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ABSTRACT 

Introduction:  Social media tools, such as Facebook®, Twitter™, blogs and online communities, are 
increasingly utilized for networking and to distribute information in medicine and public health. 
Participation in these media has increased sharply over the past decade. Six years ago, Twitter did not 
exist yet now an estimated 15% of the world population subscribes to Twitter. This has created a large-
scale, complex, and unindexed publicly available data source. 
Goal: We sought to understand the richness and novelty of health-related Tweets by analyzing the 
characteristics of health information-focused tweets using automated and manual analysis.  
Research methods:  Utilizing the Twitter Search application programming interface (API) we retrieved 
two sets of English language tweets using keywords related to asthma (#asthma and asthma). Tweets were 
categorized by the assumed source (retweeted by a person, sent by organization, originated by an 
individual) and content (containing medication, symptoms, triggers, a combination, or none of these) 
using natural language processing. Regarding tweet source we assumed that tweets retweeted to a person 
(i.e., @username) were sent by an individual; those not retweeted that contained a URL were sent by an 
organization; and those tweets remaining were original content tweeted by an individual. Regarding 
content categorization, we used lexicons containing terms for asthma medication, symptoms, and five 
different types of asthma triggers (activities, air pollutants, allergens, environmental and irritants). In 
addition, we conducted content analysis using a combined text mining and manual approach. Applying 
association rule mining to the tweets, we generated an overview of the most frequency combination of 
terms presented as if-then rules. The manual, in-depth analysis evaluated a random sample of 200 tweets 
for originality, content, credibility and relevance. 
Costs:  The costs associated with this project were time to process tweets. While over 500 million tweets 
are generated daily, the cost of this information distribution is shared among millions of Twitter 
subscribers. 
Results: The analysis showed that the majority of tweets contain URLS and many are retweeted. The 
proportion of tweets containing personal, new content is small. The majority of tweets are sent by 
organizations, both commercial and noncommercial, and the content are broad facts and statements. Both 
medication and environmental triggers are common topics.  
Conclusion: The high diversity in topics and terminology combined with the small proportion of personal 
tweets should be taken into account when using Twitter as a resource for tracking and discovering health 
behaviors or problems in the population. The large proportion of tweets referring to external information 
may make this a very useful tool for accessing grey literature and using the tweets as descriptors. Further 
research is needed to create comprehensive vocabularies and methods to efficiently labels tweets.  



INTRODUCTION  

Social media tools are playing a greater and significant role in both clinical medicine and public 

health. Patients are using these tools to exchange information, advice and support; health care providers 

are distributing information, consulting with other providers, and interacting with patients through social 

media; numerous commercial vendors and professional organizations promote products and viewpoints 

using these tools; and public health authorities both disseminate and acquire information via social 

networks.1 Many of these social media platforms also generate data that is made available to research and 

industry data users. For example, Twitter™, Facebook©, LinkedIn™ and Google+ each provide an 

application programming interface (API) to access this data with some restrictions. The popularity of 

social media can be illustrated by Twitter, in which an estimated 15% of the world population is 

subscribed (both active and inactive). 2 This popularity has created newly available large-scale data 

sources that are characterized by a high volume of data, high variety in data elements, high velocity of the 

data stream, and potential veracity issues (i.e., the objectivity and validity of the data content cannot be 

presumed).  

Social media tools provide value and entertainment to their members and users, as well as new 

opportunities for consumers, industry, government and researchers to post and exchange information and 

gather feedback. For example, the Twitter account owned by the United States’ National Institutes of 

Health (NIH) has sent several thousands of tweets (about 5,200 in October 2015) to its more than 610,000 

followers. Twitter is seen as the "zeitgeist" in numerous communities,3 for example, providing a platform 

to discuss issues surrounding vaccines, as well as tweet specific drug information and side effects.4 

Participants can rapidly switch between the roles of content consumer/audience and content generator. 

Social media traffic is often ruled by the crowd and popularity may trump the truth5; as user-generated 

content increases its quality is questionable given the ease of online deception.6 

Information distributed in social media platforms, such as wikis and social networking sites, Twitter, 

listserv archives, blogs, podcasts (audio or video), and other forms of electronic networked 



communication, are considered a new form of "grey literature". Traditionally, grey literature was an 

umbrella term used to describe materials such as government reports, working papers, and evaluations 

that were not indexed by major databases, controlled by commercial publishers, or peer reviewed. 

Variability in quality and limitations on availability are other characteristics associated with grey 

literature. Despite these features, grey literature is considered an important source of information for 

research as it is sometimes the only source of information for a research question.7 

 

TWITTER AS INFORMATION SOURCE 

The motivations to participate in a social network such as Twitter may vary widely, although the 

primary intentions are to share information, engage socially, and communicate personal opinions and 

critiques. While not all followers of an individual, organization or topic on Twitter post tweets, social 

media is unlike other passive, communication mediums as the recipients of information can actively 

engage with the information. Commercial entities use Twitter to distribute news and updates on problems 

or policy. Non-commercial, government and NGO/non-profit organizations have adopted Twitter to 

similarly distribute information, alerts and updates. The variety of tweets is wide, ranging from tweeting 

personal comments on social issues, public health agencies issuing alerts and advisories, celebrities 

sharing personal information with their fans, the Red Cross tracking Twitter posts during hurricanes to 

gather information about where the greatest needs are, political leaders hold town hall gatherings with 

constituents, "citizen activists" discussing issues, and entities such as news agencies requesting comments 

and feedback using Twitter.1 

Market researchers are now using Twitter to identify the demographic characteristics and audience 

segmentation related to products and commercial services, as well as to disseminate promotions and 

product information. Scientific research on Twitter is growing, along with the size of the data source, with 

the majority of research focusing on tweet quantity or numbers in relation to specific topics and their 

relationships with other information sources. For example, Ram et al 8 leveraged social media (Twitter 



and Google) and environmental sensor data to accurately predict the number of asthma-related emergency 

department visits with approximately 70% precision. While retrospective, another example is work 

conducted by Odlum and Yoon (2015)9 mining tweets to inform public health education regarding Ebola. 

The researchers analyzed over 42,000 Ebola-related tweets posted in the early stage of the Ebola outbreak 

(between July 24-August 1, 2014) and found that nearly 1,500 tweets regarding Ebola were disseminated 

prior to official announcements from the Nigerian Ministry of Health, the World Health Organization and 

the Centers for Disease Control and Prevention. Other research using Twitter has considered content of 

tweets. For example, Harris et al (2014) coded the content of one month of #childhoodobesity tweets 

(n=1110) distributed in June 2013. Each tweeter was classified by type of user (individual, organization, 

etc), health focus, and sector (individual, government, for profit, etc). Each tweet was coded as original or 

retweeted (i.e., the forwarding of tweets received by one user to their own personal social network). The 

study reported and overall credible content in the tweets, suggesting a limited presence of government, 

media, and educational information sources and a need to focus the content of tweets on scientific 

evidence.10 Another area of research on Twitter is consideration of hashtags in addition to counts and 

content. Hashtags in social media provide a folksonomy, or user-driven classification, that can be 

especially effective in placing boundaries around a health topic by providing a common self-organizing 

language that defines that topic. In addition to organizing content, hashtags can aid in building 

communities around a shared topic of interest.11  

As a newcomer under the grey literature umbrella of materials, understanding how Twitter is related 

to other grey literature and information sources is a new endeavor. We report our investigation which 

takes a comprehensive meta-approach—including characteristics of source, content, and origin and 

utilizing natural language processing, text mining, and manual approaches—to evaluate the content of 

tweets and the website to which they refer to understand the richness and novelty of health-related 

Tweets.  

 



DATA COLLECTION  

We selected asthma as our health topic because it is a common chronic disease, affecting 8.4% of the 

U.S. population 12, affects all age groups, and varies in severity ranging from mild to fatal. We used the 

Twitter Search API (application programming interface), which allows programmatic access by 

specifying queries and a few additional parameters such as the language and geolocation. The (free) 

Twitter search API collects tweets approximately 7 days prior to the search date and retrieves a maximum 

of 100 tweets per query and 180 queries within a specific window (currently 15 minutes). Thus, one 

researcher can retrieve 18,000 tweets every 15 minutes. We used two queries: (a) a hash tag specific 

query including the term “#asthma “; (b) a broad query for tweets including the term “asthma". Both 

queries were submitted every two weeks to avoid overlap and duplicate tweets.  

After retrieving the tweet data set (in JavaScript Object Notation (JSON) format), we processed the 

tweets using a system that combines in-house developed Java code in combination with existing resources 

provided by General Architecture for Text Engineering13 (GATE) and its social media libraries.14 GATE 

facilitates the creation of customized components for text processing such as our two Java Annotation 

Pattern Engines (JAPEs). The first JAPE aimed to recognize the tweet types and assign one of three 

labels:  tweets that were retweeted at a person (started with RT @...) which is duplicated information, 

tweets containing URLs, and tweets without URLs that were personal comments (given no reference to 

additional information). The second JAPE aimed to recognize content and mapped words in the tweet’s 

text or hashtags to small lexicons (i.e., gazetteers) created by a medical expert and containing commonly 

used terms for medications, symptoms and triggers of asthma (see Table 1). When matches were found, 

the tweet was assigned labels indicating the presence of these terms which allowed the tweets to be 

categorized by this content. 

 

 



 

Type Subtype Nr 
Terms 

Example Terms 

Medication  104 Metaproterenol, Xolair, … 
Symptoms  58 Chronic coughing, wheezing, … 
Triggers Activities 25 Exerting, smoking, … 
 Air Pollutants 9 Diesel, ozone, … 
 Allergens 28 Animal dander, mold, … 
 Environmental / Occupational  31 Glues, adhesives, exhaust, … 
 Irritants 17 Deodorant, fragrance, … 

Table 1: Content of In-house Developed Gazetteers 

 

Tweets were processed in the following steps: 

- Tweet Tokenizer: to divide tweets into tokens. 

- Hashtag Tokenizer: to split hashtags containing multiple words into their individual components, e.g., 

#healthcommunication is recognized as containing ‘health’ and ‘communication’. 

- Normaliser: to normalize text in tweets, e.g., abbreviations or slang are rewritten in proper English 

- Tweet POStagger: to label each term with its Part-of-Speech (POS), e.g., noun, verb. 

- JAPE Type Labeling (in-house): to label tweets containing a URL, retweets with a URL, or tweets 

without a URL. 

- JAPE Content Labeling (in-house): to label a tweet as containing medication, symptoms, triggers, a 

combination of the three, or none at all.  

 

RESEARCH METHODOLOGY 

We conducted three sets of analyses to evaluate the tweets: 

1. Frequency analyses provided an automated overview of tweets using type and content labels.       

2. Descriptive data mining (association rule mining) was used to show relationships between 

individual concepts in tweets. Association rule mining is a well-known data mining technique used to 



discover interesting associations that are not yet common knowledge. The technique15,16 combines 

conditional probabilities optimized for item sets. An item set is a set of elements that belong together, e.g. 

nouns in a tweet. While it does not aim to predict labels, association rule mining will find associations 

between items and present them as IF-THEN rules (e.g., air pollution  asthma attack). The rules are 

generated by the a priori algorithm which uses support to create frequent item sets and confidence to 

transform frequent item sets into rules. For a rule such as X  Y: 

- Support is defined as the percentage of item sets (tweets) that contain the elements X and Y 

- Confidence is defined as the conditional probability: support (X and Y) / support (X)  

3. In-depth, manual analysis provided a detailed look at a random sample of tweets. Each tweet was 

scored along four axes which were created based upon manual review of a pilot sample of tweets. Our 

intent was to use sufficiently fine-tuned labels to support different definitions of grey literature either by 

collapsing categories or keeping them fine-grained. The axes are summarized in the Table 2. The first two 

axes, Tweet Origin and Breadth of Message Topic, focus on labeling the tweet text itself to reflect the 

information available with an incoming tweet as seen by a reader. The latter two axes, Referenced Item 

Credibility & Authority and Asthma Content Specificity, focus on labeling the content of sites referenced 

in the tweet.  

A sample of 200 tweets was randomly selected for coding by the authors. Each was coded by two of 

the authors. A single choice was allowed for axes 1-3, and multiple selections were permitted for axis 4. 

 

Axis Level Example  
Axis 1.  
Tweet Origin  

Person  
organization-noncommercial  
organization-commercial  
Retweet  
Unknown  

Axis 2.  
Breadth of Message 
Topic 

Level 1: Personal Only  
Level 2: Time and/or Location-
limited Content 

 

Level 3: General Fact Applied to a 
Specific Time or Location, but not 
population 

 

Level 4: General Fact that can be  



Population-Specific 
Axis 3.  
Referenced Item 
Credibility & 
Authority 

Personal blogs, personal video, personal website, social networking 
sites (Facebook, PatientsLikeMe, CleanAirMoms) 

News Newspapers, news services, magazines 
Commercial Commercial YouTube videos, advertising, businesses 
Nongovernmental organization WebMD, Universities 
Governmental organization NIH, CDC, EPA, Local and State Public Health Agencies 
Professional 
Associations/Organizations 

Medical professionals 

Specific professional care vendors  Individual doctors, hospitals describing available services 
Axis 4.  
Asthma Content 
Specificity 

Treatment 1) Medication: inhalers, drugs,2) Non- pharmacologic: 
keeping the house clean? mold deterrents? 3) 
Alternative/complementary: acupuncture, yoga, 4) 
Treatment/NOS: e.g., health system access 

Triggers 1) home & community: e.g., dogs, pets, 2) Environmental: 
e.g., air pollution, community violence, 3) occupational, 4) 
personal or behavioral : e.g., stress  

Other 1) Symptoms: e.g., wheezing …, 2) Personal health 
consequences: e.g., hospitalization, Dr. visit, missed 
school,…, 3) Personal Risk factors: e.g., smoking, 
exposure to triggers , other conditions/co-morbidities (hay 
fever, rhinitis), 4) Diagnostic tests: e.g., spirometry, 5) 
Support & Management, 6) Not Asthma Specific 

Table 2: Axis Definitions 

RESULTS 

Tweets were collected from June 2015 - July 2015 and included 16,427 and 72,000 tweets retrieved 

by Twitter in response to the two queries: #asthma and asthma. The query including the hashtag 

(#asthma) retrieved approximately 4,000 tweets every two weeks. Although the search API was used, 

which searches up to seven days back, the maximum allowed by the query (18,000) was not reached. In 

contrast, searching for “asthma” retrieved 18,000 tweets for each query. While more tweets might have 

been collected by querying over additional time windows, to ensure higher diversity (and fewer retweets 

of the same information) we limited our collection to one query every two weeks. Please see the appendix 

for a list of example tweets. 

1. Frequency Analyses 

Type Analysis 

Figure 1 shows an overview of the results. For the specific tweets (#asthma), most contain a link to an 

outside source (59%) and retweets were the second most common source (29%). Only a small percentage 

(12%) of the tweets does not contain links to any outside information. In contrast, the broader query 



shows an almost equal distribution of tweets containing URLs (30%), retweets (33%), and the remaining 

group (37%).  

 

Figure 1: Percentage of Tweets by Source  

Content Analysis 

Figure 2 illustrates results of the content analysis, showing the proportion containing specific 

medication, symptoms or triggers. The number of tweets identified as containing this information was 

low (89% and 79% for #asthma and asthma), and most tweets contained more high level information 

regardless of the query: approximately 10% from the #asthma query and approximately 20% for the 

broader “asthma” query contains specific information. The more general asthma query contains more 

mentions of symptoms (12%). 

 



 

Figure 2: Percentage of Tweets by Content 

 

2. Relationship Mining (Automated Content Analysis) 

For both queries, there was very limited commonality of terms among tweets, and therefore the 

association mining algorithm was set to use a low support setting of 1% (i.e., generate all rules containing 

two or more items that appear together in >= 1% of the tweets ( ≥164 tweets for #asthma and≥ 720 

‘asthma’). We identified rules with calculated confidence ≥ 80%. We conducted the analysis for each 

query twice: using only nouns and once using all words in the text. For both, preliminary analyses showed 

the need for preprocessing and removal of proper nouns (e.g., Matt, Lopez, askdrnick, …), as well as 

pronouns (e.g., yall), common verbs (e.g, wanna gotta, shudnt), interjections (e.g., Okay, ugh, hey), 

references to time (e.g., yesterday, tomorrow), and numbers (e.g., ten, thousand).    

Table 4 shows a sample of the association rules that were generated. Few rules were created using 

only nouns. There were no rules for the #asthma query generated from 753 unique nouns in the 16,427 

tweets. There was one rule generated for the asthma query from the 610 unique nouns in 72,000 tweets.  

Using the unrestricted term set generated many rules using the same settings (support ≥1%, confidence ≥ 

.80). For the #asthma query, 73 rules are generated based on 870 unique terms. The top rules reflect that 



when people tweeted about alert and symptoms in this set, they also include asthma. Tweets about air 

quality were also frequent.  

 

Query & 
Terms 

Unique, 
Stemmed 
Terms (N) 

Antecedent Consequent Support  
(%) 

Confidence  
(%) 

#asthma       
Nouns Only 753 No rules found with ≥ 1% support    

All terms 870 73 rules found with ≥ 1% support    
  alert & symptom asthma 5.5 100.0 
  advic asthma 5.5 100 
  alert asthma 5.8 99.5 
  obes asthma 1.5 99.4 
  … … … … 
  copd asthma 2.9 81.4 
  qualiti & air asthma 1.2 80.6 
Asthma      

Nouns Only 610 1 rule found with ≥ 1% support    
  busi attack 1.3 93.1 

All terms 925 149 rules found with ≥ 1% support    
  mind & continu busi 1.5 100 
  …. … … … 
  mind & busi & continu & attack asthma 1.5 100 
  …. … … … 
  hogti & die asthma 1.1 99.0 
  … … … … 
  end & unsaf & prescrib asthma 1.0 97.2 
  … … … … 
  polic hogti 1.1 81.1 

Table 3: Overview of Top Association Rules 

 

Some rules were created based on tweets reflecting periods of high social commentary on Twitter. 

They are of limited relevance to the medical topic asthma. For example, rules were generated for ‘hogti’ 

reflecting an incident where “A Tennessee man with asthma died after being hogtied and placed face 

down on a stretcher by police following a Widespread PanicIosif Britton”. 

3. Manual Content Analysis 

To optimize the manual coding scheme and calibrate the coders, we first completed two rounds of 

pilot testing of 20 tweets. Results were shared and differences discussed. Then a random sample of 200 

tweets from the #asthma set was manually coded by the authors independently. (GL coded all 200 and the 

other co-authors each coded 100). Thus, each item was coded by two individuals. 



Axis 1: Tweet Origin 

As shown in Figure 3, retweets were most common (approximately 35%) and easily identified by the 

symbol “RT”. Some of the others allowed a straightforward classification (for example, “bbcbreakfast: 

tens of thousands of people with #asthma in the uk are not getting the right medicines 

http://t.co/PxFJlLIQyK” is easily recognized as a commercial organization). Others were not as direct but 

still classified into the same groups by the raters. For example, “35 worst cities (and the worst state) for 

asthma and allergy sufferers http://t.co/RtOKo62lBA #asthma #allergys #usethermapureprecision env.” 

was thought to originate from a commercial company according to both raters, while “less ambitious 

#airpollution levels will result in more deaths and people suffering from respiratory symptoms 

http://t.co/3gINNd7fnL #asthma” was considered most likely to be a personal tweet by both raters.  

However, for many, the tweet content did not in itself support easily deciphering the source. Many 

tweets required speculation and can be argued to belong to a different group than the one assigned. For 

example, “the baby food is organic; the shots are not http://t.co/zy7ftmebjs @assemblydems 

@assemblygop no #sb277 #vaccines #autism #asthmaj dub” 

 

Figure 3: Original of Tweet  

http://t.co/PxFJlLIQyK
http://t.co/RtOKo62lBA
http://t.co/3gINNd7fnL


Axis 2: Breadth of Message Topic  

Table 5 explains the coding scheme for axis 2, and Figure 4 shows results for the tweets categorized 

by breadth of the topic. Level 4 (broadly applicable) was most common. Level 2 and 3 were the least 

common. The three evaluators’ labels differed most for level 1 (personal information). For many, 

classification was ambiguous. 

 
Level Example Explanation 
4 “asthma treatments fail older patients more often: study 

http://t.co/oiYXgyu1GC #asthma #geriatrics” 
Applies to all asthma patients. Implies underlying 
mechanistic finding (e.g., effect of age) 

3. uk has one of highest rates of #asthma prevalence and 
mortality @asthmauk raising awareness 
http://t.co/IUDkNURcCw.” 

Of general interest to a broad group, but not 
universally 

2.  rt @asthmaaus: very important reminder with all the 
colds and flu around #asthma https://t.co/xo5EGSl6vt 
asthma foundation sa” 

Only applies to a limited time or specific place 

1.  “stupid #asthma. i can't breathe. ??manilowese ?”   
 

Describes the condition of only the tweeter at the 
moment 

Table 4: Example Tweets for Breadth Levels 

 

 
Figure 4: Breadth of Message Topic 

 

 

http://t.co/oiYXgyu1GC
http://t.co/IUDkNURcCw
https://t.co/xo5EGSl6vt


Axis 3: Referenced Item Credibility and Authority 

For this axis, we considered both the content of the tweet and the Internet page associated with the 

first URL in the tweet when available. Figure 5 summarizes estimated credibility. Personal and news 

items were predominant. Commercial organizations constituted 20-25%. Conversely, governmental and 

nongovernmental organizations contributed relatively few tweets. 

There were several sources of ambiguity. In some cases, more than one type of authority was 

included (e.g., news combined with an organization). Furthermore, we limited the information to only 

reading the first page linked to the link, and some pages are not easily categorized. For example, “how to 

prevent #asthma at your own #home http://t.co/s3HC0oQaNg weirdscience“ and the referenced page 

were seen as news and NGO. Others tweets require expert knowledge in assessing the source credibility. 

For example, in the tweet “#Asthma Pittsburgh Lung Institute Grand Opening http://t.co/UVQ6CSrrWd 

#COPD” both the tweet and the linked page appear as credible information from a respected research 

institute. However, the “Institute” is a commercial entity, and the proposed method of stem cell infusion 

is considered  highly suspect as documented by editorials in a major United States medical journal. Thus, 

the tweet and the webpage may have been intentionally designed to masquerade as a respected scientific 

institution. 

The largest group tweets was rated as having ‘personal’ credibility, such as for example “i guess my 

lungs missed you... a lot. #asthmaproblems #asthma #seretide #inhaler #gsk https://t.co/8YHCtq7p1K the 

fluffiest mamon”; the URL page shows an image of a metered dose inhaler. The smallest set contained 

tweets sent by professional individuals, such as for example “stop #migraine with the classical buteyko 

method http://t.co/QPQVAwF7s7 #asthma #copd #chronic #illnesslearnbuteykoonlinenl”. Tweets with 

credibility level due an NGO, government and professional organizations were about equally prevalent 

(about 10% of the tweets). 

http://t.co/s3HC0oQaNg
https://t.co/8YHCtq7p1K
http://t.co/QPQVAwF7s7


 

Figure 5: Referenced Item Credibility and Authority 

 

Axis 4: Asthma Content Specificity 

Assessment of the asthma related content is summarized in Figure 6. More than a single content item 

could be assigned to an individual tweet. The asthma related content was diverse. In addition to treatment 

items (medical, pharmacologic, and alternative), environmental and other triggers were frequently 

mentioned. For example, “rt @s_rattigan: thank you rep @matmuratore for helping to spread the word 

about #asthma and cleaning products! @massdph http://t.co/lh1ei2n” contains information about triggers 

(cleaning products) while “q3 - #asthma is often being treated as an acute condition. do you think one 

annual assessment is enough or acceptable? #arnsarns” discusses treatments. 

 

http://t.co/lh1ei2n


 

Figure 6: Content Specificity 

CONCLUSION 

Origins: The algorithm described herein appears to be a useful method to enhance the utility of public 

health monitoring of tweets. The automated and manual methods gave reasonably concordant results.  

Use of media such as Twitter has been proposed as a public health monitor of population health status 

(e.g., to identify epidemics or geographic clusters). However, both the automated and manual assessments 

show that only a minority of tweets are generated by individuals. Therefore, to meaningfully reflect 

conditions of individuals, it may be advisable to restrict analyses to tweets operationally identified as not 

coming from organizational sources (commercial or governmental). Further empirical study is necessary 

to determine whether retweets should be considered useful or only those generated by individuals.  

The majority of tweets originate from organizations with the Tweet reflecting some of the contents, 

e.g., a summary or title containing the main point of the linked information.  Further study may show how 

the tweets may act as an indexing mechanism for the linked information. 

Content analysis: The expert assessment of a random sample of the #asthma tweets demonstrates that 

the public has a wide range of concerns about asthma. Notably, they are concerned about prevention of 



episodes as demonstrated by the frequency of references to triggers and the influence of the environment 

on asthma. 

The results of automated and manual content analyses were discordant (see figures 1 and 6). While 

automated content assessment identified medication and symptoms as the predominant elements, the 

expert manual assessment showed a more diverse content. This likely indicates that the range of terms for 

treatments and triggers is much greater than for asthma related symptoms. Automated analysis using 

association rules further demonstrated the wide range of topics and terminology used. The terms and 

topics of tweets were diverse, with limited overlap unless they were retweeted. Our study therefore 

suggests the need to create an extensive lexicon for triggers, treatments, and consequences. Such 

resources will be beneficial to automated tracking and analysis. Lexical analysis and expert annotation of 

a large number of tweets may provide an empirical basis for improving automated content interpretation 

in the future. 
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APPENDIX 

Tweet numbers 1-3 and 13-15 are tweets that are retweeted at a person. They are duplicates of other 

earlier tweets as is shown with tweet number five. Tweets 4-6 and 10-12 contain URLs and demonstrate 

how the reader is enticed to click on the link for further information. Finally, the remaining tweets 7-9 and 

16-18 show tweets that are general more personal in nature. 

Nr Query Type Tweet Text 
1 #asthma Retweet@ RT @MyID_Research: Hello @luckytilldeathx I read your post. I would like to 

discuss more about #asthma #medicalresearch https://t.co/ndKp03 …Zimba 
2 #asthma Retweet@ RT @ShelleyWebbRN: Please RT! New #Asthma #ClinicalTrial available for 

those suffering from mild or moderate asthma: http://t.co/KnNq8XjZZtaudrey 
mcevoy 

3 #asthma Retweet@ RT @TheWiseAngel: I'm ready to receive miracles. #asthma #myastheniagravis 
#Chronicillness #ALS #Cancer$haun... ? @yusalife 

4 #asthma With URL Reasons Why Soy Wax Is Better For Your Home http://t.co/4jy2Di7xA3#asthma 
#candles #soycandles #environment http://t.co/k5VDS4LelE Holly 

5 #asthma With URL @RMEGY thanks for the post. I would like to discuss more about #asthma 
#medicalresearch https://t.co/ndKp03UQwX Matt Poulton 

6 #asthma With URL Study Uncovers #Mechanism Responsible for #pollen -induced #Allergies 
#animalresearch #asthma http://t.co/VJep9XSBcC Raemdoncke 

7 #asthma Other I'm ready to receive miracles. #asthma #myastheniagravis #Chronicillness #ALS 
#CancerJulie Ann 

8 #asthma Other Exercise can trigger bronchoconstriction in both people with and without 
#asthma.No More Asthma 

9 #asthma Other I think all of this #BlackCarbon #AirPollution is making my #Asthma worse! How 
do you feel?WE ACT Aethalometer 

10 asthma With URL http://t.co/ZuTfv1cmaP symptoms of Asthma & alerts,as of July 24, 2015 at 
03:17PM. #AsthmaExpat Inc 

11 asthma With URL RT @jusa_life: #LetsClearTheAir Secondhand smoke exposure causes more than 
202,000 asthma episodes each year. http://t.co/oKWDdLYyk4KT  

12 asthma With URL RT @ViewFromTheHook: Coalition for Healthy Ports Blasts @EPA / @PANYNJ 
Absurd New Diesel Emissions Regulations http://t.co/JV9JzeYok7 
#dies…CleanWaterAction NL 

13 asthma Retweet@ RT @AEA: Five Charts That Blow Apart EPA’s Asthma Claims 
http://t.co/Qp6mBijNpf  http://t.co/JOaGM88xbq Mary Jeff Dunlap 

14 asthma Retweet@ RT @YouStalkSam: Tulisa's gay best friend is meant to be her body guard lol? If I 
boxed him in his chest he would download asthma. 

15 asthma Retweet@  
16 asthma Other @spiceloft Hi there! We saw your post about asthma and would love to feature you 

on our Faces of Asthma page!Control A+ 
17 asthma Other pulling the muscles between your rips and having bad asthma is not a great 

combination #inpainruthie 
18 asthma Other I AM BRINGING LIKE 6 INHALERS BC I DON'T DON'T TO HAVE AN 

ASTHMA ATTACK AND DIEFUCKING TODAY 
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