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a b s t r a c t 

Drawing from recent advances in the field of health sociology, our study highlights topics and framings of health 
technologies (HT) diffused online by more than 4,000 identified actors actively involved in HT discussions on 
Twitter. Adopting an exploratory approach, we distinguish between health institutions, specialists, and advocates, 
and we assess key topics and framings promoted online by these actors. First, we show that the geographical 
distribution of important actors correlates with the citizens’ reliance on social media to seek health informa- 
tion. Then, relying on ‘state-of-the-art’ methods in textual analysis, we identify prevalent online topics and show 

that the United States focuses more on risk management and private funding, whereas Europe focuses more on 
health literacy, practitioners, and start-ups. Furthermore, institutions focus more on indirect, global, and strategic 
problematics, whereas specialists are more concerned with direct and concrete problems. We also use creative 
visualisations displaying semantic relationships along important dimensions of HT, notably in terms of concerns 
related to technological priorities, professional skills, and privacy issues, as well as a possible shift in concerns 
related to privacy issues before and after the COVID pandemic. We conclude by discussing future research paths, 
particularly by giving insights into what are potential further survey interests. 
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. Introduction: studying health care issues using social media 

Platforms such as Facebook and Twitter have recently attracted the
ttention of enterprises and public institutions working in the field of
ealth technology (hereafter HT) as potential communication channels
or promoting their policies and products ( Lupton, 2012 ). In our study,
e aim to gain a better understanding of the major actors leading the on-

ine HT debate and, thereby, the prevalent topics and discursive frames
hey emphasise on social media. Providing answers to these questions
s paramount as the internet in general – and social media in particular
is increasingly important for citizens who want to inform themselves

bout health-related issues ( OECD, 2020 ). 
We adopt a sociological approach which focuses on the role of promi-

ent actors in the depictions of HT in publicly accessible discourses.
ere, the reliance on social media by important actors in the field
f HT is likely to provide a fertile source of information about the
urrent public debate concerning HT. Indeed, social media have be-
ome important platforms through which HT companies and profes-
ionals can position themselves and get in touch with a public audience
 Lupton, 2012 ). Meanwhile, social media are also becoming an impor-
∗ Corresponding author at: University of Lausanne: Universite de Lausanne, Switze
E-mail addresses: maud.reveilhac@unil.ch (M. Reveilhac), arnaud.blanchard@uni

ttps://doi.org/10.1016/j.jjimei.2022.100068 
eceived 17 September 2021; Received in revised form 8 March 2022; Accepted 9 M
667-0968/© 2022 The Authors. Published by Elsevier Ltd. This is an open access ar
 http://creativecommons.org/licenses/by-nc-nd/4.0/ ) 
ant source of information from which citizens get health-related infor-
ation (see ( European Commission, Brussels 2015 ); Weber Shandwick,
018 ). 

Our study thus contributes to shedding a complementary light
nto studies focusing on health-related practices on social media
 Lupton, 2012 ) and on the potential of social media applications for
ealth behaviour and information ( Koteyko et al., 2015 ). It raises two
ain research questions: Who are the important actors in the HT field

hat are active on Twitter? What important topics and framings of HT
re promoted by these actors online? 

There are three essential motivations for undertaking this study.
irst, there is still little empirical knowledge about who is involved in
ocial media conversations concerning HT and how these conversations
elate to business and to raising public awareness of these technolo-
ies Kushwaha et al. (2021) . study emerging management areas that
re supported by big data (including social media). They show that one
f the most significant areas of development relates to healthcare man-
gement and two aspects in particular are studied: research about the
sage of sensor-generated data to help in addressing diseases and the
se of health data to manage patients. To complement this managerial
rland 
l.ch (A. Blanchard). 
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pproach, we argue that it is also important to have greater awareness
f which common understandings and practices are promoted on social
edia to raise the public medical awareness and, thereby, to generate

rust in the business overall. 
Second, Grover et al. (2018) show that discussions about HT on so-

ial media tend to be skewed towards computing algorithms, while they
how no differences in discussions of acute and chronic diseases, nor in
iscussions of communicable and non-communicable diseases. In addi-
ion to this social technical perspective, we argue that there is a need
o better segregate HT related tweets with respect to the professions
or profiles) of the authors. Indeed, literature indicates that health care
romotions fulfil different aims according to their target audiences. For
nstance, healthcare firms aim to improve patient trust and satisfaction
 Jiang, 2019 ), whereas professionals aim to provide guidance to physi-
ians ( Peluchette, Karl & Coustasse, 2016 ). In addition, it is conceivable
hat the aim of companies is to put forward their latest technology for
etter patient outcomes, while influencers aim to give support to par-
icular groups and products. 

Third, another major motivation underlying the proposed study is
o further investigate which aspects and concerns of the public debate
ould lead to the development of public opinion survey items. Indeed,
elying on online data from major actors has the potential to comple-
ent existing analyses. To date, most large-scale quantitative research

n HT has been conducted in the form of surveys conducted by govern-
ent or national institutes ( WHO, 2015 ) or eHealth professionals from
ultiple European countries ( HIMSS Analytics, 2019 ). In addition to HT

xperts’ answers to well-defined survey concepts, it is worth consider-
ng what major actors in the field consider important to share with the
ider public on social media platforms. 

To conduct our empirical analyses, we rely on messages from more
han 4,000 identified actors active in HT discussions on Twitter. In a
rst descriptive step, we identify important actor groups active on so-
ial media to promote HT and investigate whether the geographical dis-
ribution of these actors correlates with the general public reliance on
ocial media to seek health information. Our data suggest that institu-
ions (e.g., governmental agencies or private enterprises) and specialists
e.g., physicians or experts) are the two major groups involved in the
nline HT discussions. Our data further show a correlation between the
etweet share of major actors’ messages and the general public’s reliance
n social media to seek health related information. 

The key findings of our research demonstrate a positive correlation
etween the share of retweets of major actors involved in HT and the
ublic share relying on social media to seek health information. It also
dentifies prevalent topics about HT found in tweets addressing techno-
ogical priorities, professional skills, and privacy issues. Word embed-
ing enables us to demonstrate that current challenges lie in the rela-
ionship between patients and professionals, notably patients’ empow-
rment and access to health data. It further suggests that the COVID
andemic led to a shift away from concerns related to (cyber)security
owards a focus on data storage and computing. 

Another contribution of our study is to promote a computational
pproach to disclose topics and frames in the field of HT. Therefore,
n a second research step, we rely on ‘state-of-the-art’ computational
ocial science methods and creative visualisations. These methods are
lready used widely in the fields of linguistics and digital humanities.
owever, they remain underused in the field of sociology. Our article

hus contributes to the promotion of these methods within the field and
lso provides a detailed explanation of how they can be implemented
n practice to address other research questions. In our study, we investi-
ate which salient topics are discussed online and how their prevalence
iffers in terms of geographical coverage and actor type. Additionally,
e provide a more fine-grained view of the framing of specific aspects of
T in relation to important dimensions and relationships. For instance,
e look at the framing of HT in terms of challenges and opportunities,

echnological advances, as well as privacy concerns. We differentiate
2 
hese framings by actor group and by period (e.g., pre- and post-COVID
andemic). 

. Study background: the study of HT perceptions through 

uantitative and qualitative methods 

.1. Public opinion about health technologies 

HT can be defined as healthcare innovations relying on continuous
ata collection and algorithmic evaluation. In recent years, social me-
ia apps and other mobile devices have increasingly been adopted by
ealth professionals to ‘personalise’ health treatment by sending people
ailored messages in relation to their individual health concerns and con-
itions ( Fagerlund et al., 2019 ). Qualitative studies have thus explored
he experiences of organisations in the development of disruptive health
ervices. For instance, the study of Sterling and LeRouge (2019) investi-
ates the integration of telemedicine services. While qualitative studies
ave the advantage of advancing our understanding of how to encourage
eople to voluntarily share health information with the authorities (e.g.
overnmental agencies, organisations, practitioners, or experts) and of
he new deployment of business models and strategies, they generally
ack generalisability in terms of concerns of the general population to-
ards health technologies. 

In the meantime, privacy issues have been raised in discussions about
he use of personalised computerised technology (e.g., Lyon, 2010 ), thus
nderlying the variety of concerns and expectations of different actors
nd stakeholders. Against this background, one strand of research fo-
uses on the psychological mechanisms underlying the intention to use
ersonal health devices. For instance, Tsai et al. (2019) aim to explain
hy people accept or reject telehealth usage. Their study suggests that

echnology anxiety takes on a critical role. More recently, the experi-
ental study from Ross (2021) about COVID-19 contact-tracing apps

howed that the intention in using health apps was positively related
o chronic prevention focus and that this relationship was mediated by
rivacy and information security concerns. 

.2. The role of social media for assessing health information 

To investigate the publicly accessible discourse about HT, studies
ave relied on social media data to study citizens’ interest in, and their
esponses to HT. For instance, a study by Grover et al. (2018) inves-
igated Twitter discussions on ‘technology-enabled health’ to identify
op technologies and their relationship with specific diseases. The au-
hors could confirm the role of technologies for treating, identifying,
nd healing various diseases, while being skewed towards computing
lgorithms. Another study by Lee et al. (2019) analysed health technol-
gy trends and sentiments related to health information technologies
n tweets so as to examine the opinions of members of the public and
dentify their needs. Relying on an ontology and sentiment dictionary,
hey showed that social media constitute a useful tool for studying the
ublic’s responses to new HT. Their study makes a strong contribution
o assess public concerns towards HT, notably because of the lack of
urvey data of the topic. 

Social media platforms do not only play an important role in citi-
en information and expression of opinion, but they are also a means
sed by institutional actors and specialists to maintain public relations,
romote products, and construct social events around specific interests
 Lupton, 2012 ). In view of investigating professionals’ perceptions and
ses of HT, qualitative studies have focused on the perception and use
f these technologies by practitioners and physicians (e.g., Brandt et al.,
018 ; Johansen, Holm, & Zanaboni, 2019). These studies relied on semi-
tructured interviews with convenient samples of general practitioners
o uncover perceptions, as well as on digital health records and elec-
ronic health consultations. Other quantitative studies relied on sur-
ey data from health professionals (e.g., IT staff, administrative staff,
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linicians, CIOs, CEOs, physicians, nurses, professionals from consulting
ompanies and from eHealth related sectors). For instance, the Annual

uropean eHealth Survey is conducted two to four times a year to pro-
ide insights into specialists’ current and expected developments within
Health in Europe ( HIMSS Analytics, 2019 ). 

According to the literature review of Zhang et al. (2020) , social me-
ia act as a research context for public health research when it is ‘mere
eference’, used to recruit participants and for data collection. The au-
hors also note that, while qualitative and quantitative methods are fre-
uently used, ‘state-of-the-art’ computational methods play a marginal
ole. Furthermore, their review shows that discourse (as well as be-
avioural) data on social media (e.g., Twitter) have essentially been
sed by professionals and organisations for public health management,
uch as disease surveillance, assessment, and control. Concerning HT
eHealth specifically), the authors underline that social media have sub-
tantially altered how individuals seek and share health information,
iscuss health issues, and engage in health behaviours. This constitutes
 primary motivation for further investigating the discursive content of
nline messages posted by actors actively taking part in the promotion
nd discussion of HT. For instance, social media can be used for pro-
oting open innovation in digital health through hashtag-based cam-
aigning Kletecka-Pulker et al. (2021) . investigated the impacts of the
iomedical hashtag #DHPSP to promote visibility of patient safety and
ersonalised medicine. The authors found that the campaign achieved
igh visibility with a large body of Twitter users participating in the on-
ine debate. Moreover, the campaign resulted in an increase of member
nrolments and website visitors. 

The current state of the literature shows that, despite social media’s
mportant role in spreading information and opinions about health ap-
lications and technologies, the role of social media as tools to spread
T awareness by actors actively involved in online discussions about
T has been little researched. At the same time, data availability and
ccessibility to various platforms are changing the nature of informa-
ion systems studies. Particularly, Kar and Dwivedi (2020) underscore
he need to explain beyond what is observed by moving towards why
he observations happen. In our study, we seek to examine who the ma-
or actors producing HT content online are and what topics and framing
f HT are prevalent in their online messages. Furthermore, we study
hanges in content before and after the COVID-19 pandemic which en-
bles us to overcome the limitation that cross-sectional data can only be
sed to observe the relationship at a certain time. 

.3. Text classification methods for retrieving textual information 

The large amount of data obtained from social media platforms
akes it challenging to summarize the information in an interpretable
ay. This issue is especially salient in explorative research when content

ategories or semantic groups are not defined a priori by researchers. To
ddress this difficulty, there is a need to apply unsupervised natural lan-
uage processing techniques. Our study relies on two of them, namely
opic modelling (hereafter TM) and word embeddings. 

TM is widely used for producing data insights ( Garg et al., 2021a ). In
act, topic modelling consists of grouping together a collection of words
n a way where each group represents a topic in a document. TM is
eneficial for analysing the content of a corpus of documents with a
nowledge discovery perspective ( Bundschus, Tresp & Kriegel, 2009 ).
owever, one big issue with TM is determining the adequate number
f topics to consider or opt for. Recently, several studies adopted TM
nalyses on tweets to identify public concerns. This trend has increased
ignificantly with the COVID-19 pandemic with the need to rapidly iden-
ify important themes of discussion and public concerns. For instance,
bd-Alrazaq et al. (2020) examined the tweets posted in English related

o COVID-19 from February to March 2020 by adopting Latent Dirich-
et Allocation. Furthermore, Cinelli et al. (2020) collected data related
o COVID-19 on Twitter, Instagram, YouTube, Reddit, and Gab to ex-
3 
mine public engagement on the topic of COVID-19. They extracted all
f the topics related to COVID-19 by generating word embedding and
hen analysed the topics. Moreover, Mahdikhani (2021) introduced a
ovel approach to extracting the features from tweets and to predict-
ng their retweetability using supervised machine learning algorithms.
n our study, we pay particular attention to how the extracted topics
re distributed among countries and actor groups on social media to
nhance the validity of our findings. 

Word embeddings enable us to achieve dimensionality reduction us-
ng an unsupervised learning algorithm for obtaining vector representa-
ions for words. However, it is also used to achieve accurate text classi-
cations ( Singh et al., 2022 ). Recently, the popularity of word embed-
ing techniques – such as Word2Vec ( Mikolov et al., 2013 ) – have been
ncreasing in various applications because of its capturing of word se-
antics and syntactics. For instance, cosine similarity measure is used to

ompare the found lists of resources and expand the queries ( Garg et al.,
021b ). Since Word2Vec treats each word equally in a corpus (or a doc-
ment), it cannot distinguish the importance of each word. Therefore,
t is useful to combine it with a weighting scheme to improve a given
nformation retrieval task. In our article, we combine it with relative
requency. Furthermore, the word embedding approach evaluates the
imilarity score between words, but it does not answer why as to a sim-
larity occurs. In our article, we propose to several visualizations that
nable us to support similarity justifications between words. 

. Methods and data 

.1. Identification of major actors involved in the public HT debate on 

witter 

The R library rtweet was used for data crawling and for natural lan-
uage processing. Using the rtweet library, we extracted users whose pro-
le description on their Twitter accounts contained specific keywords.
he list of keywords was built upon the selection of relevant hashtags
nd words using tf-idf as a method of keyword extraction from Twit-
er conversations. In information retrieval, tf-idf means term frequency-
nverse document frequency and serves as a numerical statistic that is
ntended to reflect how important a word is to a document in a collection
r corpus. The resulting list contains the following queries: ‘healthtech’,

health AND (technology OR technologies)’, ‘digitalhealth’, ‘digital AND
ealth’, ‘mhealth’, ‘medtech’, and ‘ehealth’. The term ‘ehealth’ refers
o healthcare practices supported by electronic processes and commu-
ication and includes the networking of oIT staff, administrative staff
nd clinicians from health facilities, professionals from health-IT related
oftware and consulting companies. Dating back to at least 1999, the
sage of the term covers not just Internet medicine but also virtually ev-
rything related to computers and medicine. The term ‘mhealth’ is an ab-
reviation for mobile health and encompasses the practice of medicine
nd public health supported by mobile devices (e.g., mobile phones,
ersonal digital assistants, wearables). The user accounts were retrieved
sing the search queries. Then, every account retrieved was manually
hecked for its relevance, coded according to an actor group category by
wo coders. The actor categories are the following: ‘institution’, ‘special-
st’, or ‘advocate’. The coders further assigned the country of emission
hen the location field allowed them to do so. The actors identified as

elevant for our study are included in our sample (N = 4,120). 

.2. Selection of relevant tweets and pre-processing steps 

From each of these Twitter users, we then collected up to the most
ecent 3,200 tweets (which corresponds to the rate limit authorised by
witter API) which left us with more than 7.5 million tweets in total.
o keep only the most relevant tweets about HT, we applied the follow-

ng search query: ‘. ∗ health. ∗ | . ∗ medicine. ∗ | . ∗ medical. ∗ | . ∗ patient. ∗ |
 

∗ technolog. ∗ | . ∗ medtech. ∗ ’. We also only selected tweets from our cor-
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us that had been posted since January 2019. We applied several pre-
rocessing steps including the removal of stop-words (e.g., ‘the’, ‘our’,

of’, ‘at’), of special characters and symbols (e.g., ‘#’, ‘@’, emojis, emoti-
ons), of punctuation, and of links (e.g., ‘http(s)’, ‘www’), as well as the
plitting of concatenated expressions (e.g., ‘HealthTech’ becomes ‘health
ech’) and the lowercasing of the text. 

.3. Identification of salient topics surrounding HT 

We conducted TM to provide more prompt and accurate insights into
rends related to HT. TM enables us to extract dominant or salient top-
cs in the tweets collected for the study. For instance, it can automat-
cally identify important health topics related to HT and other impor-
ant themes for the actors whose tweets were retrieved. A ‘topic’ con-
ists of a cluster of words that frequently occur together. The logic be-
ind TM uses contextual clues to connect words with similar meanings
nd to distinguish between the uses of words with multiple meanings
 Blei, 2012 ). TM thus aims to reduce the complexity of the tweets to
core’ meanings so that we can identify what a given tweet is about.
opic models maximise the equation p(topic|document) x p(word|topic)
or all given tweets in our corpus. It thus combines document classi-
cation (p(topic|document)) and keyword generation (p(word|topic)).
ocuments and words are given, topics are fitted iteratively starting

rom a random configuration. We used the popular implementation al-
orithm of Latent Dirichlet Allocation as implemented in the Mallet soft-
are to conduct TM ( McCallum, 2002 ). We set the number of topics

o be extracted to 150, which appeared to be the most relevant num-
er of topics after several attempts. The extracted number of topics
emonstrates a good internal and external coherence, which are two
riteria proposed by Grimmer and Stewart (2013) to assess the reli-
bility of the topic extraction. Each topic is represented by a list of
op related keywords, which then need to be manually labelled with
 view to proposing a possible interpretation. The distribution of top-
cs can be assessed for external parameters, such as actor group and
ocation. 

.4. Identification of framings of HT along important dimensions 

We also aim to uncover framings of HT along important dimensions
f the debate. To do so, we apply word embedding (hereafter WE) anal-
ses which enable us to better understand the relationships between
ords. Therefore, instead of extracting a fixed number of topics as in
M, WE lets us choose how expansive the explored space should be as

t provides a low-dimensional representation of the meaning of words
 Sahlgren & Lenci, 2016 ). The underlying logic of WE implies that the
odel ‘learns’ scores for each word in the text for some arbitrary number

f characteristics (also called dimensions). The WE method represents
ords as vectors, where each word gets a series of scores that position it

n a multi-dimensional space. WE is thus useful for retrieving important
ynonyms and associations surrounding important dimensions of HT. It
s also well-suited to build information retrieval contexts while letting
s choose how wide the discursive space should be. We relied on the
 library wordVectors ( Schmidt, 2017 ) to train WE models (the mod-
ls that we employed uses the function train_word2vec ). This library en-
bles us to achieve matrix operations that are useful in exploring embed-
ings, including cosine similarity, nearest neighbour, and vector projec-
ion with some caching that makes them much faster than the simplest
mplementations. The input must be in a single file and pre-tokenised,
nd the algorithm relies on the existing word2vec code implemented
y Google in the C language ( Mikolov et al., 2013 ). The algorithm pro-
uces a vector space, typically of several hundred dimensions, with each
nique word in the corpus being assigned a corresponding vector in the
pace. 

We followed some advice on the optimal set of parameters to use
or training as defined by Mikolov et al. We used skip-gram as argu-
4 
ent type which is better for infrequent words. We used hierarchi-
al softmax as training algorithm. We produced 100 dimensions of the
ord vectors and used the argument window of 10, which is appro-
riate for skip-gram. More vectors usually mean more precision, but
lso more random error, higher memory usage, and slower operations.
e used 3 threads to run the training process on. Furthermore, we did

ot use any minimal word frequency and we made no use of the epoch
or iter) parameter which provides passes to make over the corpus in
raining. 

We can use visualisations to obtain a concept map plotting similar
ords close to each other. Words that are found in most discourses
ppear near the centre of the map, those which are restricted to very
ew documents appear on the fringes of the axes. We built models for
he whole dataset, but also for each actor group (‘specialists’, ‘institu-
ions’, and ‘advocates’) in view of generating an additional interpreta-
ive dimension related to the actors. We also applied stemming using
he textstem R package ( Rinker, 2018 ). 

The proposed approach for conducting our research is summarised in
igure 1 . Three main stages have been followed. Stage one captures the
rofiles and the relevant tweets using a list of search-queries. Stage two
elivers insights from the tweets through various techniques, namely
M and WE. Stage three presents the findings in form of graphical rep-
esentations and innovative visualisations. 

. Results 

.1. Identifying the main actors involved in health technologies who are 

ctive on Twitter 

The common population of users on social media platforms con-
ists of non-affiliated users, users self-identifying with an organisation in
heir profile, official organisational accounts, influencers, fake accounts,
nd bots. Our sample of social media users active in the field of HT is
ivided between 40% institutions (public and private), 40% specialists
or practitioners), and 20% advocates. To be included in our sample,
dvocates must refer explicitly and primarily to HT in their profile de-
cription. For instance, journalists who cite HT as one of their minor
nterests are not included in our sample. Neither do we include users
ith either an irrelevant profile description or a very minor interest for
T. 

The profile descriptions allow us to derive shared characteristics
mong the different groups of users. Among organisations, there are
s many public as private actors (including: universities, research in-
titutes, hospital services, health authorities, private organisations, or
orporations). Institutions use Twitter to promote their services (e.g.,
echnological advancements) or policies (or regulations). With respect
o specialists, they are essentially CEOs, CIOs, practitioners, research
ellows working in universities, or private entrepreneurs. Specialists,
n particular, rely on Twitter to publicise their research, their research
genda (e.g., events, conferences, webinars, etc.), and new challenges
ssociated with their practice. Our sample of Twitter users thus reflects
imilar specialist positions as the respondents covered by expert surveys
e.g., HIMSS Analytics, 2019 ). 

Our corpus is mainly composed of social media users from the United
tates (50% of users are from the United States), followed by users from
urope (40%), and a residual share from other countries (10%), includ-
ng Canada, New Zealand, India and African countries. According to a
pring 2019 Pew Research Center survey ( Schumacher & Kent, 2020 ), the
ocial media penetration rate is more pronounced in the United States
han in Europe. In European countries, the use of social media varies sig-
ificantly between countries Figure 2 . below illustrates the distribution
f the share of retweets in our corpus in relation to the national share of
espondents from representative samples of national populations seek-
ng health information on social media (we used the survey data from
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Figure 1. Proposed approach for conducting the research. 

Figure 2. Relationship between the share of retweets from health technology 
actors (x-axis) and the reliance on social media to seek health information (y- 
axis). 
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(  
he 2014 Eurobarometer 1 to plot European countries ( European Com-
ission, Brussels 2015 ), and survey data from the 2013 Great Ameri-

an Search for Healthcare Information 2 for the United States) Figure 2 .
hows a positive correlation between the share of retweets about HT
nd the share of national social media users relying on social media to
eek health information (Pearson correlation of 0.7 only for European
ountries and of 0.65 with the United States included). 

.2. Extracting salient topics surrounding health technology 

In this section, we assess more precisely what the important top-
cs addressed on Twitter by the users included in our sample are. The
opics extracted are multi-fold and range from ‘trendy’ topics gather-
ng interest on Twitter to recent advances in the field of HT and pol-
cy regulations. The vast majority of topics are relevant for our anal-
sis. More than 80% of the topics extracted have a clear interpreta-
ion and are mutually exclusive. The remaining 20% are related to
ews, or to summaries of events, and are difficult to differentiate (the
1 For more information on the survey report, see: https://ec.europa.eu/ 
ommfrontoffice/publicopinion/flash/fl_404_sum_en.pdf 
2 For more information on the survey report, see: https:// 
ww.webershandwick.com/wp-content/uploads/2018/11/Healthcare-Info- 
earch-Report.pdf 
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5 
ull manual coding and the mean topic weights that refer to the text
ass that this topic covers, presented in percentage terms by regions –

United States’ and ‘Europe’ – and actor type –‘specialist’, ‘institution’,
nd ‘advocate’ – can be found in Annex 1). The findings from TM shows
alient themes addressing the patient–doctor relationship, patient-
entred initiatives and needs, healthcare systems, innovative solutions,
ig data challenges, market opportunities, and customer experience (see
nnex 1). 

Because there are major differences in the health systems prevail-
ng in the United States and in Europe, we also assess whether these
ifferences are reflected in the prevalence of topics in a cross-cultural
erspective. For instance, OECD data (2019) show that the amount of
oney Americans spend on healthcare services is higher than in any of

he other developed countries in the world. At the same time, only 23%
f Americans think that they get the best care possible, compared to an
verage 70% of EU citizens who are satisfied with the quality of health-
are. We therefore expect to find differences between cultural contexts,
specially in terms of which topics are emphasised to meet the expec-
ations of patients, citizens, and communities. To test this hypothesis,
e assess the difference between the United States and Europe in the
revalence of the topics extracted (see Annex 1 for the topic weights
or the two regions ‘United States’ and ‘Europe’). The topic weights
how differences in topic prevalence between European countries and
he United States. For instance, the latter places greater emphasis on
isk management and private funding, whereas European countries fo-
us more on health literacy, practitioners (as opposed to scholars), and
tart-ups. 

We also expected to find different topic salience across actor types,
hich we test using the topic weights (see Annex 1 for the topic weights

or the actor types ‘specialist’, ‘institution’, and ‘advocate’). Specialists
end to focus more on concrete and direct challenges and topics. For
nstance, they focus on subjects such as patient happiness and patient
onitoring, as well as on the latest technological developments and the
OVID pandemic response. Furthermore, specialists have a direct in-
erest in learning/training/teamwork, which are additional direct con-
erns in their daily practice. In contrast, institutions focus more on in-
irect problematics, such as corporate policies, projects, and finances
e.g., funding, market growth, profits margins, and marketing), as well
s on more strategic or global topics such as general policies and health
oncerns (e.g., smoking, home care, and pregnancy). Whereas institu-
ions and specialists have a scientific and economics-oriented discourse
bout HT, advocates spread content mostly related to highlights, well-
ess, well-being, and wearables. 

https://ec.europa.eu/commfrontoffice/publicopinion/flash/fl_404_sum_en.pdf
https://www.webershandwick.com/wp-content/uploads/2018/11/Healthcare-Info-Search-Report.pdf
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Table 1 

Cosine distances between health issues and HT related terms 
(‘healthtech’ and ‘medtech’). 

Disease or health issue category (‘term used’) cosine cosine rank 

Weight disorders (‘obesity’) 0.061 1 
Addiction disorders (‘addiction’) 0.060 2 
Cardiovascular diseases (‘heart’) 0.050 3 
COVID (‘covid’) 0.047 4 
Mental disorders (‘mental’) 0.041 5 
Diabetes I & II (‘diabetes’) 0.039 6 
Liver problems (‘liver’) 0.038 7 
Hypertension (‘hypertension’) 0.035 8 
Vascular diseases (‘vascular’) 0.028 9 
Gerontology (‘gerontology’) 0.020 10 
Oncology (‘oncology’) 0.019 11 
Neurological pathologies (‘brain’) 0.017 12 
Alzheimer’s (‘alzheimer’) 0.017 13 
Lung diseases (‘lung’) 0.016 14 
Blood diseases (‘blood’) 0.010 15 
Neurology (‘neurology’) 0.004 16 
Sexually transmitted diseases (‘aids’, ‘hiv’) 0.004 17 

4

 

v  

u  

s  

o  

t  

I  

m  

b  

a  

‘  

o  

s  

m  

t  

‘
 

i  

m  

b  

o  

w  

a  

s  

c  

s  

w  

n  

p
 

t  

i  

i  

t  

v  

s  

v  

‘  

p

w  

t
 

s  

t  

p  

o  

j  

a  

F
 

p  

q  

o  

w  

i  

T  

p  

c  

p  

(  

p  

t  

t  

t  

o  

q  

1
 

b  

p  

h  

o  

‘  

s  

t  

h  

t  

a  

a  

e  

s  

‘
 

t  

i  

w  

o  

m  

p  

t  

t  

(  

t  

o  

a  

T

4

 

o  
.3. General framing of health technology on social media 

In this section, we apply WE using different strategies to extract rele-
ant framing related to HT. Compared to TM, which provides one partic-
lar idea of a given theme, WE models enable us to search for relation-
hips embedded in words. They can thus provide us with an overview
f families of related terms, i.e. words that are found in similar con-
exts. In this respect, WE is a good strategy to reveal word relationships.
t separates and clusters words that are semantically similar. A way to
ake sense of the WE is to build a text network to derive the similarities

etween each pair of words. Based on this network, we can build a visu-
lisation of word relationships. This visulalisation is also referred to as a
conceptual map’. The Figure 6 in the Annex 2 displays such a map based
n top terms of our corpus of tweets. It shows pairings where words with
imilar meanings are nearby 3 . For instance, ‘io’ and ‘robotics’ (see upper
iddle pane) clearly have something in common and are plotted next

o each other. Terms that appear together (e.g., ‘interoperability’ and
telemedicine’) cluster together on the chart (see lower middle pane). 

In the following analyses, we rely on WE to obtain ways of interact-
ng with the vector space beyond word pairings in order to build infor-
ation retrieval contexts. For instance, we can thus assess the distance

etween two words, or between one word and several related words. In
ur application, we used a list of diseases and health issues for which
e calculated the distances to HT related terms (notably, ‘healthtech’
nd ‘medtech’). This enables us to demonstrate that certain health is-
ues – such as obesity, addiction, heart disease and COVID – are per-
eived as more ‘well-suited’ in terms of HT (see Table 1 containing co-
ine distances between our list of health issues and HT related terms). It
ill be important to take this result into account when interpreting the
ext analyses as Table 1 indicates what health ‘domains’ are likely to be
revalent in our corpus of HT-related tweets. 

WE can also be used to highlight connections between concepts in
erms of word-vector relationships. This lets us plot a number of terms
n a given discursive space. However, instead of specifying vocabulary
tems, we can also create text visualisations corresponding to word rela-
ionships. For instance, just as ‘patient’ and ‘professional’ are individual
ectors, ‘patient – professional’ can also be represented in a semantic
pace. We can simply indicate this by comparing our words to a new
ector defined as the difference between the two words (‘customer’ and
industry’) within the same vector space. This enables us to score any
3 We relied on the python library texplot and on the Gephi software (see im- 
lementation by McClure, 2015 ). 

r  

t  

w  
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6 
ords based on their relationships in order to create word representa-
ions specific to any desired word relationship. 

Figure 3 displays a semantic space composed of two-word relation-
hips: ‘patient – professional’ and ‘challenge – opportunity’. The rela-
ionship ‘challenge – opportunity’ aims to illustrate an important op-
osition in health data usages. The increased availability of HT offers
pportunities to improve important aspects relating to diseases and in-
uries, but HT can also be framed with respect to emerging challenges
nd concerns, either from the patients’ or the professionals’ perspective
igure 3 . captures distinctions between these two continuums. 

We will now explain the methodology applied to extract the words
lotted in Figure 3 . A similar methodology will be used for the subse-
uent figures (also refer to Schmidt (2017) who presented the method
n which we elaborated to build our own analyses). Regarding Figure 3 ,
e first extracted top words mostly associated to HT using the follow-

ng query: ‘healthtech | medtech | digitalhealth | ehealth | digihealth’.
hen, we extracted the top words closed to opportunities (query: ‘op-
ortun | solute | advanc’) from which we subtracted the top words
losed to challenges (query: ‘challeng | difficulti’). This forms the ‘op-
ortunity vector’. We also extracted the top words closed to patients
query: ‘patient’), from which we subtracted the top words closed to
rofessionals (query: ‘profession’). This forms the ‘patient vector’. On
his basis, we calculated the cosine similarities between the ‘HT vec-
or’ and the ‘patient vector’, as well as between the ‘HT vector’ and
he ‘opportunity vector’. Because of the big differences in the frequency
f individual words, we weighted the cosine scores by the relative fre-
uency of each word. For readability purposes, we only plotted the top
30 words. 

The shape of the word distribution on Figure 3 shows that HT tend to
e framed as opportunities on the patients’ side and as challenges on the
rofessionals’ side. Words on the upper left pane (such as ‘digitalmental-
ealth’, ‘clearhead’, ‘behaviourchang’) are related to the patient and the
pportunity space. Words on the lower right pane (such as ‘patientcentr’,

patientexperi’, ‘clinicaltri’) are related to the professional and challenge
pace. These words indicate areas in which there is a need to improve
he application of HT, with a focus on digital and virtual HT (e.g., ‘tele-
ealth’ and ‘virtualcar’) Figure 3 . enables us to assess further salient
rends. First, on the patient side, there are words related to concerns
bout data safety and the guarantee of their privacy (e.g., ‘dataprivaci’),
s well as a call for more ethics (e.g., ‘techforgood’) and medical knowl-
dge (e.g., ‘digitalhealthliteraci’ and ‘mindblow’). Second, this trend is
hared by the professionals who emphasise patient empowerment (e.g.,
patientdrivenhealthcar’). 

Overall, our findings tend to indicate a positive ‘tonality’ (or conno-
ation) at the word level. This can result from the fact that the actors
ncluded in our sample are more likely to be favourable than critical to-
ard HT. To assess this possible bias, we conducted a sentiment analysis
f the tweets from the three groups of actors using the R package senti-

entR ( Rinker, 2019 ). We found that there is a general pattern toward
ositive language about HT (see Figure 7 in the Annex 3). However, the
hree groups significantly differ in their mean sentiment, with institu-
ions and specialists relying on a more positive language than advocates
significance level of Student-test for p-value < 0.05; see also Annex 4
o see the distribution of sentiment by actor group). This means that
ur analyses are more representative of the perspective of actors who
re rather supportive of HT, thus under-representing views from other
witter users who are critical (or sceptical) about the benefits of HT. 

.4. Actor framing of health technology on social media 

In this section, we apply WE to extract relevant actors’ framing of
pportunities and challenges associated with HT. To do so, we can also
etrieve similarity scores while keeping the information about the actor
ype. To maintain discursive distinctiveness between actors, we trained
ord vectors separately for tweets from each actor (‘specialist’, ‘insti-

ution’, and ‘advocate’). Merging the scores for each actor enabled us
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Figure 3. Semantic space composed of the two-word relationships ‘patient – professional’ (x-axis) and ‘challenge – opportunity’ (y-axis). 
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o identify terms that are shared among all actors (‘shared’ words) and
erms that are more salient for a given actor compared to the other ac-
ors (‘specialist’, ‘institution’, and ‘advocate’) Figures 4 to 5 are based
n this logic and display the discursive differences for each group of
ctors. 

Figure 4 focuses on the similarity scores associated with new tech-
ologies and with privacy in relation to the terms ‘professional’ (y-axis)
nd ‘patient’ (x-axis). Top words are plotted in this discursive space and
oloured according to the actor type. Specialists’ framings especially
mphasise concerns related to their daily practices and research (e.g.,
medtechinnov’, ‘showcas’ and ‘futurofhealth’). In contrast, institutions’
ramings mainly emphasise business opportunities (e.g., ‘charitesum-
it’, ‘investor’ and ‘standout’), but they also focus on the opportunities

ffered by the collection and analysis of health data (e.g., ‘healthanalyt’
nd ‘healthinfo’). The advocates mainly emphasise the concrete appli-
ations (e.g., ‘videoconferenc’, ‘healthit’ and ‘voitech’) and domains of
T (e.g., ‘biotech’, ‘prosthes’ and ‘ophtalmolog’). The shared discursive

pace provided by Figure 4 is in favour of more predictive medicine and
ew research skills, notably with the reliance on artificial intelligence
nd big-data analytics. 

In Figure 4 (right pane), we show the top words associated with the
erm ‘privacy’. There is a trend to associate ‘privacy’ concerns to the
patient’ side (x-axis) rather than the ‘professional’ side (y-axis). Fur-
hermore, shared words demonstrate that data-driven technologies raise
7 
ata privacy discussions associated with professionals’ obligations (e.g.,
compli’, ‘transpar’, and ‘ethic’). Specialists also emphasise data access
nd algorithms to analyse these data. On their part, institutions are more
oncerned with security issues (e.g., ‘hitsecur’ and ‘cyber’), as well as
ith data sharing and authenticating strategies (e.g., ‘patientaccess’ and

authent’). Advocates emphasise the need for accountability (e.g., ‘in-
orm’), confidentiality, interoperability and security (e.g., ‘cyberattack’,
protect’) concerning HT. 

HT based on continuous data collection and algorithmic evaluation
ave gained importance during the COVID pandemic ( Scott et al., 2020 ).
he growing interest in continuous data collection and the algorithmic
valuation of personal health data exacerbates concerns about data pri-
acy. To highlight recent important trends, we use similarity scores as-
ociated with privacy concerns based on their distance from HT before
nd after the COVID pandemic. 

Figure 5 shows a discursive shift between before and after the COVID
andemic, with focus moving from the professionals’ to the patients’
ide. Furthermore, there is also an evolution from concerns related to
cyber)security to data storage and computing between the ‘pre-covid’
nd the ‘post-covid’ periods. The ‘pre-covid’ period also rassembles more
ords associated with ethical considerations (e.g., ‘liberti’, ‘imbal’, and

dilig’). In a similar vein, the ‘pre-covid’ period also emphasises non-
iscrimination issues. The legal orientation of HT discussion is present
oth before and after the pandemic (see shared terms in black: ‘law’,
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Figure 4. Top words associated with technology (left pane) and privacy (right pane) by similarity to patient (x-axis) and professional (y-axis) by actor type. 

Figure 5. Top words associated with privacy 
close to patient (x-axis) and professional (y- 
axis) before and after the COVID pandemic. 
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regulation’, ‘compliant’ and ‘rule’), although it seems to have taken a
ore punitive orientation in the ‘post-covid’ period (e.g., ‘judgment’,

sanction’). This can be explained by the fact that the ‘post-covid’ period
eems to be characterised by terms related to emergency (e.g., ‘lifesav’).

. Discussion of the main findings 

In the first research step, we identified the major actors leading
he public debate on HT on Twitter. We showed that the most repre-
8 
ented actors are institutions and specialists (80% of our corpus) who
re mainly located in the United States. We also found a positive corre-
ation between the share of retweets from major actors’ tweets and the
hare of the public relying on social media to seek health information.
he lesser representation of HT advocates provides a partial explanation
f the low proportion of topics related to news or lighter topics 

In a second step, we relied on TM to extract topics and concerns
nderlined by major actors involved in the field of HT. We assessed
mportant differences across cultural contexts (i.e. Unites States versus
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Figure 6. Semantic relations based on the top terms in our corpus of tweets. 
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uropean countries) and actor types (namely institutions, specialists and
dvocates). Using TM, we showed that there are important differences
etween the United States and Europe in the prevalence of topics related
o HT. For instance, the United States focuses more on risk management
nd private funding, whereas Europe focuses more on health literacy,
ractitioners, and start-ups. The topics extracted also showed different
ocuses among the actors. Institutions focus more on indirect, global,
nd strategic problematics, whereas specialists are more concerned with
irect and concrete problems. Our dataset shows no particular pattern
or advocates. Advocates are also active actors in the HT field, but they
ocus on less substantive themes, such as wearables, well-being, and
ealthy lifestyles. 

In a further step, we relied on WE to gather general and actor-specific
nderstandings of HT along important dimensions (see Figure 3 ). The se-
antic space crossing two relationships, namely ‘patient–professional’

nd ‘opportunity–challenge’, shows that current challenges lay partic-
larly in the relationship between patients and professionals, both in
erms of patients’ empowerment and in access to health data and in-
ormation. There is also an emphasis on new development opportuni-
ies (e.g., equipment and wearables). Furthermore, professionals focus
n what could be well-suited domains (e.g., imaging and videos for di-
gnostics), whereas patients are concerned with data protection issues
9 
e.g., in terms of artificial intelligence, demystification, and customer
xperience). 

The discursive spaces along the ‘patients’ and ‘professionals’ dimen-
ions display important (and perhaps opposing) challenges between
hese two actors in terms of technological innovation and privacy con-
erns. For instance, specialists and institutions focus on adapting to HT
y learning and developing new applications, whereas advocates are
oncerned with data privacy and also insist on the importance of data
rotection (see Figure 4 , left pane). 

The new challenges regarding privacy imply that practitioners will
end to focus on their responsibilities and obligations (or liabilities) by
ocusing on legal, ethical, and IT security concerns (see Figure 4 , right
ane). There is also a clear patient demand for more control of health
ata (e.g., in terms of transparency, access, and interoperability). There
s, thus, patient demand for a more horizontal relationship with practi-
ioners. 

We concluded by analysing a possible shift in concerns related to
rivacy issues before and after the COVID pandemic. We note that word
cores linked to privacy have generally become more prevalent in re-
ation to the patients’ side since the beginning of the pandemic. Fur-
hermore, we discern two broader categories of terms related to either
legality’ or ‘ethics’. 
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Figure 7. Density plot of sentiment score by 
actor type. 
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F  
.1. Theoretical contributions 

In line with the literature suggesting that social media serve effi-
iently for health care discussions ( Jiang, 2019 ), our findings demon-
trate the usefulness of investigating HT-related discourses online. In
articular, the proposed study discusses some of the opportunities and
oncerns expressed by users posting about HT on social media, while
lso discriminating the groups of users. The different groups of users
hat we investigated strategically use social media according to their
haracteristics (e.g., public or private entities, practitioners or business
anagers, and influencers) and according to the purpose of the infor-
ation delivered (e.g., raising public awareness, selling products and

ervices, and raising concerns). In this study, we have conceptually iden-
ified the most salient topics and framing of HT based on the words that
re relevant for these groups of users. 

Another theoretical contribution relates to the methods used for in-
estigating HT discourse in terms of topicality and framings. First, we
dopted fully automated methods to collect and analyze the collected
weets, which enabled us to have significantly more variety in the top-
cs and frames analysis than would be feasible with manual annotation.
urthermore, the use of word embedding combined with innovative vi-
ualisations along important dimensions can be applied in other fields
f technologies and information management to complement manage-
ial and social technical perspectives. This methodology will hopefully
uide future researchers to perform in-depth analysis in individual HT
ubdomains (e.g., privacy concerns, business opportunities, crisis man-
gement). 

.2. Implications for practice 

Our findings reveal that social media are not only a useful source
f information about the current state of HT (e.g., business opportuni-
10 
ies), but also about which concerns surround HT policy and the role of
T in crisis management. The practical implications of our study can

hus be segregated into several audiences, namely the users, the (pub-
ic or private) compagnies, and the (private) practitioners or business
anagers. On the basis of these findings, the different user groups can
ecide what aspects should be prioritised and how to frame them so as to
ddress salient concerns. Concerning the users, our analyses reveal that
hey are mostly concerned about privacy and security when discussing
T. Therefore, it is important that social media platforms provide users
ith authentic and balanced information about HT so that users can
ake informed choices and find answers to their concerns. Concerning

ompanies, we show that social media can be used as useful channels
o raise public awareness by promoting specific campaigns and to mon-
tor trends in disease conditions (e.g., COVID-19 crisis management).
oncerning the practitioners, they can usefully rely on social media to
rovide innovative solutions to diseases while putting forward their own
usiness. 

From a methodological perspective, our findings also have practical
mplications for the research community. Studying topics and frames
temming from social media accounts of specific users enables us to
erive the most salient dimensions of the debate about HT. However, we
till know little about whether the concerns and opportunities expressed
re representative of those of the general population. It would therefore
e useful to complement the proposed methodology by using additional
ethods, such as opinion surveys. In this case, the findings of our study

ould serve as a basis for identifying the HT areas and aspects worth
urveying at national levels while considering possible country-effects
n health care systems and health promotion. 

. Concluding remarks and outlook 

Our study makes two important contributions to the research on HT.
irst, it provides an exhaustive picture of the major actors in the HT
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eld actively posting on social media and of what topics and fram-
ngs they share with the wider public on Twitter. In this view, our
tudy represents an important step towards a better understanding of
ow and why social media can impact citizens’ health attitudes and be-
aviours. The second contribution of our study is to provide an innova-
ive methodology for investigating important HT framings using creative
isualisations. 

Our study nonetheless entails several limitations that would be worth
ddressing in future research. First, Twitter is only one possible social
edia platform, with specific rules and conventions. It is less used than

acebook and allows less extended user contributions. However, Twitter
ata are submitted to fewer access restrictions and also cover an interna-
ional population. These characteristics make Twitter data suitable for
he purpose of our analysis. Nevertheless, other professional platforms,
uch as LinkedIn, could offer an alternative source of data for study-
ng in greater depth how institutions and specialists in the field of HT
ortray themselves and recruit specific profiles. 

Second, future studies could also examine the evolution of HT dis-
ussions online by accessing historical data. Our study is limited to the
ost recent tweets and, thus, does not allow for the study of the evolu-

ion of HT themes or concerns over time. Our corpus of actors testifies
hat a historical study is feasible, as the majority of Twitter accounts
ere created several years ago (the majority were created from 2011
nward). HT are characterised by rapid changes in the health and so-
ial care sector, and the development and impact of these changes are
ard to predict. Our data already account for the current shifts in infor-
ation technology and big data, automation, and artificial intelligence.
his shift was brought to light in a recent study by the OECD, which

dentified a new demand for skills and specialisations among health and
ocial care workers, while reducing the importance of other professional
oles ( OECD, 2019 ). 

Third, we restricted our analysis to major actors, which, possibly,
oes not give voice to more negative or concerned opinions about the
se of HT (see end of section 4.2 ). Therefore, future studies might in-
lude the network of Twitter followers to seek a more global view of HT
s perceived by the public. In a similar vein, we encourage the devel-
pment of surveys covering public reliance and concerns about HT that
an complement existing surveys conducted with official health actors. 

Fourth, we focused on discourses surrounding HT from the perspec-
ive of topicality and framing. However, another important discursive
omponent relates to tonality and emotion, also referred to as opinion
ining. For instance, Ridhwan and Hargreaves (2021) relied on opin-

on mining to investigate public sentiment about the COVID-19 out-
reak in Singapore. They showed how policy measures triggered dif-
erent emotions, drawing from previous studies using social media to
onitor public health-related issues expressed online ( García-Díaz et al.,
018 ). We should nonetheless note that opinion mining does not always
eflect stance (e.g., favouring or rejecting a policy issue). Other meta-
nformation, such as retweets or likes, could also be useful in measuring
upport for – or the contestation of – given HT aspects. This would be
seful for understanding how the broader public reacts to the tweets
osted by each user group. 
11 
To date, most surveys about HT have been conducted with spe-
ific groups (such as health professionals and institutions), but there
re few indicators of the perception and usage of HT by the general
ublic (or representative samples of national populations). A space
as thus been incentivised for research that identifies people’s expe-
iences when taking up or resisting new digital HT. Our study pro-
ides insights about what could also be potential survey interests. De-
eloping survey items about HT would allow for a direct compar-
son between spontaneous online discussions and structured survey
pinions. 

Despite these limitations, we are confident that the findings from our
tudy can help major health actors (such as HT companies and practi-
ioners) to better target their campaigns while considering the concerns
xpressed by the different online audiences. This is in line with find-
ngs from Obembe et al. (2021) who studied tourist public responses on
ocial media to crisis communications during the early stages of COVID-
9. Indeed, the authors have shown that online publics played a key role
n shaping the narratives of the crisis, thereby facilitating public engage-
ent. However, a combination of analytical strategies and data sources

s needed to take the next steps beyond the ‘what has happened’ to the
why it happens’ ( Kar & Dwivedi, 2020 ). 
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n° manual label categorisation top words weight 
United 
States Europe Advocates Institutions Specialists 

1 patient needs patients patients, can, need, know, don, like, 
think, just, people, healthcare 

0,04533 0,02712 0,02367 0,02962 0,01770 0,03451 

2 / / health, forward, looking, great, 
digital, amp, today, event, day, 
innovation 

0,03731 0,01924 0,02988 0,02225 0,02373 0,02409 

3 / / time, patients, get, will, can, now, 
long, need, just, right 

0,03511 0,01946 0,01824 0,02241 0,01382 0,02491 

4 digital 
transformation 

innovations digital, healthcare, health, new, 
technology, will, transformation, 
future, care, innovation 

0,03449 0,02283 0,02094 0,02454 0,02099 0,02080 

5 public system health system health, public, amp, people, medicine, 
science, need, will, just, don 

0,03322 0,01903 0,01892 0,02383 0,01199 0,02978 

6 patient technol- 
ogy/support 

patients care, patients, health, can, help, 
home, providers, technology, learn, 
patient 

0,03059 0,02080 0,01402 0,01531 0,02069 0,01455 

7 specialists 
(CEO/professor/etc) 

actors health, amp, ceo, director, prof, 
president, healthcare, professor, john, 
founder 

0,02784 0,01502 0,01352 0,01365 0,01640 0,01168 

8 crisis response security health, covid, pandemic, crisis, 
response, coronavirus, public, 
healthcare, care, can 

0,02745 0,01729 0,01387 0,01614 0,01587 0,01518 

9 services/programs innovations health, care, nhs, digital, amp, across, 
innovation, support, new, social 

0,0274 0,00660 0,03375 0,01683 0,01926 0,01425 

10 patient teams patients great, work, patient, amp, team, 
patients, safety, thanks, thank, see 

0,02728 0,01248 0,02057 0,01362 0,01437 0,01846 

11 care system health system care, health, healthcare, value, based, 
patient, system, amp, approach, 
systems 

0,02711 0,01772 0,01326 0,01424 0,01576 0,01562 

12 report/litterature information health, new, read, report, research, 
article, amp, paper, published, 
medicine 

0,02711 0,01390 0,01688 0,01438 0,01368 0,01804 

13 webinars information join, webinar, register, amp, health, 
free, will, learn, now, next 

0,02657 0,01453 0,01933 0,01248 0,02085 0,01241 

14 patient 
safety/experience 

patients patient, care, improve, can, 
healthcare, outcomes, safety, amp, 
experience, quality 

0,02643 0,01989 0,01279 0,01437 0,01871 0,01316 

15 partient access to 
records 

patients patients, can, app, health, patient, 
access, online, video, nhs, help 

0,0262 0,01354 0,01888 0,01666 0,01720 0,01534 

16 patient care patients patients, can, data, make, amp, 
making, patient, need, care, decision 

0,02617 0,01544 0,01450 0,01462 0,01459 0,01509 

17 quality systems 
(social needs) 

health system health, care, amp, access, social, 
need, services, quality, systems, 
communities 

0,02596 0,01563 0,01268 0,01314 0,01556 0,01672 

18 impact of 
technology 

innovations healthcare, technology, make, will, 
can, future, look, change, like, impact 

0,02554 0,01447 0,01434 0,01575 0,01317 0,01487 

19 telemedicine innovations telehealth, telemedicine, care, virtual, 
patients, remote, visits, covid, 
pandemic, patient 

0,0249 0,02012 0,01027 0,01788 0,01459 0,01553 

20 health solutions innovations healthcare, amp, challenges, together, 
solutions, innovation, health, 
technology, industry, can 

0,02394 0,01265 0,01518 0,01232 0,01515 0,01132 

( continued on next page ) 
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n° manual label categorisation top words weight United 
States 

Europe 
Advocates Institutions Specialists 

21 mental health health domains health, mental, can, help, day, 
awareness, mentalhealth, week, 
world, support 

0,02246 0,01308 0,01549 0,01222 0,01664 0,01344 

22 health 
panels/discussions 

information join, health, will, amp, register, 
healthcare, live, panel, today, don 

0,02229 0,01704 0,01301 0,01635 0,01675 0,01192 

23 european public 
system 

health system health, digital, global, amp, 
european, public, systems, europe, 
national, policy 

0,02198 0,00887 0,01793 0,01323 0,01408 0,01328 

24 research papers information health, digital, new, evidence, study, 
review, interventions, based, use, 
research 

0,02177 0,01058 0,01556 0,00995 0,01158 0,01708 

25 artificial 
intelligence 

innovations tech, health, intelligence, artificial, 
healthcare, learning, digital, 
technology, machine, via 

0,02039 0,01281 0,01786 0,02307 0,01202 0,01561 

26 big data innovations data, health, analytics, use, research, 
patient, can, big, real, using 

0,01953 0,01197 0,01139 0,01099 0,01158 0,01107 

27 partnerships industry health, excited, proud, team, 
announce, new, healthcare, work, 
see, part 

0,0195 0,01160 0,01056 0,01118 0,01157 0,01054 

28 blockchain 
industry 

industry healthcare, technology, technologies, 
blockchain, industry, market, via, 
trends, will, tech 

0,01896 0,01362 0,01181 0,01342 0,01297 0,01108 

29 hiring 
opportunities 

industry health, team, apply, looking, join, 
amp, research, opportunity, 
interested, work 

0,01863 0,00921 0,01749 0,00992 0,01342 0,01290 

30 / / health, get, day, one, time, just, week, 
can, amp, today 

0,01848 0,01039 0,00981 0,01159 0,00918 0,01090 

31 insurance health system health, healthcare, care, insurance, 
survey, patients, costs, cost, new, 
study 

0,01839 0,01636 0,00645 0,01440 0,01033 0,01176 

32 patient health 
record 

patients health, data, patient, records, ehr, 
electronic, record, systems, 
information, platform 

0,01822 0,01264 0,01016 0,01211 0,01132 0,01126 

33 world health 
(future of health) 

innovations health, role, amp, play, people, 
healthy, can, future, work, world 

0,01818 0,00906 0,01155 0,00878 0,01014 0,01049 

34 health workers 
(e.g., nurses) 

actors health, day, thank, nurses, care, 
patients, healthcare, workers, amp, 
world 

0,01813 0,01355 0,00922 0,00960 0,01230 0,01176 

35 family doctor 
(physician) 

actors patient, patients, experience, family, 
care, doctor, voice, physician, 
engagement, can 

0,01811 0,01279 0,00827 0,01203 0,00918 0,01182 

36 virtual events information health, conference, will, event, join, 
healthcare, register, annual, visit, 
week 

0,01805 0,01036 0,01358 0,01008 0,01547 0,00801 

37 risks (pandemic, 
mental, etc) 

security health, mental, social, people, amp, 
issues, risk, impact, can, covid 

0,01798 0,01138 0,01005 0,01022 0,00975 0,01387 

38 tracing (for covid) covid health, public, covid, coronavirus, 
cases, testing, contact, new, will, 
tracing 

0,01784 0,01111 0,00860 0,01256 0,00898 0,01362 

39 learning 
ressources 

innovations health, care, learning, resources, amp, 
new, free, available, healthcare, 
professionals 

0,01775 0,00715 0,01598 0,00856 0,01257 0,00886 

40 project 
development 

industry research, health, new, amp, funding, 
innovation, will, support, projects, 
project 

0,01771 0,00775 0,01430 0,00798 0,01295 0,00854 

( continued on next page ) 
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n° manual label categorisation top words weight United 
States 

Europe 
Advocates Institutions Specialists 

41 school/university education medicine, health, students, medical, 
school, amp, program, university, 
faculty, research 

0,01771 0,01441 0,00568 0,00616 0,01132 0,01008 

42 equity 
(gender/race/etc) 

education health, women, amp, black, gender, 
racism, equity, disparities, sexual, 
diversity 

0,01767 0,01223 0,00833 0,00886 0,00978 0,01203 

43 
hospital/emergency 

actors patients, hospital, care, covid, 
hospitals, patient, home, emergency, 
icu, new 

0,01729 0,01052 0,00996 0,00991 0,00929 0,01170 

44 surveys information please, survey, health, help, share, 
want, know, can, take, get 

0,01728 0,00762 0,01275 0,00900 0,00957 0,01146 

45 patient stories patients patient, patients, one, just, life, 
people, like, story, medicine, amp 

0,01717 0,01089 0,00830 0,01233 0,00664 0,01388 

46 problem solving innovations healthcare, system, health, 
technology, problem, need, one, can, 
care, change 

0,01646 0,01004 0,00860 0,01130 0,00734 0,01161 

47 precision medicine 
(cell/genomics/etc) 

health domains medicine, precision, new, technology, 
research, amp, technologies, cell, 
disease, cancer 

0,01618 0,00973 0,01036 0,01008 0,00957 0,00999 

48 challenge innovations health, apply, challenge, now, digital, 
tech, innovation, deadline, open, 
healthcare 

0,01599 0,00972 0,01667 0,01056 0,01481 0,00846 

49 cardiovascular 
diseases 

health domains patients, heart, disease, risk, study, 
can, stroke, failure, chronic, diseases 

0,01584 0,01093 0,00919 0,00928 0,00961 0,01101 

50 
medicare/medicaid 

health system health, telehealth, medicare, state, 
care, new, healthcare, medicaid, 
services, will 

0,01526 0,01606 0,00433 0,01286 0,00973 0,00918 

51 
gratulations/awards 

information health, award, awards, 
congratulations, year, innovation, 
best, tech, healthcare, winners 

0,01432 0,00964 0,01101 0,00888 0,01182 0,00787 

52 health 
costs/fundings 

health system health, year, healthcare, million, 
billion, report, per, funding, growth, 
digital 

0,01431 0,00966 0,00746 0,00994 0,00770 0,00958 

53 women in tech education health, tech, healthcare, companies, 
digital, big, via, digitalhealth, 
women, startups 

0,01431 0,01057 0,00824 0,01164 0,00743 0,01033 

54 / / years, last, year, week, one, months, 
ago, two, past, next 

0,01424 0,00772 0,00666 0,00744 0,00695 0,00707 

55 startups industry health, tech, amp, startups, 
innovation, companies, medtech, 
digitalhealth, healthcare, healthtech 

0,01421 0,00684 0,01189 0,01031 0,01077 0,00680 

56 medical market 
(de- 
vices/regulations/etc) 

industry medtech, medical, amp, tech, device, 
med, industry, devices, companies, 
innovation 

0,01403 0,00577 0,01107 0,01151 0,00915 0,00630 

57 funding platforms education health, digital, tech, startup, via, 
million, raises, funding, healthcare, 
platform 

0,01398 0,01080 0,00957 0,01212 0,00862 0,00999 

58 
donations/conferences 

information health, conference, now, register, 
don, event, miss, join, get, digital 

0,01384 0,00781 0,01216 0,00918 0,01240 0,00714 

59 (cyber)security security data, privacy, security, health, 
healthcare, patient, cybersecurity, 
cyber, information, amp 

0,01376 0,01032 0,00784 0,01112 0,00853 0,00879 

( continued on next page ) 
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n° manual label categorisation top words weight United 
States 

Europe 
Advocates Institutions Specialists 

60 aging health domains healthy, hearing, health, aging, can, 
ageing, older, sleep, amp, exercise 

0,01335 0,00891 0,00754 0,00615 0,00907 0,00779 

61 / / podcast, health, listen, episode, 
healthcare, digital, ceo, new, amp, 
latest 

0,0132 0,00975 0,00713 0,01352 0,00859 0,00670 

62 covid testing covid patients, covid, test, study, testing, 
positive, symptoms, coronavirus, 
tests, new 

0,01316 0,00998 0,00815 0,00918 0,00718 0,01246 

63 healthcare 
company (e.g., 
Amazon cited) 

industry health, healthcare, company, amazon, 
care, digital, new, telehealth, via, 
united 

0,0131 0,01404 0,00554 0,01918 0,00659 0,01023 

64 head of medicine 
(chief/officer/director/etc) 

actors chief, officer, health, healthcare, 
director, medical, ceo, amp, 
technology, digital 

0,01231 0,00819 0,00609 0,00739 0,00817 0,00540 

65 youth wellbeing health domains health, people, mental, young, 
support, amp, help, can, social, 
services 

0,01195 0,00390 0,01238 0,00651 0,00833 0,00700 

66 safety (covid 
distancing) 

covid stay, healthy, home, keep, safe, can, 
health, amp, help, people 

0,01186 0,00759 0,00633 0,00697 0,00701 0,00796 

67 children health health domains health, children, mental, amp, child, 
school, kids, youth, schools, young 

0,01186 0,00735 0,00611 0,00455 0,00786 0,00634 

68 
depression/anxiety 

health domains mental, long, health, term, patients, 
depression, study, anxiety, therapy, 
can 

0,0116 0,00724 0,00707 0,00633 0,00666 0,00797 

69 latest news information latest, newsletter, healthcare, blog, 
health, read, technology, news, post, 
featuring 

0,01122 0,00791 0,00659 0,00611 0,00786 0,00679 

70 
food/diet/nutrition 

health domains healthy, food, health, diet, can, 
nutrition, eating, amp, eat, foods 

0,01115 0,00879 0,00580 0,00634 0,00816 0,00826 

71 surgery health domains patients, patient, cancer, surgery, 
treatment, new, first, therapy, brain, 
technology 

0,01112 0,00836 0,00784 0,00719 0,00780 0,00801 

72 clinical trial education patient, clinical, research, trials, 
patients, trial, amp, engagement, 
involvement, public 

0,01069 0,00575 0,00704 0,00668 0,00576 0,00648 

73 disrupting 
issues/innovations 

innovations latest, thanks, health, daily, 
healthcare, technology, innovation, 
news, disrupting, global 

0,01068 0,01236 0,00530 0,00657 0,01144 0,01554 

74 health and 
environment 
(climate/air/etc) 

health domains health, amp, global, climate, change, 
public, diseases, world, disease, air 

0,01023 0,00592 0,00621 0,00530 0,00717 0,00608 

75 covid staff covid workers, healthcare, care, ppe, covid, 
health, amp, help, patients, support 

0,00964 0,00604 0,00505 0,00568 0,00569 0,00653 

76 wearables innovations health, monitoring, wearable, 
wearables, patient, new, data, test, 
apple, devices 

0,00949 0,00769 0,00578 0,00734 0,00649 0,00593 

77 headlines information health, today, thanks, hit, watch, 
connect, headlines, edition, stay, amp 

0,00946 0,00750 0,00491 0,01012 0,00484 0,00674 

78 health technology innovations technology, health, design, digital, 
following, thanks, user, technologies, 
solutions, game 

0,00943 0,00473 0,00788 0,00546 0,00670 0,00460 

79 NHS health system nhs, health, read, digital, trust, 
digitalhealth, news, full, story, 
healthtech 

0,00899 0,00328 0,01024 0,01196 0,00619 0,00365 

80 mobile apps innovations health, mental, apps, app, help, 
digital, support, can, mobile, tools 

0,0089 0,00553 0,00590 0,00479 0,00603 0,00501 

( continued on next page ) 
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n° manual label categorisation top words weight United 
States 

Europe 
Advocates Institutions Specialists 

81 chronic condi- 
tions/diseases 

health domains diabetes, patients, chronic, 
management, health, disease, 
conditions, type, people, care 

0,00854 0,00491 0,00508 0,00422 0,00530 0,00458 

82 international 
relations 
(Sinai/Australia/Germany/Canada/etc) 

industry health, digital, minister, sinai, 
national, new, australia, system, 
today, first 

0,00844 0,00294 0,00467 0,00629 0,00438 0,00504 

83 saving lifes (with 
technology) 

innovations lives, life, help, save, people, 
technology, healthier, can, saving, 
live 

0,00797 0,00365 0,00538 0,00417 0,00480 0,00366 

84 cancer health domains cancer, patients, treatment, breast, 
screening, amp, diagnosis, oncology, 
skin, awareness 

0,00773 0,00562 0,00346 0,00318 0,00518 0,00425 

85 interoperability innovations health, interoperability, data, patient, 
information, access, healthcare, rule, 
onc, amp 

0,00758 0,00803 0,00230 0,00462 0,00586 0,00382 

86 
medications/substances 
(for pain and 
addictions) 

health domains patients, use, medication, opioid, 
treatment, adherence, drug, 
addiction, pain, substance 

0,00755 0,00664 0,00288 0,00349 0,00533 0,00422 

87 engineering innovations health, research, science, amp, 
technology, university, students, 
engineering, based, course 

0,00752 0,00293 0,00588 0,00295 0,00474 0,00462 

88 developing 
countries 
(india/africa/etc) 

health system health, india, amp, africa, healthcare, 
bharat, ayushman, pmjay, corona, 
south 

0,00723 0,00196 0,00220 0,00252 0,00487 0,00500 

89 / / happy, year, health, healthy, new, 
family, day, holiday, christmas, good 

0,00694 0,00493 0,00347 0,00389 0,00484 0,00431 

90 vaccines 
(covid/flu/etc) 

covid vaccine, vaccines, health, covid, flu, 
vaccination, get, amp, public, workers 

0,00692 0,00472 0,00335 0,00459 0,00386 0,00477 

91 generic drugs health domains medicines, good, latest, generic, drug, 
use, fda, drugs, safety, thanks 

0,00653 0,00272 0,00470 0,00412 0,00499 0,00337 

92 smoking health domains health, media, social, digital, 
publications, smoking, today, quit, 
web, twitter 

0,00594 0,00545 0,00234 0,00410 0,00540 0,00251 

93 training and 
education (simula- 
tion/imaging/radiology/etc) 

education technology, simulation, healthcare, 
training, radiology, imaging, aid, 
medical, education, amp 

0,00576 0,00435 0,00278 0,00294 0,00436 0,00222 

94 
maternity/motherhood 

health domains healthcare, icymi, health, harlow, 
women, maternal, pregnant, 
pregnancy, mothers, babies 

0,00519 0,00534 0,00179 0,00165 0,00525 0,00193 

95 covid in UK 
(stocks 
management) 

covid via, coronavirus, healthinnovations, 
health, pharma, stocks, healthcare, 
brexit, stories, news 

0,0051 0,00246 0,00756 0,00302 0,00296 0,00678 

96 eyes (ophthalmol- 
ogy/optometry/etc) 

health domains eye, vision, video, patient, watch, 
peek, amp, ophthalmology, patients, 
videos 

0,0046 0,00270 0,00281 0,00202 0,00289 0,00270 

97 (international) 
congress 

information digital, now, world, book, health, 
congress, online, london, healthcare, 
conference 

0,00317 0,00075 0,00654 0,00117 0,00499 0,00100 

98 private clinics 
(arrayit) 

health system healthcare, arrayit, san, sales, team, 
life, usa, sciences, top, markets 

0,00289 0,00392 0,00086 0,00139 0,00341 0,00090 

99 chronic pain 
(hand/back/shoulders/etc) 

health domains pain, health, free, call, randolph, 
screening, hand, foot, back, register 

0,00266 0,00288 0,00120 0,00099 0,00283 0,00110 

100 services 
(premium) 

patients health, clinical, healthcare, services, 
testing, sales, team, providing, 
premium, reports 

0,00148 0,00193 0,00123 0,00059 0,00233 0,00038 
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