 

#m2m 2,4% #ssp 8,6% #comunidade 2,9% 

#internetofthings 2,0% #comunidade 8,6% #bigdata 2,8% 

#rfid 1,0% #ai 2,3% #ssp 2,6% 

#iotconf 0,7% #florianopolis 1,9% #internetofthings 2,2% 

#smartcities 0,6% #bigdata 1,8% #m2m 1,5% 

#nfc 0,5% #iiot 1,2% #tech 1,3% 

#arduino 0,5% #internetofthings 1,1% #ai 1,0% 

#tsbiot 0,5% #blockchain 1,0% #cloud 0,9% 

#wsn 0,5% #machinelearning 1,0% #wearables 0,9% 

#webofthings 0,5% #tech 0,8% #raspberrypi 0,7% 

#bigdata 0,5% #sc405 0,8% #security 0,6% 

#wot 0,5% #riotavares 0,8% #florianopolis 0,6% 

#leweb 0,4% #artificialintelligence 0,8% #technology 0,6% 

#cloud 0,4% #blumenau 0,8% #analytics 0,5% 

#internet 0,4% #itajai 0,7% #iiot 0,5% 

#mobile 0,3% #ml 0,7% #machinelearning 0,5% 

#ipv6 0,3% #technology 0,7% #smarthome 0,5% 

#openbridge 0,3% #cybersecurity 0,7% #cybersecurity 0,5% 

#in 0,3% #fintech 0,6% #innovation 0,4% 
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used frequently by Brazilian traffic camera bots, which in regular intervals post photos of the 

intersections at which they are placed. The accounts of most of these cameras were created in 

2016, therefore they are not present in the hashtags from earlier on, as seen in Table 5. Some 

of the traffic camera bots posted so frequently during 2016 and 2017 that their hashtags are 

among the most used in the entire dataset. When attempting to view some of these accounts, 

Twitter issues a warning due to “unusual activity”, and when attempting to revisit some of 

these accounts later on in the research process, they have been suspended, possibly due to 

their spam-like way of posting. As seen in Figure 2. (in section 5.1), traffic camera bots 

constitute the bulk of bot accounts among the 200 most active accounts. 

Traffic bots aside, the most important hashtags of the dataset concern big and sometimes 

abstract concepts like “innovation” and “analytics”. While this also holds true for the early 

hashtags, there is indication of a more technology focused, and technology specific way of 

tagging tweets earlier – with for instance #nfc (near field communication), #wsn (wireless 

sensor network), #ipv6 (Internet protocol version 6) and #rfid (Radio-frequency 

identification) in the 20 most used hashtags. Thus, indicating that earlier on, many tweets 

discussed the actual technology which IoT uses, whereas recent tweets often seem to concern 

implementations and development of IoT. 

The change in framing of IoT through hashtags is particularly evident when studying the 

usage of the two terms “artificial intelligence” and “machine learning” and their abbreviations 

“AI” and “ML”. All four are among the top 20 hashtags used in 2017. However, before 2013, 

#ai was the 632nd most used hashtag, while #artificial intelligence was in 4,564th place. For 

#machinelearning this placement was 1,158 and #ml was as far down as 5,081st place. Many 

tweets on AI and ML report on technological development as illustrated by the tweet below: 

Singapore researchers develop AI screening technology for diagnosing diabetic 

retinopathy [link] #Singapore #Asia #AI #technology #tech #innovation #IoT 

#bigdata #healthIT #health 

Disney Uses Big Data, IoT And Machine Learning To Boost Customer Experience 

[link] #Analytics #IoT #AI #digital #data #Bigdata #ML #Smartcity 

Partly, the increased use of these terms can likely be connected to the fact that the number 

of hashtags increased continuously, from 1,87 per tweet before 2013, to 5,75 in 2017. 

Furthermore, it indicates a change in the way hashtags are used over time in general on 

Twitter. The on average less than two hashtags per tweet used before 2013, does not offer much 

room for other labels than #iot. “#IoT” made up more than half of the hashtags in the earlier 

tweets. This steadily decreased each year over the sample period, finally constituting less than 

20% of the hashtags in 2017. Overall, “#IoT” constituted around 30% of the hashtags in the 

dataset.  
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Figure 4. Network of hashtag co-occurrences over the dataset. Colours based on modularity 

 

Figure 4. shows a network of the hashtag co-occurrences in the entire dataset, where the 

hashtags with the highest degrees, those which co-occur with the most hashtags, are ignored 

to make it easier to discern communities in the network7. To increase readability, nodes with 

very low degrees are also excluded from the visualisation. As seen, it is still quite a close-knit 

network indicating that many hashtags are used in different contexts. Still, there are several 

more or less apparent categories which can be seen in this network. At the bottom-left is a 

group of hashtags in blue which relate to financial matters, with hashtags such as #investment, 

#mobilepayments, #bitcoin and #iota. The green cluster to the left contains hashtags such as 

#cyberattack, #databreach, #ddos and #hacker and can be labelled as concerning security. 

At the top are several smaller clusters which are hard to separate. In common for them is that 

they concern various aspects of software development with hashtags like #coding, #appdev, 

#javascript and #webdevelopment. The right, red part of the visualisation is also quite hard 

to pinpoint, however, with hashtags like #connecteddevices, #sensor, #smarthome, 

#selfdriving and #healthcare it appears to concern different aspects of the implementations 

of smart technology. A cluster of orange and yellow nodes which are tightly connected, regard 

aspects of business with hashtags such as #seo, #customerexperience, #ecommerce and 

#enterprises.  

                                                      

 
7 For instance, “#IoT” co-occurs with all hashtags and would thus be a large node in the centre to which 
all other nodes would have a connection 
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In summary, the hashtag clusters identified in the dataset centre around the topics of 

finance, security, software and web development, implementations of smart technology and 

business. Seeing as hashtags are used as a way of labelling content, they give an indication as 

to what themes are being discussed in relation to IoT. The fact that the hashtags changed both 

in frequency and in content over time suggests that social media usage in general changed over 

time, and that interest in IoT has grown as subject of discussion on social media.    

5.3 The Discourse 

Social media feeds are one way of gaining access to public discourse. Studying them can help 

create a better understanding of both usage, impact and adoption of IoT (Riggins & Wamba, 

2015). The following section presents the Connected Concepts Analysis followed by a brief 

discussion of the key sentiments in the dataset. 

Figure 5. Visualised discursive field of the CCA  
 

The dataset of over 4 million tweets provide an insight into the discourse of IoT on Twitter. It 

is not meant for all labels in the network to be readable. Instead, the visualisation in Figure 5 

should be understood as a space in which moments of varying importance for the discourse 

gain meaning and significance in relation to one another (see Laclau & Mouffe, 1985). 

Moments in this context refer to nodes, and their relational connections are constituted by the 

edges with which they are interconnected. Thus, in the context of IoT, in this dataset, and in 

relation to each other, concepts and words come to mean certain things. This unity also 

requires an exclusion of other meaning. Outside of this discourse of IoT on Twitter as 

expressed in the sample, is a field of discursivity of excluded definitions and meanings of the 

concepts and words. While it is hard to discern what is entirely absent in a dataset of this size, 

the discussion of what belongs in the field of discursivity could instead be more efficiently 

discussed by addressing what does not constitute an apparent place in it. While security, which 
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also incorporates issues of privacy are present, perhaps most evidently lacking are discussions 

on legal concerns and ethics of IoT. Possibly, this is related to how those users who are in a 

position to define have less interest in these issues. 

The nodes in the network visualisation of Figures 5 and 6 represent the conceptual 

categories and the co-occurrences of words in the dataset. After cleaning operations, 2,726,353 

out of the 4,210,783 tweets contained word co-occurrences. Edge thicknesses in both Figures 

5 and 6 are based on how often words and concepts co-occur within the same tweets. The 

network has a high degree of edges compared to nodes8, thus indicating that words tend to co-

occur with lots of different words and categories in the same tweets. Node sizes and colours in 

the figures are based on betweenness centrality, where larger nodes and darker colour indicate 

a higher ranking. Betweenness centrality is a measure of influence in the network, based on 

how often a node is on the shortest path to any other nodes within the network (J. Scott, 1991). 

A high betweenness centrality indicates that a node is important not only within a smaller 

cluster of nodes, but rather that it is influential across the network. Much like Figure 4, 

showing how the co-occurrence of hashtags was centred around finance, security, software and 

web development, implementations of smart technology and business there are several more 

or less distinctive groupings of nodes touching upon different aspects of the discourse here.  

 

 

 

 

 

 

 

 

 

 

 

Figure 6. Visualisation of the most central words and concepts   
 

Figure 6 shows only the nodal points (see Laclau & Mouffe, 1985), the most important 

moments of the IoT discourse. These are the nodes around which IoT is centred on Twitter. 

Among these, is the conceptual category “Internet of Things”. Words from the dataset coded 

to this include different variations of the term, such as IoT and internet_of_things. Tightly 

linked to this, as indicated by the edge weights in Figure 6, is the category “Connectivity and 

Networks” which concerns terms like internet, connected, connectivity, networks, online, 

global, wireless and cellular.  

Several other conceptual categories touch upon different aspects of technology – a general 

category, one focusing on smart technology and devices, one encompassing software and 

digital information and lastly and one concerned with hardware. The general “Technology” 

                                                      

 
8 Edges with low weight were removed in Figure 5. to increase readability  
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category includes words like tech, technology, technologies and revolution. “Devices and 

Smart Technology” concerns both words such as things, objects and iot_devices but also 

home_automation, smart_cities, connected_car and apple_watch. “Digital Information and 

Software” contains on the one hand for instance digital, data, cloud_computing, platforms 

and open_source and on the other hand apps, developers and android. The conceptual 

category “Hardware” includes words like hardware, systems, sensors, computer, cpu and 

chip. Surprisingly, the different aspects of technology, which intuitively should connect closely 

to each other are instead more closely related to other themes. While “Devices and Smart 

Technology” and “Digital Information and Software” relate quite closely to each other as seen 

through their highly weighted edges in Figure 6, “Hardware”, has weaker connections to these. 

“Technology” is also less prominent than the other categories, thus indicating that when 

technology is discussed in the sample, it tends to concern specific aspects of IoT technology, 

rather than technology in general. 

Another major theme in the dataset concerned various aspects of business. Coded into the 

conceptual category of “Business” are words like business_models, companies, industry, ceo, 

partnership and firms. Closely related to this is the category “Organisations”, which contains 

named companies such as IBM, Google, Intel and Dell. Adjacent to these categories are both 

“Market” and “Finance”. Naturally, “Finance” concerns terms like billions, trillions, economy, 

blockchain and costs. “Billions” in this case refers to formulations such as “billions in value” 

compared to how it is described in “Devices & Smart Technology” as for instance “billions of 

devices”. “Market” is simply the terms market, markets, iot_market and global. Global is also 

a part of “Connectivity and Networks” where it for instance refers to “global connectivity”. In 

this context it instead refers to tweets like “#IoT empowers the global market”. In terms of 

content, this conceptual category is somewhat harder to place in the sense that the markets 

that are referred to vary greatly from “logistics”, to “IoT”, “local”, “retail” and “security”, just 

to name a few. “News and Information” encompasses for instance tech_news, iot_news, 

releases, launch, and trends as well as info, insight, questions and tips. “Events” concerns 

words like presentation, talks, keynote, expo and summit.  

Lastly, the conceptual category “Security” contains words like secure, iot_security, privacy, 

attacks, iot_attack, hacking, hackers and cyber_security. This category has the seemingly 

most negative tweets, which corresponds to the findings of the sentiment analysis. In the 

sentiment analysis those tweets which were identified as the most the most negative generally 

regard apprehensions about current and possible developments of IoT technology, but also 

concerns about security and privacy as illustrated below: 

Up 132% in since last year! Attackers increasingly abuse insecure #home 

#devices for #DDoS attacks [link] #IoT #security 

However, the overall feelings are generally positive when it comes to IoT on Twitter. Among 

the most positive are for instance admirations of IoT technology or tweets relating to events 

and awards as seen in the excerpt below: 

So excited! We won as the People's Choice in @[username] #IoT Awards Best 

Enterprise App! Thanks for your support!!! 
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These types of tweets, which are categorised in the sentiment analysis as either very 

negative or very positive give an indication as to which type of content could likely spread on 

Twitter (see Stieglitz & Dang-Xuan, 2013). It is valuable for organisations to be aware, 

especially of the apprehensions that are held, as these might impact attitudes and therefore 

possibly also diffusion of IoT technology.  

6 Discussion and Conclusion 

Technical aspects of IoT are an important area of study. However, it should not be forgotten 

that language use can have substantive effects on societal issues. Language is not only 

constituted by society, it also constitutes it (Fairclough & Wodak, 1997). Meaning, the way the 

discourse of IoT is comprised is not only shaped by society, how issues are discursively defined 

also shape how society views and relates to IoT on a concrete level. An efficient way of accessing 

public discourse is through social media feeds. In their framework for future research 

directions on IoT, Riggins and Wamba (2015, p. 1536) assert the need to further investigate 

“the impacts of, and on, social networks in the age of the IoT and big data analytics”. Using 

vast amounts of social media data, this study has made several interesting empirical findings 

that would not be possible through traditional methods of data collection, such as interviews 

or surveys.  

In tweets posted in more recent years, bot accounts are some of the most active users. This 

shift towards a larger share of automated accounts amongst the most influential contributors 

illustrates how IoT technology becomes a more integrated part of society and social 

interactions. Important to highlight is that automated accounts can also be used to 

purposefully alter public opinion (see Varol et al., 2017; Wojcik et al., 2018), and a 

development like this should be regarded with caution.  

Generally, there was an uneven distribution of contributors in the sample. A remarkably 

small percentage of those who posted contributed with a very large share of the content. This 

uneven distribution, where few contribute a large bulk of the content echoes previous findings 

of user contributions on sites dependent on user-generated content (Kane, 2011; Levina & 

Arriaga, 2014; Merrill & Åkerlund, 2018). While determining which users are influential on 

Twitter is a complex task (Räbiger & Spiliopoulou, 2015; Riquelme & González-Cantergiani, 

2016), it can be argued that those who claim large parts of the hashtag use are in a position to 

define and thus become influential because of that. It is problematic when very few users 

essentially hijack the debate and, in some sense, speak for everyone, thus signifying agreement 

concerning what should be discussed and how it should be addressed. 

Twitter’s functions afford users ways of communicating (see Treem & Leonardi, 2013). Over 

time, the usage of most key affordances analysed in this study changed; the number of hashtags 

likes and retweets per tweet all increased over time. Likely indicating both an evolution in the 

general usage of Twitter, as well as an increased interest in IoT over time. The most retweeted 

posts often related to IoT events and launches of new technology and products. The most liked 

tweets of the dataset seem to be about product development and services related to renowned 

technology organisations. 
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Consistent with previous research in other contexts, a changing use and focus of hashtags 

over time could be identified in the sample. Not only in the sense that the number of hashtags 

increased. Similarly to the findings of Yan et al., (2015) in academic writing up until 2014, 

there is indication of a more technology focused, and technology specific way of tagging tweets 

in the earlier parts of the dataset. Later on, abstract and hashtags were instead among the most 

popular. This indicates a shift in understanding and perception of IoT as a concept and an 

issue over time, where deeper concerns for implementation and development have come to 

dominate more than the actual technology used in IoT solutions.  

Twitter has sophisticated methods for highlighting content and users (van Dijck & Poell, 

2013). Seeing as social media are places for the formation and distribution of public opinion 

and discourse, it is important to bring attention to the fact that social media platforms are 

biased and that this in extension could affect the way issues are perceived. This is a valuable 

insight not only for specific organisations, but generally for the IoT industry It is important to 

master and leverage social media to reach the public with correct and relevant information. 

In line with the findings of Bian et al., (2016), the overall feelings are positive when it comes 

to IoT on Twitter. Among the outspokenly most negative tweets are concerns about security 

issues as well as apprehensions about current and possible developments of IoT technology. 

However, contrary to the views of Bian et al., (2016, p. 12), who justify their small sample size 

on the fact that social media are used by young people “who may not have much interest in the 

technology business in general”, IoT is found here to be popular tweeting topic. The dataset of 

over 4 million tweets provide a great insight into the discourse. The discourse of IoT on Twitter 

provides valuable insight for both organisations and academia on an issue which would be 

difficult to comprehend through either only qualitative or quantitative methods. The “Internet 

of Things” is a floating signifier (Laclau, 1990), which different discourses attempt to fill with 

meaning. In the context of this study, a prevalent focus on business related issues concerning 

for instance finance, named organisations and market are identified in the Connected 

Concepts Analysis. Also, different aspects of technology, for instance software, hardware smart 

technology and networks are important in the dataset. Issues such as security, events and news 

are also prominent themes. The areas around which the IoT discourse on Twitter is centred 

shares similarities with the findings of others. Bian et al. (2016) concluded several similar 

themes through topic modeling, for instance concerning business, market and industry but 

also security and connected devices.  

Organisations likely attempt to steer development towards greater revenue. When the 

discourse of IoT on Twitter focuses greatly on technology and business, other issues come to 

be less important. While one concept concerns issues of security it has little focus on for 

instance personal integrity. Concerns of legislation and ethics regarding the changing 

relationship between technology and people are also lacking. In a forum which has such 

potential to affect public opinion, this is problematic. Issues and opinions voiced on social 

media can come to start discussions and lead to public action on a large scale. As technology 

will become increasingly invasive, these concerns should be amongst the most important for 

us as a society, as everyone will be affected by its impact. However, the tweets should be 

understood in relation to the perspectives from which they were sent. This lack of discussion 

on ethics might be traced back to those which are in a position to define the discourse. Around 
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a third of the most influential users were organisations and another 20% of the most active 

accounts were bots. Businesses could be expected to promote content that provides 

organisational value and possibly, if deployed by organisations, so could bots. 

As IoT is increasingly growing to be an enormous industry and an integrated part of 

everyday life it is more vital than ever to comprehend which issues are incorporated into its 

discourse, and which are not as IoT technology has the potential to restructure society on a 

large scale.  

6.1 Implications for Theory and Practice 

This study makes several contributions. First and foremost, it fills a significant gap in IS 

research. Much of earlier IS research have focused on how organisations can enhance their 

strategic presences on social media platforms (e.g., Culnan et al., 2010; Luo & Zhang, 2013) or 

the development and usage of enterprise social media (e.g., Kane, 2015; Leonardi, Huysman, 

& Steinfield, 2013; Trier & Richter, 2015). Yet, little effort has been made to understand IoT 

on social media. Where previous studies have tended to focus on technical aspects of IoT (Lee 

et al., 2017; Mishra et al., 2016; Olson et al., 2015; Riggins & Wamba, 2015), this study instead 

addresses IoT as a socially constructed phenomenon. In addition to mapping the discourse of 

IoT on Twitter, it sheds light both on the role of users as well as on how Twitter’s functions are 

used in the construction of IoT as a concept.  

This study also makes a methodological contribution. It has long been argued for more 

flexibility in IS research methodology (Mingers, 2001) and mixed methods studies are even 

called for by editors (see Ågerfalk, 2013). Yet, these types of approaches have been absent in 

the leading IS journals (Venkatesh, Brown, & Bala, 2013). Mingers (2001) argues that the 

design of a research study should be based on the circumstances in which it is carried out. This 

study attempts to illustrate that in order to understand and leverage social media data, there 

is need for more adaptability and forward-thinking. Generally, mixed methods approaches are 

able to provide understanding of issues in ways which are not possible using either only a 

qualitative or a quantitative method (Venkatesh et al., 2013). Having said this, CCA takes 

mixed methods to another level, attempting to unify qualitative and quantitative elements 

rather than just triangulate them, thus making sense of large sets of data without losing detail 

(Lindgren, 2013, 2016). It could also be argued that the extent of the data in this study, and 

the fact that it was created independently of research efforts, incorporating a range of cultural 

and geographical contexts, allows for it to provide better insights than what could be achieved 

with traditional methods (see Müller, Junglas, vom Brocke, & Debortoli, 2016). 

Organisations, both within the private and public spheres could benefit from studying social 

media data as exemplified in this study, in their environmental scanning. IoT will likely have 

massive implications on society, with rapid developments for instance in healthcare, 

manufacturing and energy, not to mention business and people’s everyday lives. Therefore, 

organisations need to continuously stay up-to-date not only on the academic or industry 

discourse of IoT, but also on this rapidly evolving issue on social media. Organisations must 

understand the importance of these settings, as opinions on social media can also affect 

attitudes offline (e.g., Diehl et al., 2016; Duggan & Smith, 2016). Not leveraging this, risks 

organisations to miss out on indications as to what is important for hundreds of thousands of 
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social media users, which in turn can impede diffusion and development. Moreover, 

organisations must be aware of how other forces, in the form of organisations and automated 

accounts can attempt to obscure and warp the discourse into something else, for strategic or 

political purposes. 

6.2 Limitations and Future Research 

The descriptive and overarching account of IoT on Twitter could be considered a limitation of 

this study. However, to fully take advantage of the dataset and gain a comprehensive overview, 

these were decisions made consciously. To provide an overview on a larger scale, it was not 

within the scope of this study to analyse language use on a detailed level or the content of 

shared links. Future studies should therefore attempt to provide deeper insight into these 

issues. Mapping the development and change of hashtag use and conceptual construction 

would also be valuable for both research and industry. Moreover, is the fact that the tweets on 

Twitter are secondary data sources, posted independently of these research efforts. Future 

studies should take advantage of primary data sources and consider the questions of 

conceptualisations from another perspective. 
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