
 

 

저 시-비 리- 경 지 2.0 한민  

는 아래  조건  르는 경 에 한하여 게 

l  저 물  복제, 포, 전송, 전시, 공연  송할 수 습니다.  

다 과 같  조건  라야 합니다: 

l 하는,  저 물  나 포  경 ,  저 물에 적 된 허락조건
 명확하게 나타내어야 합니다.  

l 저 터  허가를 면 러한 조건들  적 되지 않습니다.  

저 에 른  리는  내 에 하여 향  지 않습니다. 

것  허락규약(Legal Code)  해하  쉽게 약한 것 니다.  

Disclaimer  

  

  

저 시. 하는 원저 를 시하여야 합니다. 

비 리. 하는  저 물  리 목적  할 수 없습니다. 

경 지. 하는  저 물  개 , 형 또는 가공할 수 없습니다. 

http://creativecommons.org/licenses/by-nc-nd/2.0/kr/legalcode
http://creativecommons.org/licenses/by-nc-nd/2.0/kr/


   

 

공학석사 학위논문 

 
 
 

A Study on the Source and Truthfulness 

of  User-Generated Content of   

Health Information on Social Media 

 
- A Case for Colorectal Cancer on Twitter - 

 
 
 

소셜 미디어에서 사용자에 의해 생산되는 의료 정보 

콘텐츠의 정보원과 진실성에 대한 연구 

- 트위터에서의 대장암 관련 정보를 중심으로 - 

 
 
 

2015 년 8 월 

 
 
 

서울대학교 융합과학기술대학원 

융합과학부 디지털정보융합전공 

박 소 현 

 



   

 

A Study on the Source and Truthfulness of  

User-Generated Content of   

Health Information on Social Media 

 
- A Case for Colorectal Cancer on Twitter - 

 
 

지도교수  서 봉 원 
 
 
 

이 논문을 공학석사 학위논문으로 제출함 

2015 년 8 월 
 
 
 

서울대학교 융합과학기술대학원 

융합과학부 디지털정보융합전공 

박 소 현 
 
 
 

박소현의 공학석사 학위논문을 인준함 

2015 년 8 월 
 
 
 
 

위 원 장        이 원 종        (인) 

부위원장        서 봉 원        (인) 

위    원        이 준 환        (인)



 

 i 

 

ABSTRACT 
 

 

In this tech-savvy era, people consult their well-being to Dr. Google and 

hashtags (#). They can almost self-diagnose themselves using a search engine, and 

micro-posts on Twitter can predict influenza outbreaks. If  any misinformation is 

found in this vein, its impact can be fatal. This necessitates an in-depth analysis of  

consumer health information online, with a particular focus on its quality.  

 

This study analyzes the source and truthfulness of  user-generated content of  

health information on Twitter, one of  the most popular social networking services 

since its inception in 2006. Particularly, it explores who says what on Twitter about 

colorectal cancer, the third leading cause of  cancer deaths worldwide. Using 

Twitter’s Public Streaming API, all tweets containing colorectal cancer-related 

keywords were collected from August 1st, 2014 to October 31st, 2014. The tweets 

were classified by their content and user, and the quality of  informative content 

was assessed. Notable findings of  this study include: 1) the tweets included 

approximately twice more informative content (65.20%) than communicative 

content; 2) a significant number of  tweets (90.62%) were written by individual 

users; 3) though smaller in tweet count, organizations showed a tendency to tweet 

information more; 4) most tweets (73.40%) included URLs to external websites 

such as news articles and medical information resources; and finally 5) sampled 

informative tweets were mostly medically correct information (84.52%), reviewed 

by board-certified physicians.  
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This study makes the following contributions. First, it has quantitatively 

analyzed the content and source of  colorectal cancer information delivered on 

Twitter, with a focus on assessing its quality. Second, it has shown that Twitter can 

potentially aid social health information seeking, narrowing the gap between 

doctors and patients. Third, this study has suggested that more popular retweets 

may filter medically correct information, hinting a possibility for collective 

intelligence in information sharing on Twitter. Yet one needs much caution 

subscribing to health information online, as its quality is hard to assess without a 

trained eye. Lastly, this study has confirmed the need for future system features to 

be equipped with a sanity check on the quality of  any health information.  

 

In sum, this study concludes that using Twitter for seeking and sharing health 

information is both an opportunity and a risk. While a well-structured piece of  

health information in tweets may foster better informed public, it is often vague 

whether tweets, limited to 140 characters, are telling accurate, up-to-date health 

information. Future research opportunities are bountiful, such as detecting fraud in 

health information and automatically identifying information sources.  

 

 

Keywords: Twitter, Health Information, Information Quality, Truthfulness, Text 

Analysis, Social Networking Services 

 

Student Number: 2013-23755
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1. Introduction 
 

 

1.1. Background and Motivation 
 

 

Health information is going online. As more and more people familiarize 

themselves with the Internet, people visit Dr. Google instead of  doctor’s offices. 

Anyone with an Internet access can search for any medical condition or disease 

(Fox, 2011). However, with increased accessibility, the risk of  being exposed to 

medical misinformation has also increased. Worrisome voices argue whether the 

online consumer health information may have any harmful or fatal consequences as 

it can impact one’s life-or-death decisions (Lee, 2013).   

 

It has been indicated that the quality of  health information on the Internet is 

highly variable and therefore often incorrect (Raghupathi and Raghupathi, 2014). 

Any medical misinformation can critically hinder informed decision-making. And 

the threat is greater with the recent rise of  social networking services (SNS) that 

have formed “networked public” (boyd, 2008). Connectedness among people 

magnifies the issue of  veracity in health related information online (Feldman et al., 

2012).  

 

Health professionals have paid heed to the consumer health information on the 

Internet. Many have been interested in evaluating the impact of  online information 

on patients (e.g. Eysenbach et al., 2002; Eysenbach, 2003; Morita et al., 2007; 

Denecke and Nejdl, 2009; Rajagopalan et al., 2011). Others have investigated the 

usage of  the Internet by different patient groups (e.g. Narimatsu et al., 2008) and 
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the changes in healthcare services with information technologies (e.g. Eysenbach, 

2008; Chou et al., 2009; Hawn, 2009).  

 

Social networking services are also noticed in healthcare. Twitter, a popular 

microblogging service, has been acknowledged as a fast and convenient mode of  

communication and news sharing (Heil and Piskorski, 2009; Kwak et al., 2010). In 

public health, it is considered to have restructured and reengineered the way 

doctors and patients interact (Hawn, 2009). In particular, Twitter messages 

(“tweets”) have played an important role in discovering public awareness of  medical 

symptoms, conditions and diseases at scale (e.g. Chew and Eysenbach, 2010; 

Scanfeld et al., 2010; Sullivan et al., 2011; Dredze, 2012; Robillard et al., 2013; Shive 

et al., 2013; Thackeray et al., 2013; Oyeyemi et al., 2014).  

 

The current phenomenon tackles the inherent problem of  information 

asymmetry① in healthcare industry (Schmanske, 1996; Scott et al., 2005). Now 

patients, as well as doctors, are responsible for their information seeking and 

sharing online. They become increasingly interested in who distributes health 

information online and how accurate it is (Chou et al., 2009; Denecke and Nejdl, 

2009), for there is a greater risk in entrusting their well-being on the information 

to which they subscribe on the Internet. 

 

 This study has taken a data-driven approach to quantify the source and 

truthfulness of  health information on a popular microblogging platform, Twitter. 

                                            
① Information asymmetry is commonly regarded as a cause for market failure in 
Economics (Schmanske, 1996). It is particularly so in healthcare services, as the general 
public are not considered to have acquired the level of  professionalism in exercising any 
knowledge in medicine.  
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More specifically, it reports such analysis on colorectal cancer, the third cancer 

killer worldwide. Using Twitter’s Public Streaming API (Application Programing 

Interface), all tweets containing colorectal cancer-related keywords have been 

collected from August 1st, 2014 to October 31st, 2014.  

 

A total of  76,119 tweets produced by 43,365 unique users have been studied 

posterior to data pre-processing. A categorization scheme has been prepared by 

coding a sample of  tweet and user data, and all tweets and users were classified 

using a supervised learning technique. As most tweets had URLs embedded (e.g. 

http://t.co/co313Az), an additional analysis has been also carried out to investigate 

major sources of  information in tweets on colorectal cancer. Finally, a certified 

physician reviewers committee at Seoul National University Bundang Hospital 

evaluated the information in sampled tweets for quality analysis.  

 

Results of  this study show how Twitter users engage in colorectal cancer 

information sharing activities, what kinds of  information about colorectal cancer 

are discussed, and whether they are verifiable. Highlighted findings are as follows: 

1) there is a significant discussion of  information about colorectal cancer on Twitter, 

especially on news articles and research findings; 2) most of  the users engaged in 

colorectal cancer discourse are ordinary individuals, rather than organizations or 

institutions; 3) yet if  organizations tweet, they tweet information significantly more 

than individuals; 4) most frequently tweeted information about colorectal cancer is 

medically correct, as in an academic publication in medicine; and 5) users often 

embed external sources such as news websites and medical information search 

websites in their tweets.  

 



 

 4 

To note the findings, tweets on colorectal cancer seem to have less noise (i.e. 

less irrelevancy in tweets than other medical conditions such as acne, mostly 

resonating what has been already reported by other media. This may have 

contributed to the large portion of  medically correct information in the data as 

reviewed by physicians. Yet, that individual users mostly tweet information on 

colorectal cancer signals the lack of  medical professionalism on the platform, which 

may be an inherent drawback of  Twitter to be a completely trustworthy health-

related information broadcasting medium. 

 

Nonetheless, Twitter is one of  the top ten most visited websites on the 

Internet and has more than 500 million active users around the world (Alexa, 2015). 

Hence it can represent a worldwide population across gender and age. The present 

study has indeed confirmed an engagement in colorectal cancer discussion from 

many interested users, and therefore highlighted Twitter’s potential to enhance 

public health in terms of  disease awareness. Moreover, research have consistently 

confirmed that the use of  Twitter can increase social support and feelings of  

connectedness (Wangberg et al., 2008; Idriss et al., 2009), as well as lead to a sense 

of  empowerment by taking part in professional knowledge sharing (Van Uden-

Kraan et al., 2009). Thus sound information seeking practices on Twitter can also 

be encouraged for all interested parties.  

 

At last, this study calls for a more direct effort to promote medically correct 

information on Twitter. An active participation of  health professionals and medical 

institutions would make a significant contribution in mitigating and addressing the 

negative impact of  misinformation. In addition, the results of  this study hint 

further research opportunities such as collective public intelligence in assessing 
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medical information. By reporting the currency of  health information shared on 

this interactive, real-time social networking platform, Twitter, this study makes a 

meaningful contribution in public health as well as medical informatics. Promising 

opportunities are expected in the future as Twitter can teach lessons in participative 

health practices, making personalized healthcare more approachable and helping 

the public better informed.  
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2. Related Work 
 

 

2.1. Health Information on the Internet 
 

The Internet has become an important mass medium for consumers seeking 

health information and health care services (Eysenbach, 2000). As more and more 

people have the ability and the habit of  sharing what they are doing or thinking via 

social networking services, more and more people are now also capable of  tracking 

and sharing health information online. A 2011 survey by Pew Internet & American 

Life Project shows that while doctors, nurses, and other health professionals 

continue to be the first choice for most people with health concerns, online 

resources, including advice from peers, are a significant source of  health 

information in the United States (Fox, 2011). Among the participants in this survey, 

80% of  the Internet users are reported to have looked online for information about 

certain health topics. The survey summarizes that online conversation about health 

is being driven forward by two forces: 1) the availability of  social tools and 2) the 

motivation to connect with each other, especially among people living with chronic 

conditions. 

 

Social media such as Twitter have transformed the pattern of  communication, 

increased individual’s connectivity and enabled users’ direct participation (Chou et 

al., 2009). Since Twitter messages (“tweets”) often reflect in-the-moment updates, 

they’re filled with useful observations and information about the everyday life of  

the larger world. Twitter’s ability to deliver fast, cheap and reliable monitoring 

real-world events has been readily studied (Dredze, 2012). This has also drawn 
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interest from the public health community, whose goal is to study the health of  a 

population and develop policies that improve health outcomes. Recent work in 

machine learning and natural language processing has studied the health content 

of  tweets and demonstrated the potential for extracting useful public health 

information from their aggregation (Dredze, 2012).  

 

Given the key aims of  social media research – to monitor its growth and to 

inform health promotion efforts – it is important to explore the relationship 

between social media use and health-related factors (Chou et al., 2009). So far, the 

current research bears conflicting results about social media’s health-enhancing 

potential. In particular, debates continue on the widened dissemination of  health 

information by consumers (Chou et al., 2009). On the one hand, with the increase 

of  user-generated content, health information sharing is seen as more democratic 

and patient controlled, enabling users to exchange information that they need and 

therefore making the information more patient/consumer-oriented (Idriss et al., 

2009). Patients and consumers can now reach information that was not easily 

available and costly. At the same time, however, the participatory nature of  social 

media opens a forum for information exchange, therefore increasing the possibility 

of  a wide dissemination of  noncredible, and perhaps erroneous, health information 

(Habel et al., 2009; Kortum et al., 2008).  

 

This points to a need for continued research effort in diagnosing the health 

information exchange behaviors on social media like Twitter. An extensive research 

has been conducted to investigate public conversations on different diseases and 

medical conditions on Twitter. The monitoring of  Twitter data can enable the 

creation of  entirely new public health capabilities, supported by both the 
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expressiveness of  tweets and the coverage of  topics not normally included in public 

health data (Dredze, 2012). The following section will examine related Twitter 

work that analyzed tweet data and reported findings about specific diseases.  

 

 

2.2. Health Information Studies on Twitter 
 

A popular social networking service and a microblogging platform, Twitter 

has enchanted the world with its real-time broadcasting of  information, thoughts, 

and feelings of  anyone’s life (Dredze, 2012). Many have noted its potential to report 

real-time events of  scope and width worldwide (e.g. Chang, 2008; Labott, 2009; 

Ostrow, 2009; O’Connor et al., 2010; Sakaki et al., 2010).  

 

Health professionals have also taken social media as a new arena for public 

health: Twitter and others could reduce cost and provide real-time statistics about 

public health (Dredze, 2012). Tweets that are related to ailments and diseases have 

been studied to discover public health topics on Twitter (e.g. Paul and Dredze, 

2011a; 2011b). Others have studied Twitter to monitor public awareness and 

discourse about certain diseases or adverse health events. 

2.2.1. Studies on General Health Issues 

 

Scanfeld et al. (2010) have studied tweets that mention “antibiotics” to explore 

cases of  misunderstanding and misuse of  the drug in order to gain insights for 

potential interventions and information campaigns. They have confirmed that 

Twitter is a space for an informal sharing of  health information and advice. At the 

same time, they have also cautioned that Twitter is a medium that can propagate 

both valid and invalid information, and therefore it is necessary for health 
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professionals to learn its nature to further educate the public on related matter. 

 

Sullivan et al. (2011) have analyzed concussion-related tweets, to learn lessons 

for sports education. Their content categorization yielded 33% of  news tweets, 

followed by 27% of  tweets including personal information and situation. They have 

found Twitter as a promising medium for augmenting traditional modalities to 

educate the public on related health issues. 

 

Shive et al. (2013) collected acne-related tweets (i.e. tweets mentioning pimple, 

pimples, zit, zits, and acne) and categorized their content. They have identified 

many of  personal acne-related conversational tweets (43.1%), while tweets about 

disease education made up about a third (27.1%). They, too, have concluded that 

Twitter is an emerging forum for exchanging health information, and warned 

Twitter can be prone to myths, misinformation, misconceptions, and 

unconventional home remedies in terms of  medicine.  

 

All of  the above have reported their analyses of  tweet content, to identify the 

level of  public awareness of  a disease and/or a symptom and discover any 

misunderstandings. While they acknowledge Twitter’s capability to deliver health 

information fast and easy, they all caution the risk of  misinformation, which 

necessitates further work done in terms of  information accuracy and user integrity. 

 

Robillard et al. (2013) have examined tweets on dementia. They report a 

considerable amount of  tweets containing news or research findings, often with 

URLs linked to third-party web sites. Moreover, they discover self-identified health 

professionals tend to push the information flow on dementia in Twitter. Since 



 

 10 

dementia is relatively known less to the public than others such as acne or 

concussion, the tweet content seems to contain much less personal anecdotes or 

experiences, unlike previously discussed studies in Twitter (e.g. Scanfeld et al., 2010; 

Sullivan et al., 2011; Shive et al., 2013). That many of  the tweets contain third-

party URLs indicate that users engage in information sharing based on traditional 

media sources. Hence, misconceptions and misunderstandings of  a disease that are 

outside Twitter can still be prevalent online, as advised by Robillard et al. (2013). 

Again, the quality check on the information communicated in Twitter deserves 

much need for an in-depth content analysis. 

 

Some have also attempted to diagnose the tweet scene during the times of  

epidemics. Granted, epidemics often accompany misinformation and rumors from 

public fear and anxiety (Chew and Eysenbach, 2010). However, a longitudinal 

analysis of  H1N1-related tweet content (Chew and Eysenbach, 2010) surprisingly 

shows little amount of  misinformation. On the other hand, on the most recent one, 

Ebola, Oyeyemi et al. (2014) find a considerable amount of  tweets containing 

misinformation about treating possible Ebola symptoms. The differences may 

largely be due to the different categorization and classification schemes by 

researchers. Chew and Eysenbach (2010) did not include humors or confusing posts 

in their misinformation category. Hence, for an ordinary user to subscribe to sound 

health information in Twitter, a quality analysis of  the tweet content is needed.  

2.2.2. Studies on Cancers 

 

Cancer is commonly treated as a life-threatening disease that cuts short of  

both physical and mental wellness (National Cancer Institute, 2015). Public health 

researchers have also paid attention to various cancer types discussed in Twitter, 
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though limited compared to other medical conditions studied on the same platform. 

They mostly focus on cancer communities on social media, conversational aspects, 

or possibilities for medical interventions. 

 

Sugawara et al. (2012) have examined Twitter user accounts that have cancer 

terminology in their profiles. Contrary to their initial hypothesis, cancer patients’ 

tweets were dominated by greetings, psychological support, or treatment 

discussions, rather than news or medical information. A similar work, Himelboim 

and Han (2013), has focused on analyzing the community structure and information 

sources in breast and prostate cancer networks in Twitter. Characterizing the social 

interactions of  users who form cancer networks in Twitter has revealed that 

individuals and grassroots communities, rather than health organizations and news 

media, form the core of  the networked communities. These works confirm that 

Twitter can be used for networking and moral support by patients.  

 

De la Torre-Diez et al. (2012) have investigated health discussions on three 

chronic diseases – colorectal cancer, breast cancer, and diabetes – on Twitter and 

Facebook. They have found more users and discussions on Facebook than Twitter, 

and there were mostly prevention issues discussed about the two cancers, whereas 

there were more research findings about diabetes. They’ve also found more groups 

with diabetes but less with breast cancer, followed by colorectal cancer at last. They 

interpret their findings that the differences may be due to the demographic 

differences between each disease and condition, leading to different groups or 

populations on social media.  

 

Concerning the sharing of  personal experiences with chronic diseases on 
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social media, Lyles et al. (2013) have studied the content of  cervical and brease 

cancer-related tweets. They have found approximately a quarter of  collected tweets 

sharing personal experiences with mammogram or Pap smears, concluding that 

Twitter can be a rich source of  real-life health experiences.  

 

Thackeray et al. (2013) have conducted a cross-sectional, descriptive study on 

breast cancer-related tweets, in order to measure the use of  social media for an 

awareness-related event, i.e. Breast Cancer Awareness Month (BCAM) campaign. 

They have classified users into organizations, individuals and celebrities; and used 

a Latent Dirichlet Allocation tool, an unsupervised machine learning technique, to 

classify breast cancer-related tweet content. They have found that almost all of  the 

users (93.2%) were individuals, followed by organizations (6.5%) and celebrities 

(0.3%). While they conclude that tweeting about breast cancer was a singular event 

and was not consistent throughout the month, their work sheds light on the 

proposed research that different user groups have tweeted about different aspects 

of  breast cancer, indicating that tweet content may be dependent on user type. Since 

their focus was how far the impression on BCAM could reach across the audience, 

they did not delve further into behavioral characteristics of  user groups by content.  

 

Thus far studies on cancer-related content in Twitter have mostly focused on 

how patients with medical conditions interact with one another, and what promises 

it can make in regard of  medical interventions and awareness campaigns for 

prevention purposes. On the other hand, little attention has been given on the 

content of  the cancer-related tweets, i.e. their informativeness and/or veracity even 

less. This certainly necessitates a study on the types of  content and quality. 

Moreover, given that tweets are user-generated content (Liu et al., 2012), 
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previously discussed works (e.g. Sugawara et al., 2012; Himelboim and Han, 2013; 

De la Torre-Diez, 2012) suggest the need to examine the types of  users and the 

types of  user engagement in Twitter in relation to the types of  content they share. 

 

In sum, compared to other medical conditions and diseases, cancer-related 

chronic diseases have received relatively less attention from the academia. If  they 

have, most of  them focused on communities and networks of  individual users in 

social media, discovering public interests from patients with such illnesses. This 

research proposes to look at cancer-related information on Twitter, just like many 

other health topics that have been studied on it. It also suggests to take a patient-

oriented perspective – that is, to discover “who talks what”—about cancer in 

Twitter, to enlighten the public about the quality of  information on social media. 

 

 

2.3. User Studies on Twitter 
 

Understanding user dynamics in Twitter is important in that they can reveal 

different interactions, content, and usage patterns according to a user’s own stake 

(De Choudhury et al., 2012). Many have attempted to build an automatic classifier 

to categorize Twitter users using a variety of  features. 

2.3.1. Studies on User Classification 

 

Rao et al. (2010) have tried a first-of-a-kind type of  automatic Support-Vector-

Machine (SVM) classifier based on latent user attributes. They have utilized rich 

linguistic features from user postings for classifying users in four categories: gender, 

age, regional origin, and political orientation (e.g. Rao et al., 2010; Pennacchiotti 

and Popescu, 2011a; 2011b; De Choudhury et al., 2012; De Silva and Riloff, 2014). 
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Similarly, Pennacchiotti and Popescu (2011a; 2011b) have constructed an automatic 

classifier that classifies users by political affiliation, ethnicity, and affinity for a 

certain business. In doing so, they take the following features in consideration: user 

profile features, tweeting behavior features, linguistic content features, social 

network features. While achieving feasibility across performance tasks, authors 

contribute to linguistic features showing robustness across tasks.  

 

Others have classified users based on event streams in Twitter. Such topic-

based classifiers may be more relevant to this proposed research since it focuses on 

a specific health condition. For example, De Choudhury et al. (2012) have looked at 

users participating in tweeting about a localized event (e.g. 2011 Bonnaroo Music 

Festival) and national events (e.g. Earth Day and WikiLeaks). Setting up three 

broad categories – individuals, organizations, and journalists/bloggers – they 

evaluated user participation in terms of  users and content, comparing different 

distributions of  sizes and posts from different user categories. They have found that 

different events gather different degrees of  participation and attention; and that 

there are differences in the nature of  content shared by different user categories.  

 

De Silva and Riloff  (2014) have attempted to classify users into individuals vs. 

organizations. Based on textual content of  tweets, using a person/organization 

heuristic and N-gram features, they have built an automatic classifier. They also 

report that creating separate event recognition classifiers yields substantially better 

performance than using a single event recognition model. 

2.3.2. Studies on User Engagement 

 

While many have tackled the user classification task by extracting linguistic 
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features to predict the type of  users, others have approached it by analyzing the 

roles in dynamic social interactions in Twitter. Lumezanu et al. (2012) have 

investigated tweeting behaviors of  propagandists in Twitter. They report that 

users who actively spread propaganda tend to send high volumes of  tweets over 

short periods of  time; retweet rather than publish original content; retweet quickly; 

and collude with other users to disseminate almost duplicate messages on the same 

topic simultaneously. Their work can hint in identifying users who may have an 

intention to disseminate an opinion, instead of  information, in Twitter.  

 

Tinati et al. (2012) have furthered such work by identifying different 

communicator roles in Twitter. Borrowing the concept of  the topology of  influence 

(TOI), they characterized TOI in Twitter with its unique retweet functionality. 

Setting up with an idea starter, someone whose tweet receives a lot of  retweets, 

they have also characterized an amplifier, someone who first retweets a tweet; a 

curator, someone who retweets two or more idea starters; and a commentator, 

someone who does not belong in any of  the above. Likewise, the present research 

will build user categories based on the retweet functionality, identifying 

tweeting/retweeting behaviors as different social roles in taking part in 

conversations in Twitter.  

 

A similar work by Zhao et al. (2013) borrows the social role theory (SRT) in 

classifying Twitter users. The social role theory assumes that a user behaves 

differently in different roles in generating content (Zhao et al., 2013). Zhao and his 

colleagues have characterized two social roles in Twitter: an originator, someone 

who posts original tweets; and a propagator, someone who retweets others’ tweets. 

Based on these user categories, they built a novel topic model that predicts a user’s 
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retweet action. Their results show that the suggested method is more effective than 

the existing ones that do not distinguish social roles of  Twitter users. 

 

 

2.4. Methodological Background 

2.4.1. Application Programming Interface (API) 

 

An API (Application Programming Interface) is a set of  routines, protocols, 

and tools for building software applications. It allows users to get a data feed 

directly into their own sites, providing continually updated, streaming data (e.g. 

text, images, video) for display. When sites like Twitter and Facebook “open up” 

their APIs, it means that developers can build applications that implement new 

functionality on top of  the original underlying service (Socialbrite, 2013). In a 

nutshell, an API is provided by a website for developers so that they can access and 

download data from the website easily and in standard format (e.g. JSON, XML). 

Usually, the developer needs to register and receive a “key,” which is something like 

a password (O’Neil and Schutt, 2014). For the developer to understand the standard 

format, it needs to be parsed.  

 

Twitter offers an API that is easy to crawl and collect data (Kwak et al., 2010). 

Twitter Developers offers different subsets of  APIs, and amongst are the 

Streaming APIs. The Streaming APIs give developers a low latency access to 

Twitter’s global stream of  Tweet data. A proper implementation of  a streaming 

client will be pushed messages indicating tweets and other events have occurred 

(Twitter, 2015). Twitter offers several streaming endpoints, which is summarized 

in <Table 1> below.  
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Streams Description 

Public Streams 

Streams of  the public data flowing 

through Twitter. Suitable for following 

specific users or topics, and data mining. 

User Streams 

Single-user streams, containing roughly 

all of  the data corresponding with a single 

user’s view of  Twitter. 

Site Streams 

The multi-user version of  user streams. 

Site streams are intended for servers 

which must connect to Twitter on behalf  

of  many users. 

 

<Table 1> A Summary of  Twitter Streaming Endpoints  
(Source: dev.twitter.com) 

2.4.2. Analyzing Qualitative Data  

 

Once a large volume of  tweets is collected, a text analysis technique must be 

applied to analyze the tweet content. While the base method for content analysis is 

to analyze high-frequency words and draw conclusions based on this information 

(Ryan and Bernard, 2000), tweet texts are completely user-generated (c.f. except 

for bots) and therefore one cannot predict the set of  phrases or characters that may 

hint the validity of  tweet content.  

 

This research henceforth adheres to the qualitative research technique to text 

data. It takes a conventional approach to qualitative content analysis, as in Hsieh and 

Shannon (2005). Conventional content analysis is generally used with a study 

design whose aim is to describe a phenomenon. Researchers avoid using 

preconceived categories (Kondracki and Wellman, 2002), instead allowing the 

categories and names for categories to flow from the data. They immerse 

themselves in the data to allow new insights to emerge, also describe as inductive 

category development (Mayring, 2000).  
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Inductive analysis refers to approaches that primarily use detailed readings of  

raw data to derive concepts, themes, or a model through interpretations made from 

the raw data by an evaluator or researcher (Thomas, 2006). The primary purpose 

of  the inductive approach is to allow research findings to emerge from the frequent, 

dominant, or significant themes inherent in raw data, without the restraints 

imposed by structured methodologies. More specific purposes described in Thomas 

(2006) are: 

 

1. to condense extensive and varied raw text data into a brief, summary 

format; 

2. to establish clear links between the research objectives and the 

summary findings derived from the draw data and to ensure that these 

links are both transparent and defensible; and 

3. to develop a model or theory about the underlying structure of  

experiences or processes that are evident in the text data. 

 

The outcome of  an inductive analysis is the development of  categories into a model 

or framework that summarizes the raw data and conveys key themes and processes. 

The coding begins with close readings of  text and consideration of  the multiple 

meanings that are inherent in the text. Thomas (2006) describes the following 

procedures for the inductive analysis of  qualitative data, which is also summarized 

in <Table 2>: 

 

1. Preparation of  raw data files (data cleaning) 

2. Close reading of  text  

3. Creation of  categories  

4. Overlapping coding and uncoded text 

5. Continuing revision and refinement of  category system  
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In general, a small number of  categories is preferred; inductive coding that finishes 

up with many major themes can be viewed as incomplete.  

 

 
<Table 2> The Coding Process in Inductive Analysis (Source: Creswell, 2002) 

 

Once coding is complete for drawing categories, a coding consistency check is 

performed. Such includes peer debriefings, stakeholder checks, and interrater 

reliability. To check inter-rater reliability, another coder takes the category 

descriptions and finds the text that belongs in the categories (Thomas, 2006).   

2.4.3. Naïve Bayesian Classifier  

 

Given the large scale of  texts from Twitter user profile descriptions and the 

tweet messages, it is impossible for a human mind to review all text data only by an 

inductive approach. A machine intelligence can review a sample of  coded data to 

perform calculations of  probabilities, or likelihood, of  a text to belong in a certain 

category. To begin with, a word is stemmed so that there won’t be unnecessary bias 

introduced by duplicative text. Each stemmed word is a feature, something that can 

be determined either present or absent in the category (Segaran, 2007).  

 

When using words as features, the assumption is that some words are more 

likely to appear in one category than the other. The machine calculates assumed 

probabilities, as the probability for a particular word appearance is calculated given 

a classification (Segaran, 2007). This method is called naïve Bayesian classifier, and 
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it is naïve because it assumes that the probabilities being combined are independent 

of  each other. This means the probability of  one word in the document being in a 

specific category is unrelated to the probability of  the other words being in that 

category. This is actually a false assumption; however, the results for different 

categories can be compared relative to one another. Despite the flawed assumption, 

it has proven to be a surprisingly effective method for classifying documents 

(Segaran, 2007). 

2.4.4. Quality Assessment of  Health Information  

 

It has been widely acknowledged by many medical professionals that the 

Internet would play a critical role in providing healthcare information, thereby 

changing the healthcare services and industries. Amongst many issues and 

concerns that the experts have raised, the quality of  health information has called 

for many studies to be conducted to describe, critically appraise, and analyze 

consumer health information online. 

 

While several organizations have developed criteria to guide and evaluate 

health-related content on websites (e.g. HON Code, American Medical Association, 

Internet HealthCare Coalition, Hi-Ethics, MedCertain), Berland et al. (2001) argue 

that these criteria have not been systematically applied to a broad set of  webpages 

and their content. Also, since many of  these criteria depend on voluntary self-

assessments by website developers, the reliability and validity of  the content 

remain questionable.  

 

Berland et al. (2001) conducted three unique studies for six months in 2000 to 

gauge accessibility, quality and readability of  health information on the Internet, 
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both in English and Spanish. In evaluating quality, they recruited panels of  3-4 

nationally recognized clinical experts and representatives from patient advocacy 

organizations, for each to identify 5-8 key clinical topic areas for each of  the medical 

conditions selected for the study. They report that on English-language websites, 

the mean percentage of  websites providing correct information in terms of  

accuracy varied across conditions, indicating the difficulty of  comprehensive 

quality evaluation of  health information provided on the Web.  

 

Eysenbach et al. (2002) has embarked on setting up a methodological 

framework on how “quality” on the Web is evaluated in practice, to determine the 

heterogeneity of  the results and conclusions as well as to compare the 

methodological rigor of  these studies. They report the following criteria in the 

studies that evaluate the quality of  health information on websites: a) transparency, 

i.e. disclosure of  authors and sources; b) design, which refers to visual aspect of  the 

website; c) readability, i.e. complexity and length of  words and sentences; d) 

accuracy, i.e. the degree of  concordance of  the information provided with the best 

evidence or with generally accepted medical practice; and e) completeness, i.e. 

measurement of  content coverage on a given topic. In reviewing a total of  79 

studies, they find that the quality is a significant problem. They conclude that not 

only the quality of  the information provided on the Web is unclear, mostly lacking 

completeness and accuracy, but also the rigor and completeness of  those studies 

vary as well.  

 

The introduction of  Wikipedia has given leeway to lack of  formal editorial 

control, thereby expanding the possibilities of  user-generated consumer health 

information on the Internet. Rajagopalan et al. (2011) compared information 
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readability of  Wikipedia webpages and the Physician Data Query (PDQ) from the 

National Cancer Institute. They find varying levels of  readability between the two, 

while the content is comparable. Yet this still leaves doubt in that it is still possible 

for a user to add, edit or misinterpret medical information and post it to the world 

in a wrong way.  

 

More recently, the virus Ebola has swept the world with vicious rumors and 

misinformed people about its cause and cure. Oyeyemi et al. (2014) has evaluated 

the information content of  Ebola related tweets. They have evaluated the content 

as medically correct, medical misinformation, and other. As doing so, they 

determined whether the tweet content included any scientifically proven 

information. This work provides an important milestone for the quality assessment 

of  colorectal cancer information contained in a tweet in this study, as its aim for 

research mirrors closely with that of  this one.  

 

As discussed, the quality of  consumer health information is difficult to assess, 

and with social networking services, it is far more so. As discussed above, it is 

therefore often used to refer to scientifically proven references such as peer-

reviewed medical journals and reports, to verify information that a patient may 

encounter and endorse to on the Internet. 
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3. Research Questions 
 

 

3.1. A Case for Colorectal Cancer 
 
 

Colorectal cancer is a disease in which malignant cancer cells form in the 

tissues of  the colon and rectum (National Cancer Institute, 2015). According to the 

National Cancer Institute (2014), it is the third most common non-skin cancer in 

both men and women, and the second leading cause of  cancer-related mortality in 

the United States. At global level, nearly 1.4 million new cases were diagnosed in 

the year 2012 (World Cancer Research Fund International, 2015). It is also 

predicted that 2.4 million cases of  colorectal cancer will be diagnosed annually by 

2035. According to GLOBOCAN’s 2012 statistics published by the International 

Agency for Research on Cancer (IARC) at the World Health Organization (WHO), 

the Republic of  Korea belongs to the highest rate group for both incidence and 

mortality of  cancer in colorectum, for box sexes, along with Slovakia and Hungary. 

<Figure 1> and <Figure 2> are visual representations of  the worldwide cancer 

incidence and mortality, as of  2012. The National Cancer Center of  the Republic 

of  Korea has listed colorectal cancer as one of  the five most commonly threatening 

cancers, the others including lung cancer, liver cancer, stomach cancer, and breast 

cancer. 
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<Figure 1> Worldwide Colorectal Cancer Incidence by GLOBOCAN, 2012 
Republic of  Korea is one of  the darkest (highest incidence rate) regions. 

 

 

 
 

<Figure 2> Worldwide Colorectal Cancer Mortality by GLOBOCAN, 2012 
Republic of  Korea is again one of  the darkest (highest mortality rate) regions. 

 

While the risk is high, the danger, prevention and treatment of  colorectal 

cancer are still not widely known. They are also not publicly discussed because 

colorectal cancer affects parts of  the body that people often find embarrassing or 

even forbidden to talk about (Colon Cancer Alliance, 2015). Lack of  general public 
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awareness of  the disease has limited the funding for research; kept colorectal cancer 

patients unaware of  their treatment options; and prevented early detection and 

treatment in many cases. This makes colorectal cancer a particularly appropriate 

case for a study on a social media platform, especially on Twitter. Twitter can reveal 

the status quo of  public awareness of  colorectal cancer, and provide an opportunity 

for health professionals to diagnose and prescribe solutions for a proper health 

education for the public.  

 

 

3.2. Research Questions 
 

To discover the source and truthfulness of  colorectal cancer information on 

Twitter, this study focuses on analyzing the textual content of  related tweets and 

users who have authored it. The research questions are as follows.  

 

RQ1. What types of  colorectal cancer-related content are discussed on 

 Twitter? 

 RQ1.1 What content is informative about colorectal cancer?  

 RQ1.2 What content is communicative about colorectal cancer?  

 

People talk about a variety of  things on Twitter, and about colorectal cancer 

they can talk about not only information but also about their anecdotes and personal 

experiences. In order to extract the information about the disease, the first research 

question aims to find out what Twitter users discuss in terms of  colorectal cancer, 

by classifying the content in two categories: informative and communicative. 

Denecke and Nejdl (2009) have reported substantial differences in the content of  

various health-related Web resources, by analyzing their linguistic content. Here, 

they define informative as having general or disease-(and/or treatment-) specific 

information, news on current research results or on the health care system or on 
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general/transferable experiences regarding a particular treatment or disease. Since 

tweets are limited to 140 characters and therefore cannot contain much textual 

content, tweets containing more affective linguistic features than general 

information terms would be communicative, as opposed to being informative. 

Distinguishing the content would help characterize the discourse about the disease 

on Twitter, and discover informativeness of  messages on a social media platform.  

 

RQ2. What types of  users discuss colorectal cancer on Twitter? 

 RQ2.1 Who are individual Twitter users? 

 RQ2.2 Who are organizational Twitter users? 

 

Any Twitter user can post a message, or “tweet” his/her thoughts, ideas, 

reactions to events, and many else. Identifying who participates in colorectal cancer 

discussion on Twitter is important to inform not only health professionals but also 

patients and caregivers as they can see what content is endorsed by whom. In 

addition, mining the public user information on Twitter is also necessary for 

deterring spam commercials and “bots” (i.e. automatic tweet generators) on Twitter 

as well. Moreover, Twitter users can see who is an active content provider in terms 

of  colorectal cancer information (e.g. prevention, treatment, etc.), and who carries 

authority in delivering such content. Understanding different stakeholders in 

health communications can enhance public awareness in seeking and subscribing to 

health information on the Internet.  

 

RQ3. How is the quality of  colorectal cancer information on Twitter?  

  RQ3.1 What website domains are embedded in tweet content? 

 RQ3.2 What is medically correct and incorrect about colorectal cancer on  

Twitter? 
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Since Twitter messages (“tweets”) are limited to 140 characters, it has become 

a convention for Twitter users to embed URLs in their posts, and for the URLs are 

often too long, by shortening it (e.g. http://t.co/A3f230yz). The use of  URLs in 

tweets indicates the user refers to an external source of  information, and often 

endorses it (Suh et al., 2010). Extracting the URL information, therefore, is 

necessary for identifying the informative content about colorectal cancer on Twitter.  

Also, the major point of  interest of  this study is to measure the quality of  health 

information about colorectal cancer. As many previous health communication 

studies have attempted to tackle the issue of  quality of  the information on the 

Internet, this study will also address the coverage and accuracy of  the informative 

content (Berland et al., 2001). Nonetheless, as tweets are limited to 140 characters 

and therefore cannot exhaust a medical concept in detail, it will put more weight 

on the accuracy of  information in discussing quality.  
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4. Research Methods 
 

 

4.1. The Tweet Data 

4.1.1. Data Collection  

 

This study collected the tweet data from August 1st to October 31st, 2014. To 

search and collect colorectal cancer-related tweets, the following keywords have 

been prepared by a colorectal surgeon at Seoul National University Bundang 

Hospital, upon a request for professional consultation for this study. The keywords 

are listed in <Table 3>.  

 

Parts in the Body Oncological Terms 

colon cancer 

rectal tumor 

colorectal tumour 

colonic neoplasm 

 

<Table 3> Keyword Pairs for Colorectal Cancer-related Tweet Search 

 

Using Twitter’s Public Streaming API that gives developers low latency access to 

Twitter’s global stream of  tweet data (Twitter, 2015), all tweets that were authored 

during the period and that contained any one of  the above keyword pairs were 

collected for analysis. 

4.1.2. Sampling the Data  

 

A large volume of  tweet data was expected. It is a challenge to analyze such 

large data collected at scale. This necessitates the need for collecting a sample of  

data that spans over a diverse set of  users. A sampling strategy that considers both 
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network topology and user-context, such as tweeting activities, has been selected, 

according to the findings of  De Choudhury et al. (2010). According to De 

Choudhury et al. (2010), such sampling can explain diffusion characteristics better, 

compared to naïve methods (e.g. random or activity based sampling). 

 

The data was sampled in such a way that considers both randomness and 

tweeting activities. First, top 1,000 tweets that were shared (“retweeted”) most 

frequently and the users that authored the tweets were selected. Next, a randomized 

3% sample of  all tweet data (2,290 tweets) and the users was extracted. A topology-

based sampling was excluded as information network structure was not of  interest 

in this study.  

 

 

4.2. Content and User Classifications 

4.2.1. Coding the Sampled Data  

 

The sampled data contained the tweet text and the user profile descriptions 

text. The data was loaded in Microsoft Excel, with the text and the user in different 

worksheets. Each row in the tweet and the user spreadsheets was marked using the 

inductive approach for coding qualitative data (Thomas, 2006). The marks were 

reviewed by the colorectal surgeon. The agreement between the surgeon and the 

coder was measured with Cohen’s kappa (κ = 0.89), a robust measure for inter-rater 

reliability (Carletta, 1996). Most marks were in unison, except for whether to have 

duplicate sub-categories entitled to a tweet. It was finally settled to give a tweet a 

single sub-category only. <Table 4> summarizes the inclusion rules for manually 

classifying the tweet content and users.  
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Content  User  

Informative 

medical terms (e.g. Starch 

can reduce the risk of  

colon cancer by…) 

Individuals 

personal names, 

nicknames, titles, medical 

professionals, etc. 

Communicative 

adjectives and 

conversational text (e.g. 

MTV Star Diem Brown 

Diagnosed with Colon 

Cancer…) 

Organizations 

foundation, department, 

organization, agency, news, 

group, society, committee, 

volunteer, country, 

government, network, 

firm, company, marketing, 

forum, campaign, 

pharmacy, etc. 

 

<Table 4> Qualitative Coding Criteria for Content and User Classification.  
Rules for preparing the criteria refer to Thackeray et al. (2013) and Denecke and Nejdl (2009). 

 

All 3,290 sampled tweets and user profile descriptions according to the 

categorization scheme as in <Table 4> above. For tweet content, a total of  eleven 

categories were finalized, seven of  which belonged to “informative” category, and 

the rest to “communicative.” The left column of  <Table 5> lists all categories. 

Informative tweets were defined as tweets that educate the reader about the 

scientific or public information about the disease. For example, “Ulcerative colitis, 

Crohn's Disease or other inflammatory bowel diseases are risk factors for colon 

cancer. #GetScreened” was marked as informative, in contrast to another tweet, 

“you just want to give me colon cancer huh,” which was marked communicative.  

 

On the other hand, a user is free to enter any text about the self  in the user 

profile, so the variance in the length and content was high. For the purpose of  this 

study to distinguish individuals from organizations, a user’s profile text was first 

investigated for its having a personal, or individual name as opposed to its having 

an official, or published name. The individual-coded users were further marked a 
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layman or a medical professional, using a list of  89 medical professional titles from 

a Wikipedia page (http://en.wikipedia.org/wiki/List_of_healthcare_occupations). 

All user accounts that had any one or more of  the titles in their profile descriptions 

were filtered as professional users. Likewise, an organization user was sub-

categorized, by coding the textual data like the tweet content. A total of  five sub-

categories (“news/media,” “foundations/communities,” “medical institutions,” 

“government affiliates,” and “other”) were finalized. The right column of  <Table 

5> shows all categories for user classifications. 

 

Content User 

Category Sub-Category Category Sub-Category 

Informative 

News/ Research 

Risk/Prevention 

Symptoms/Diagnosis 

Treatments/Prognosis 

Epidemiology 

Screening 

Other 

Individuals 
Public/Laymen 

Professional (Medical) 

Communicative 

Chat 

Commercial/Fundraising 

Celebrities 

Other 

Organizations 

News/Media 

Foundations/Communities 

Medical Institutions 

Government Affiliates 

Other 

 

<Table 5> The Data Categorization Scheme.  
The categories and sub-categories were finalized under a careful consultation with the colorectal 

surgeon at Seoul National University Bundang Hospital. 

 

4.2.2. Automatic Classifications  

 

The 3,290 coded tweet and user texts would serve as a trained data set for 

applying a machine learning technique. <Table 6> describes the overall statistics 

of  the trained data.  
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Content User 

Informative 2018 (61.3%) Individuals 1,963 (72.9%) 

Communicative 1272 (38.7%) Organizations 491 (18.2%) 

 

<Table 6> A Summary of  Coded Sample Data.  
There are considerably more informative tweets in content. For users, there are far more individuals. 

 

To classify all collected tweet and user data according to the pre-established 

categorization scheme above in <Table 6>, a naïve Bayesian machine learning 

technique was selected. The naïve Bayesian classifier has been recognized as a 

surprisingly effective method for classifying documents (Segaran, 2007). It 

classifies documents given the pre-classified text (trained data), by calculating the 

assumed probabilities of  a word in the text. Here, a word is stemmed so that there 

won’t be any unnecessary bias introduced by duplicative text. The conditional 

probability for a particular word appearance in a category is calculated given a 

classification from the trained data (Segaran, 2007). The classifier was performed 

for content, and then users. It first classified all tweet content into informative vs. 

communicative, and then tweets in each category were sub-categorized. <Figure 

3> shows a snapshot of  most relevant word (textual) features for classifying 

informative tweet content from the communicative.  
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<Figure 3> Most Informative Features for Content Classification.  
“0” denotes a communicative tweet, and “1” denotes an informative tweet. 

 

For users, the naïve Bayesian classifier first classified individuals from 

organizations using textual features from the user profile descriptions. Then, 

medical professional users were separated from laymen, or ordinary, ones by a rule-

based filtering mentioned in the previous section. The organization users were 

again sub-categorized using the machine learning technique. <Figure 4> shows the 

snapshot of  the most relevant word (textual) features for classifying organizations 

from individuals.  
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<Figure 4> Most Informative Features for User Classification.  
“org” denotes an organizational user, and “ind” denotes an individual user. 

 

The performance of  the content and user classifiers were assessed by calculating 

the precision and recall scores for classifying tweet content and users. <Table 7> 

and <Table 8> show the precision and recall scores for content and user 

classifications.  

 

Precision Recall 

0.96 0.98 

 

<Table 7> Precision and Recall Scores for Content Classification.  
Note that both scores are above 0.95 in classifying informative and communicative content. 

 

 

Precision Recall 

0.99 0.91 

 

<Table 8> Precision and Recall Scores for User Classification.  
The classifier does classify users well, but the recall score is relatively lower, due to inherent 

difficulties in recognizing textual patterns in organizations’ profile descriptions. 
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The classifiers performed considerably well for classifying the tweet content, but 

not much so for the users. This can be explained by the relatively high variance in 

the textual content of  the user profile descriptions. If  a user did not enter any text 

in his/her profile, the classifier could not classify the user correctly but as an 

individual. In addition, there was an inherent difficulty in recognizing any linguistic 

and/or textual pattern in the user profile descriptions of  organizations. However, 

as the accuracy was higher than 0.91, the classifiers were concluded to have 

performed reasonably well to use and report the results. 

 

 

4.3. Citation Analysis 

4.3.1. URLs in Tweet Text  

 

A considerable portion of  collected tweets had shortened URLs embedded in 

the text. In fact, sharing URLs and URL shortening services have become a 

common practice in Twitter (Rodrigues et al., 2011). URLs in Twitter have been 

analyzed to discover the word-of-mouth phenomena, as they are understood to be 

an effective means of  discovering Web content among friends online. To investigate 

what types of  websites Twitter users used and referred to in their tweets, all tweets 

including shortened/not URLs were collected in a separate table in the database. A 

majority of  URLs would be sufficiently shortened due to the character limit in 

Twitter. Since shortened URLs often conceal the original source (i.e. domain of  the 

website), all URLs in the tweet data were to be extracted and un-shortened to their 

original absolute addresses on the web (Suh et al., 2010). Closely following the work 

of  Rodrigues et al. (2011), a Python script was written to resolve a URL in a tweet 

by sending a web access request to that URL and comparing the domain of  the 

original URL with that of  the resolved URL. If  the two domain names were 
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different, the URL in the tweet is considered a short URL. Otherwise, it was 

considered a long URL.  

 

The domain of  a URL often indicates identifiable information about the 

website. The domain segments of  the un-shortened URLs were consolidated to 

calculate each domain’s appearance frequency in the collected tweet data. In this 

way, the types of  exogenous sources Twitter users subscribe to or endorse the most 

could be identified. The domain was referred to Wikipedia for its inclusion in 

broader website categories, to later report the type of  website that Twitter users 

most likely refer to for colorectal cancer information.  

 

 

4.4. Quality Analysis 

4.4.1. Assessing Quality of  Health Information  

 

Since tweet texts are limited to 140 characters only, it is difficult to expect that 

a tweet may well cover a medical concept in detail, especially when such requires 

above a certain level of  knowledge to comprehend. While many previous quality 

studies on medical information on the Internet have focused on related websites and 

weblogs, this study focuses on Twitter only, which requires a refined set of  criteria 

in quality assessment.  

 

Berland et al. (2001) conducted a quality assessment study of  health 

information accessible via diverse search engines on the Web. The two major 

criteria for measuring the quality were: a) coverage of  topics and b) accuracy of  

information. Applying the criteria to this study, the quality of  information in a 

tweet was to be measured by determining the accuracy of  information by: a) cross-
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examining the information to its evidence or proof  in any published peer-reviewed 

journal in medicine; and b) consulting the information to selected reviewers who 

are board-eligible or board-certified in major medical professions (Berland et al., 

2001). If  the two conditions were both met, the information was to be labeled 

“medically correct,” and “medically incorrect,” if  otherwise. A third label, 

“unverifiable,” was prepared for identifying tweets that are two short (i.e. two or 

three words or less).  

4.4.2. Medical Experts Review  

 

Five physicians (all bilingual in English and Korean) from Seoul National 

University Bundang Hospital were recruited to evaluate the sampled tweet data. 

All reviewers were board eligible or board certified in gastroenterology, family 

medicine, general surgery, hematology and oncology, and pathology. All reviewers 

evaluated all informative tweets in the sample listed in a Microsoft Excel 

spreadsheet, and inter-rater reliability using Cohen’s kappa was reasonably high (κ 

= 0.80). The sample tweets were not written in languages other than English.  

 

When examining the publication reliability, the reviewer committee was 

advised by the instructions in the first Section of  the DISCERN criteria, a well-

recognized, valid and reliable instrument for analyzing written consumer health 

information (Kaicker et al., 2010). The DISCERN is comprised of  16 questions, 8 

of  which belong to Section 1 that examines the reliability of  publication. The 

reviewer committee followed the guidelines below (Charnock et al., 1999) as they 

checked the source of  information to verify a tweet content: 
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a. check whether the main claims or statements made about treatment 

choices are accompanied by a reference to the sources used as evidence 

(e.g. a research study or expert opinion) 

b. look for a means of  checking the sources used such as a 

bibliography/reference list or the addresses of  the experts or 

organizations quoted 

c. look for a clear indication of  whether the publication is written from a 

personal or objective point of  view 

d. look for evidence that a range of  sources of  information was used to 

compile the publication (e.g. more than one research study or expert) 

e. look for evidence of  an external assessment of  the publication 

 

The reviewers established three categories for informative tweet content, closely 

following the work of  Oyeyemi et al. (2014): “medically correct,” “medical 

misinformation,” and “other.” While Oyeyemi et al. (2014) needed the third 

category for non-informative content, in this work a third category was prepared 

for tweets that included three words or less, containing insufficient information to 

determine validity. If  conflicts occurred among the reviewers, the tweets were left 

out for a second review. The conflicts were to be settled if  any claim(s) made in a 

tweet could be supported or identified by more than five published peer-reviewed 

journals in medicine. If  such could not be found, the tweets were marked 

“unverifiable.” 
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5. Results 
 

 

5.1. Findings 

 

A total of  76,294 tweets (n = 76,294) containing one or more of  the search 

keyword pairs were collected. 76,119 tweets (n = 76,119) had user-identifiable 

information (i.e. user profile descriptions) for classification. The unidentifiable 175 

tweets were hence left out of  the analysis. <Table 9> shows a summary of  the 

collected tweet data.  

Item Count 

Total # of  Tweets 76,294 

Average # of  Tweets/Day 829.28 

Tweets by Followers of  10,000 or more 3,663 (4.8%) 

- Non-Retweets (Original Tweets) 48,490 (63.6%) 

- Retweets 27,804 (36.4%) 

- URL-Embedded Tweets 56,005 (73.4%) 

- Hashtag-Embedded Tweets 24,377 (32.0%) 

Total Unique Users 43,365 

 

<Table 9> Basic Descriptive Statistics of  Colorectal Cancer-related Tweets.  
Tweets were collected from August 1st to October 31st, 2014.  

 

The overall stream of  tweets shows fluctuation over the collection period. Several 

peaks are noticeable in <Figure 5>, which is a graph of  daily tweet counts. The 

highest peak occurred in mid-August, when announcements were released that the 

FDA approved at-home screening test for colorectal cancer. The second-highest 

peak is in early October when “Get Your Rear in Gear” marathon was held. The 

last peak is at the end of  the month, when genetically engineered yogurt was 

reported to detect colorectal cancer. The peaks show that tweets closely reflect the 

real-world disease-related events, and all the peaks correlated with news releases.



 

 40 

 
 

<Figure 5> Daily Tweet Stream Graph. 
A graph showing daily tweet counts for colorectal cancer-related content on Twitter. 
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The collected data included more than a third of  (36.4%) shared Twitter messages, 

or “retweets,” and nearly a quarter tweets with URLs included (73.4%). Tweets 

with hashtags (“#”) were almost a third (32%). It is worth noting that this particular 

set of  tweet data includes much more tweets with URLs embedded, compared to 

global tweets statistics in Suh et al. (2010). Also, the likelihood of  a tweet to be 

retweeted by other users was also almost three times higher than what was 

reported in Suh et al. (2010). This indicates that tweets relating to colorectal cancer 

are not likely to be users’ original thoughts, ideas, or stories, but rather broadcasts 

of  other media, news, and/or outside contents. In addition, it is likely that users 

participating in colorectal cancer discussion do so by retweeting, rather than 

authoring original content. Such characteristics of  the data set shows colorectal 

cancer-related tweets may be highly specific and topic-biased. Analyses may 

anticipate disease-specific results. <Figure 6> sums up the basic statistics of  the 

collected tweet data.  

 

 
 

<Figure 6> Pie Charts of  Basic Statistics of  Colorectal Cancer-related Tweets. 
The data does include more original tweets, but mostly with URLs (i.e. outside sources). Also, 

there are many grassroots users (i.e. not million-follower users). 
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5.1.1. Content and Users  

 

To answer the first research question about the tweet content, all collected 

tweets were classified as either a) informative or b) communicative. As discussed above, 

informative tweets are tweets that contain information that may educate any 

scientific knowledge about colorectal cancer. <Table 10> shows the top 10 most 

frequent tweets about colorectal cancer and their classification results. A research 

finding about colorectal cancer retweeted at Colon Cancer Alliance (@CCAliance) 

is an informative tweet (“RT @CCAlliance: Research: Insights into link b/t 

#coloncancer modern diets high in wheat, rice & complex carbs: 

http://t.co/glsc9lawrF), whereas a personal story about Teri Griege, a colon 

cancer survivor, is a communicative tweet (“Q&A: Teri Griege, Ironman Athlete 

and Colon Cancer Survivor – CBS Local http://t.co/EEhfRGdmpU). Among the 

frequently shared tweets about colorectal cancer, informative contents were found 

far more than communicative ones, signaling a possibility that Twitter users discuss 

mostly about information about the disease, rather than sharing personal stories or 

expressing emotions about it. 

 

 
 

<Table 10> Top 10 Most Frequent Tweets about Colorectal Cancer. 
Informative tweets are found frequently. 

 

More than half  of  the tweets were informative (n = 49,631, 65.20%). It was 

almost double the share of  communicative tweets (n = 26,488, 34.80%). It can be 
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speculated that the specificity of  search keyword (“colorectal cancer”) could have 

filtered much unrelated talk about colorectal cancer, compared to other generic 

medical conditions such as acne, concussions, etc. The summary of  classification 

results is listed in <Table 11> below. 

 

 
Individuals 

 
Organizations 

 
Total 

 
N (%) 

 
N (%) 

 
N (%) 

Informative 
 

43552 (57.22%) 
 

6079 (7.99%) 
 

49631 (65.20%) 

Communicative 
 

25430 (33.41%) 
 

1058 (1.39%) 
 

26488 (34.80%) 

Total 
 

68982 (90.62%) 
 

7137 (9.38%) 
 

76119 (100.00%) 

 

<Table 11> Table of  Informative and Communicative Tweets. 
Most tweets are concentrated in informative tweets authored by individual users. 

 

The second research question had to do with Twitter users. All users in the 

data set were classified as either a) an individual or b) or an organization. Tweets 

were classified accordingly, as those authored by individuals, and those by 

organizations. Almost all tweets were by individuals (n = 68,982, 90.62%), signaling 

much interest in such a serious disease like colorectal cancer by the public. On the 

other hand, organizational tweeting activities were only limited to a minute share 

(n = 7,137, 9.38%). This was, in fact, much less than anticipated, as Twitter has 

been widely recognized as an effective news and information broadcasting medium 

(Cha et al., 2010). Yet previous studies have investigated the rather moderate 

effectiveness of  Twitter for raising cancer awareness during a campaign month (e.g. 

Thackeray et al., 2013), as tweeting for cancer prevailed as a one-time event for 

many. Nonetheless, organization users seem to invest more in informative content 

in tweeting than individual users do. The difference in tweeting informative vs. 
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communicative content between individual and organizational user groups shows 

statistical significance in Chi-square testing with Yate’s correction (χ2 = 1383.827, 

P < 0.0001). Therefore the two user groups seem to show different characteristics 

in choosing what content to tweet about. Organizations, though considerably less 

in absolute value in their sum of  tweets, lean far toward spreading information 

about colorectal cancer, rather than sharing experiences, fundraising campaigns, etc. 

This hints that further effort can be encouraged for organization users to utilize 

Twitter as an information broadcasting medium to raise disease awareness and to 

correct any misunderstandings of  the disease by the public.  

 

Informative and communicative tweets were sub-categorized into 7 and 4 sub-

topics, respectively. The sub-categories were also drawn from the qualitative coding 

process on the sampled data, and the naïve Bayesian classifier was applied. <Table 

12> shows sub-categorized tweets by individuals and organizations. For both types 

of  users, news articles/research findings were tweeted the most, 22.02% and 3.41%, 

respectively (n = 16,761, n = 2,592). This can be explained by the presence of  news 

media companies operating a Twitter account, and many Twitter users embedding 

a shortened URL of  a news article. Followed were risk factors/prevention 

measures for colorectal cancer, as many tweets tend to discuss effectiveness of  

dietary substances on the disease.  

 

While the rest had comparable tweet shares, a different trend was observed. 

Individual users tweeted more about symptoms/diagnosis (n = 4,305, 5.66%) than 

treatments/prognosis (n = 2,872, 3.77%), whereas organization users tweeted more 

about treatments/prognosis (n = 835, 1.10%) than the other (n = 515, 0.68%). This 

difference is statistically significant (χ2 = 219.5648, P < 0.0001) with Yate’s 
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continuity correction. In addition, for epidemiology and screening, individual users 

seemed to be more interested in epidemiology (n = 2,837, 3.73%) than screening (n 

= 1,988, 2.61%). This was also reversed for organization users. They tweeted more 

about screening (n = 338, 0.44%) than epidemiology (n = 195, 0.26%). The 

difference in distribution of  tweeting activities in those sub-categories by two 

groups is also statistically significant (χ2 = 95.4998, P < 0.0001) with Yate’s 

continuity correction. 

 

While organizational users did tweet about some communicative content, such 

tweets were mostly about campaigning for a local event or fundraising. Since this 

was not directly related to diagnosing or treating the disease, those tweets were 

classified as communicative tweets. Also, since tweets written by organizations were 

considerably fewer than those of  individuals, it could have been possible that the 

classifier was not fully and comprehensively trained to identify a tweet, only given 

the tweet text. Future work should be planned to include more telling textual 

patterns or references to enhance the classification performance. 

 

Taken together, when users tweet about colorectal cancer, they are most likely 

to tweet about news articles or research findings on the disease. Such are most 

tweeted and retweeted by individual users rather than organization users. The large 

number of  individual users tweeting about colorectal cancer poses two implications 

for the quality of  colorectal cancer-related information on Twitter. First, 

individuals who cannot be verified for their level of  professional knowledge on 

Twitter (i.e. not verified official accounts) in medicine cannot be rashly trusted. 

Currently, Twitter does not offer verification for users with certain professions, 

unless they are celebrities and public figures. An ordinary Twitter user, therefore, 
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has no way to find out whether the user providing colorectal cancer information is 

telling the truth. Furthermore, that there are far more informative content on 

colorectal cancer than communicative implies that the specific disease keyword 

excludes much noise in content, and that there is an increased necessity for the 

information circulated on Twitter to be identified for quality and verifiability. The 

report on overall tweet content and users so far demand a more in-depth study in 

the type of  users, the sources of  information that they use, and finally the 

verifiability of  the information that they endorse and deliver.  
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Individuals  Organizations 

N (%)  N (%) 

Informative 

News/Research 16761 (22.02%) 
 

2592 (3.41%) 

Risk/Prevention 14767 (19.40%) 
 

1602 (2.10%) 

Symptoms/Diagnosis 4305 (5.66%) 
 

515 (0.68%) 

Treatments/Prognosis 2872 (3.77%) 
 

835 (1.10%) 

Epidemiology 2837 (3.73%) 
 

195 (0.26%) 

Screening 1988 (2.61%) 
 

338 (0.44%) 

Other 22 (0.03%) 
 

2 (0.00%) 

Communicative 

Chat 13844 (18.19%) 
 

410 (0.54%) 

Commercial/Fundraising 4928 (6.47%) 
 

340 (0.45%) 

Celebrities 4324 (5.68%) 
 

298 (0.39%) 

Other 2334 (3.07%) 
 

10 (0.01%) 

 

<Table 12> Table of  Informative and Communicative Tweets, with Sub-Categories. 
News and research findings make up a large portion in informative tweets. 
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Users were further sub-categorized into laymen (public) users and medical 

professionals, in order to find any tweeting activities by medical professionals. 

<Table 13> shows the tweet shares of  each type of  users in the “individual” user 

group. Medical professionals among individual Twitter users were filtered using a 

list of  89 medical professional titles. This filtered out only minimal tweet activities, 

meaning there were not a visibly large number of  users claiming themselves as a 

medical professional in their user profile descriptions. All tweets produced by 

professionals were only 1.98% (n = 1,509). This can support the aforementioned 

interpretation that most tweeting activities about colorectal cancer are done by 

ordinary individual users, most likely without any certified level of  knowledge in 

medicine, thereby implying an inherent risk of  spreading misinformation with or 

without the intent to do so.  

 

Nonetheless, a trend was observed that professional users tweeted a bit more 

about treatments/prognosis (n = 175, 0.23%) than symptoms/diagnosis (n = 118, 

0.16%), when compared with the other group. This naturally reflects the same trend 

observed when the tweet shares between individuals and organizations were 

compared. That medical professionals, or entities with medical authorities, tend to 

tweet about treatments and/or prognosis shows a possibility that they make use of  

their knowledge via tweets, which ordinary individuals are not quite capable of. It 

can be suggested that further work be invested to examine how users of  certain 

professions make use of  Twitter for what kind of  purposes other than social 

networking.  
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All Individuals 

   Public  Professionals 

   N %  N % 

Informative 

News/Research  16297 21.41%  464 0.61% 

Risk/Prevention  14401 18.92%  366 0.48% 

Symptoms/Diagnosis  4187 5.50%  118 0.16% 

Treatments/Prognosis  2697 3.54%  175 0.23% 

Epidemiology  2785 3.66%  52 0.07% 

Screening  1897 2.49%  91 0.12% 

Other  21 0.03%  1 0.00% 

Communicative 

Chat  13689 17.98%  155 0.20% 

Commercial/Fundraising  4903 6.44%  25 0.03% 

Celebrities  4279 5.62%  45 0.06% 

Other  2317 3.04%  17 0.02% 

Total  67473 88.64%  1509 1.98% 

 

<Table 13> Individual Users and Their Tweet Content. 
Medical professionals make up a smallest number among individual users. 
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Since tweeting activities by organizations were far limited than those of  

individuals, sub-categorization of  such into five different groups did not yield 

striking results. <Table 14> summarizes all organizational tweeting activities on 

colorectal cancer by five sub-groups. It is worth noting that news/media user 

accounts show the most vibrant tweeting behaviors among all organizations 

classified (n = 4,913, 6.45%). This naturally reflects the aforementioned finding, 

where news articles and/or research findings comprised of  the most share of  

informative tweet content. Moreover, there is a possibility that not only ordinary 

Twitter users but also news media companies themselves carry Twitter accounts 

to often propagate their news headlines to reach a far wider audience. For Twitter 

has long been acknowledged as a quick and efficient news and information sharing 

medium, deviating from a typical social networking service (Cha et al., 2010), this 

finding is in line with previous research. 

 

Foundations/communities such as local colon cancer surgeon groups and local 

fundraising, prayer, or moral support groups for colon cancer patients and/or 

survivors followed (n = 1,000, 1.31%). Research find that users with medical history 

find Twitter as a virtual space to get together and encourage one another, to give 

and share psychological support (e.g. De la Torre-Diez et al., 2012; Sugawara et al., 

2012; Himelboim and Han, 2013). Medical institutions such as hospitals only had 

417 tweets in total (0.55%), yet an interesting observation was that this group 

tweeted a bit more about news articles/research findings rather than risk 

factors/prevention measures, a reversed trend for those of  foundations and 

communities group. Given the different organizational nature, a social group may 

differ in its purpose for tweeting, compared to a research oriented group. Yet on the 

other hand, the classifier failed to find tweets authored by government affiliates or 
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agencies. While a few tweets of  such kind were visible in the sampled data, it must 

not have been sufficient information for the classifier to be properly trained. This 

calls for more institutional effort to participate in social networking services to 

promote public awareness for certain diseases, and to measure the impact of  their 

tweeting or other SNS-related activities could be an interesting future research 

agenda.
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<Table 14> Organization Users and Their Tweet Content. 
News media companies make up the largest share among organizations, while that of  government affiliates is almost nonexistent.

All Organizations 

  

 

News/Media 

 
Foundations/ 
Communities 

 
Medical  

Institutions 

 
Government  

Affiliates 

 

Other 

   N %  N %  N %  N %  N % 

Informative 

News/Research  2174 2.86%  135 0.18%  133 0.17%  n/a -  150 0.20% 

Risk/Prevention  1092 1.43%  227 0.30%  88 0.12%  n/a -  195 0.26% 

Symptoms/Diagnosis  401 0.53%  43 0.06%  28 0.04%  n/a -  43 0.06% 

Treatments/Prognosis  651 0.86%  9 0.01%  72 0.09%  n/a -  103 0.14% 

Epidemiology  80 0.11%  98 0.13%  12 0.02%  n/a -  5 0.01% 

Screening  138 0.18%  101 0.13%  69 0.09%  n/a -  30 0.04% 

Other  n/a -  1 0.00%  n/a -  n/a -  1 0.00% 

Communicative 

Chat  94 0.12%  246 0.32%  13 0.02%  n/a -  57 0.07% 

Commercial/Fundraising  27 0.04%  106 0.14%  2 0.00%  n/a -  205 0.27% 

Celebrities  249 0.33%  33 0.04%  n/a -  n/a -  16 0.02% 

Other  7 0.01%  1 0.00%  n/a -  n/a -  2 0.00% 

Total  4913 6.45%  1000 1.31%  417 0.55%  n/a -  807 1.06% 
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5.1.2. Information Source  

 

The third research question was concerned with the source and quality of  the 

tweet content. The URLs that Twitter users embed in their tweets can be reported 

as the original source of  information that they bring in the tweet. As tweets are 

limited to 140 characters, users often meet the need to condense what they want to 

say, which has called for a frequent use of  shortened URLs in a tweet. There are a 

number of  URL-shortening service providers on the Internet: bit.ly, durl.me, 

goo.gl, and many else. A large number of  tweets collected in the data set 

accompanied one, or sometimes more, shortened URLs such as: 

http://t.co/AB3cwYz. The status report of  URL-including tweets is below in 

<Table 15>.  

 

 Number of  URLs N % 

With URL(s) 

1 54611 71.74% 

2 1930 2.54% 

3 13 0.02% 

4 0 0.00% 

5 1 0.00% 

Without URLs  19564 25.70% 

 

<Table 15> Tweets with URLs Embedded. 
A significant number of  tweets contain one URL, and comparably a few with two or more. 

  

Almost three-quarters of  collected tweets contained URLs in them. Compared 

to what is reported in the large-scale Twitter study of  Suh et al. (2010), which has 

noted that tweets with URLs are likely to get retweeted, the portion of  URL 

including tweets is significantly larger in this particular data set. Future work 

should investigate this discrepancy as to understand what contributes to such 
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difference. But one can reason that as noted earlier, the specificity of  the keyword 

that is not as common as others such as “acne,” “virus,” or “flu,” could have reduced 

much noise that mostly comes from personal stories or meaningless babble, but 

more of  other news stories and information coming from elsewhere.  

 

Furthermore, one may well recall that there are a larger number of  

informative tweets. Since disease-related information cannot be well subsumed in 

140 characters comprehensively, users could have made use of  URL shortening 

services to refer to the source of  information that they referred to. This directed to 

the second step of  source analysis, which was de-shortening URLs in the tweet 

text. As most of  the URLs were concealed of  their original information by 

“http://t.co,” tracking their original web addresses (absolute URLs) can point to 

the source of  information that the Twitter user first encountered before bringing 

it onto the Twitter platform. Some URLs had the same domain information, which 

were integrated and ordered from the highest frequency to the lowest in appearance 

in the data. The websites that occupy the top 50% of  the tweet share are listed in 

<Figure 7>. 

 

The collected website domains were identified for their source characteristics, 

i.e. for what type of  website they are. <Table 16> lists the top 20 website domains 

that appear most frequently in the data set. Note that this is not only inclusive of  

informative tweets, but all tweets, in order to get a holistic picture of  URL usage 

in tweeting about colorectal cancer. From the shortlisted ones, news websites (e.g. 

sqqr.us, medicalnewstoday.com) and medical information websites (e.g. webmd.com, 

expatinc.com) appear most. The rest include social networking services such as 

Facebook and personal blogs. While tweets are effective in delivering and spreading 
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news and information at the quickest rate, the frequent use of  URLs in tweets 

implies that users may not generate news and information themselves on this 

platform but reiterate and share from what has been published in external sources. 

 

As the focus of  this study is to investigate the source information and to assess 

its quality, it is worth noting that tweets including URLs tend to be related to 

credible news. According to Castillo et al. (2011), URLs are among the topic-based 

features that impact credibility on Twitter. They report that newsworthy topics 

tend to include URLs and tend to have deep propagation trees. As users’ perceived 

credibility is beyond the scope of  this study, future work is required to find any 

correlations among informativeness of  a tweet, correctness of  the information in 

the tweet, and having a URL in the tweet.  
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<Figure 7> Most Frequently Appearing Website Domains and Their Tweet Share. 
News websites and medical information sourcebanks top the list.
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 Domain of  URL Domain Type 
Tweet Count 

N % 

1 sqqr.us News/Magazine 1558 2.05% 

2 expatinc.com Information 1496 1.97% 

3 webmd.com Information 1280 1.68% 

4 ecannabis.com Shopping 1208 1.59% 

5 sunoticiero.com News/Magazine 1089 1.43% 

6 facebook.com Social network service 1060 1.39% 

7 doctorozadvices.com Social network service 999 1.31% 

8 ccalliance.org Organization 953 1.25% 

9 indiegogo.com Crowdfunding 870 1.14% 

10 stopcoloncancernow.com Organization 814 1.07% 

11 medicalnewstoday.com News/Magazine 741 0.97% 

12 etsy.com Shopping 685 0.90% 

13 gofundme.com Crowdfunding 678 0.89% 

14 ncbi.nlm.nih.gov Government affiliate 611 0.80% 

15 people.com News/Magazine 584 0.77% 

16 dailymail.co.uk News/Magazine 576 0.76% 

17 
uk.news-you-need-to-

know.com 
News/Magazine 561 0.74% 

18 medivizor.com Information 541 0.71% 

19 youtube.com Social network service 505 0.66% 

20 foxnews.com News/Magazine 457 0.60% 

 
<Table 16> Top 20 Most Frequently Shared Website Domains. 

Many are news/magazine websites and medical information resources websites. 
 

5.1.3. Information Quality  

 

Last but not least, the third research question concerned the quality of  

colorectal cancer information on Twitter. The quality of  any information that may 
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circulate on social networking platforms carry an inherent risk of  being modified, 

shortened, added, or edited, with or without intent. While people may well 

understand this problem, it is particularly difficult for ordinary users to intuitively 

judge the truthfulness of  information they may encounter on the Internet. In 

particular, health information is more difficult to do so, for it requires a certain level 

of  professional knowledge and experience to judge the truth value, and the gravity 

of  doing so is far greater, for such concerns one’s life-or-death decisions.  

 

<Figure 8> illustrates some examples of  colorectal cancer-related tweets in 

the data, whose truthfulness is hard to tell just by the eye. The tweets were 

originally written in English, and translated in Korean for convenience.  

 

 
 

<Figure 8> Examples of  Colorectal Cancer Tweets. 
The first two tweets are medically correct, the middle unverifiable, and final two medically incorrect 

information about colorectal cancer. 

 

A committee of  five board-certified physicians at Seoul National University 

Bundang Hospital examined all 3,290 tweets that were included in the sample data, 

and were left with 2,086 informative tweets. The quality criterion focused on the 
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verifiability by published peer-reviewed journals in medicine, and instructions in 

the DISCERN questionnaire (Charnock et al., 1999), a well-established instrument 

for measuring quality of  health information, were consulted. If  tweets do not 

include enough information to tell (e.g. two or three words), the tweets were 

marked unverifiable. The categories referred to those of  Oyeyemi et al. (2014) on 

the quality of  information in Ebola-related tweets. 

 

The result was a bit counterintuitive. An initial assumption pointed to rather 

larger portion of  medically incorrect information in the data. However, reviewers 

reported that most of  the information included in tweets was medically correct, 

while medical misinformation was minimal. As shown in <Table 17> below, medical 

misinformation and unverifiable information make up only a quarter of  the sampled 

tweet data.  

 

Sampled Tweets 

 N % 

Medically Correct 1763 84.52% 

Medical Misinformation 33 1.58% 

Unverifiable 290 13.90% 

 

<Table 17> Information Quality of  Sampled Informative Tweets. 
According to the reviewers, most information in the sample is medically correct. 

 

While medically correct information about colorectal cancer in the sample was 

almost three-quarters of  the tweets, one cannot be rest assured. According to the 

result, there is a considerably small risk of  misinformation in the tweet data, which 

is not quite discernable to an ordinary eye. Yet this result is not generalizable to 

other diseases or medical conditions, for all diseases, syndromes, and conditions 
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entail different symptoms, diagnoses, treatments, and prognoses. Even if  some 

share similar symptoms, diagnoses and treatments can differ by far in medicine. 

Therefore, it can only be concluded that this specific type of  cancer information on 

Twitter has a potential of  being approximately 85% correct, yet in a sample.  

 

The sampled tweet data, in fact, was comprised of  two different sets of  tweets 

that used different sampling strategies. One included top 1,000 tweets that were 

shared (“retweeted”) the most by Twitter users, and the other randomized 3% 

portion of  total tweets. Thus the two groups of  data included in the sample could 

be further examined to see if  there are any differences in the distribution of  

medically correct and misinformed tweets. <Table 18> compares the statistics 

between the two groups in the sampled data. 

 

Sampled Tweets 

 Top 1,000 Randomized 3% 

 N (%) N (%) 

Medically Correct 331 (90.68%) 1432 (83.21%) 

Medical Misinformation 5 (1.37%) 28 (1.63%) 

Unverifiable 29 (7.95%) 261 (18.23%) 

 

<Table 18> Information Quality of  Two Data Sets in the Sample. 
Both groups show similar distributions across the quality conditions. 

 

The top 1,000 sampled tweet data is sampled based on popularity, that is, the 

tweets users shared most. On the other hand, the randomized 3% tweet data is 

representative of  the total collected data. Any statistical difference between the two 

information distributions would show that there is a significant difference in the 

quality of  information most retweeted by Twitter users. Interestingly, the two 
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groups did show statistically significant difference (χ2 = 13.4107, P < 0.01). This 

test was to examine whether there is any difference in the ratios of  medically 

correct, medical misinformation and unverifiable information in tweets of  the two 

groups. The result shows that there is more likelihood for popular tweets, i.e. 

information in the frequently retweeted tweets, to have medically correct 

information than randomly chosen tweets in the data.  

 

Hence the quality analysis of  informative tweets on colorectal cancer shows 

two interesting findings. When investigated the sample, it is notable that quite a 

number of  tweets are medically correct according to published literature in 

medicine. In addition, the information that is most shared by Twitter users is more 

likely to be medically correct than a randomly chosen tweet. However, one should 

be mindful that the quality of  colorectal cancer information on Twitter is hard to 

evaluate without much professional endeavor to determine its truth value.  

 

In future work, a machine intelligence could be applied to automatically detect 

medically correct information from misinformation. Yet such would be a very 

difficult task, given the unstructured nature of  text in tweets. Till then, a careful 

attention from medical experts in what information is circulated in online arena 

would be desired. For users of  social networking services such as Twitter should 

take advantage of  the convenience of  subscribing to an easy-to-go health advice 

and information, but also must beware of  the danger and risk of  edited, modified 

and even expired information in the process of  electronic word-of-mouth.  
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5.2. Discussion 
 

More and more people make use of  social networking services for health 

purposes. The Internet has become an important mass medium for consumers 

seeking health information (Eysenbach and Kohler, 2002; Eysenbach et al., 2002; 

Eysenbach, 2003; Narimatsu et al., 2008), and the evolution of  social networking 

services has revolutionized public health communications (Eysenbach, 2008; Chou 

et al., 2009; Dredze, 2012). Recent survey shows that 62% of  adult Internet users 

use social networking sites for health purposes, and 15% of  social networking site 

users have gotten any health information on such (Fox, 2011). Notably, many have 

investigated different types of  medical conditions or diseases on a popular social 

networking platform, Twitter (e.g. Chew and Eysenbach, 2010; Scanfeld et al., 2009; 

De la Torre-Diez et al., 2012; Sugawara et al., 2012; Himelboim and Han, 2013; 

Lyles et al., 2013; Murthy et al., 2011; Sullivan et al., 2012; Shive et al., 2013; 

Thackeray et al., 2013; Oyeyemi et al., 2014). All point to the increased use of  social 

networking services in the pursuit of  better healthcare.  

 

This study has taken a data-driven approach to analyze the source and 

truthfulness of  user-generated content of  health information, particularly about 

colorectal cancer, on a major social networking platform, Twitter. Results show 

what kinds of  information about colorectal cancer are discussed, what types of  

users engage in what ways, where the information comes from and whether it is 

verifiable. Major findings of  this study are as follows: 1) news articles and research 

findings are most frequently discussed on colorectal cancer; 2) the push of  

information about colorectal cancer is mainly from users that are ordinary 

individuals, showing a certain level of  interest in health and/or colorectal cancer; 
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and 3) more than three in four pieces of  information about colorectal cancer, 

gathered by sampling, are medically correct information. It is found that 4) most 

tweets contain URLs that direct to external links that are often news and medical 

resources websites. The data also shows 5) a significant discrepancy in tweeting 

activity between individual and organization users, and organizations tend to tweet 

information more than individuals do. While it is worth noting that the colorectal 

cancer information on Twitter is mostly dispersed by ordinary users, 6) that more 

popularly retweeted information is medically correct than random one carries an 

important implication that collective intelligence may be at work when users 

subscribe to colorectal cancer information on Twitter.  

 

Specific findings from the results may not be generalizable to other medical 

conditions or diseases, for not only each condition and/or disease accompanies 

different symptoms, diagnoses, prognoses, and so on, but also potentially interested 

audience may have different attributes (i.e. demographics, seriousness of  interest, 

localness, etc.). Nonetheless, some broader insights gained from this study can be 

discussed. First, a disease-specific keyword search may yield data with less noise, 

that is, unrelated ones. The data is focused and specific to the disease, as this filters 

out unnecessary bias and distorted analyses. For example, the keyword “cancer” can 

include not only the disease itself  but also a horoscope. A pilot test of  tweet search 

on the term “cancer” produced many horoscope tweets, which would accompany a 

more labor-intensive data pre-processing and less focused results. This did not 

occur in this study. Yet since the specificity of  the topic, colorectal cancer, may have 

limited the findings too tailored to the disease. Hence a diligent consultation with 

medical professionals on the scope of  topic and the selection of  search is 

recommended when conducting a study of  this kind.  
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Second, the use of  Twitter for health information seeking and sharing 

purposes mark an increased participation and interest from ordinary individuals. 

Twitter is a popular social networking service, having more than 300 million 

monthly active users worldwide (Twitter, 2015). This would include all kinds and 

types of  users, yet ordinary individuals are likely to make up a large portion of  the 

entire membership, as the platform is open to all public and any content. The 

prevalence of  ordinary individual users reflects more participation of  such users in 

colorectal cancer discussion on Twitter. This is particularly important, for ordinary 

individuals are often considered to suffer from information asymmetry problem in 

healthcare services (Scott et al., 2005). As Dredze noted in his work (2012), the use 

of  Twitter and other social networking services would make the wall between 

medical professionals and patients come down, by significantly changing the way 

communications used to be. Patients and caregivers are increasingly getting more 

aware of  their well-being and more accessible to medical information, and 

professionals will be able to directly reach their patients and potential audience at 

scale.  

 

Third, the use of  Twitter by organization users is focused on information 

deliverance. Although their participation, measured in tweets, is far less than that 

of  individual users, if  they did ever participate, it was likely to be more about some 

kind of  information about colorectal cancer rather than communicative one. This 

is an important takeaway for Twitter audience who may encounter tweets about 

colorectal cancer in the future. Since organizations, as far as colorectal cancer is 

concerned, are supposed to be public and official entities that are responsible for 

endorsing and distributing legitimate information, it is more likely that they would 

be careful in tweeting any health-related information than other random users. 
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While usernames and their profile descriptions do not provide sufficient 

information for a strenuous identity check and cannot be fully trusted, it would be 

safer for a user to be mindful of  the original author of  the tweet content before 

he/she subscribes to it.  

 

Fourth, tweets about colorectal cancer are often repercussions of  what has 

been told by traditional media (Zhao and Jiang, 2011). Far more than half  of  the 

collected tweets had one or more URLs embedded in them, and according to the 

results in the above section, most of  the URLs originate from news websites and 

medical information resources, others including magazines, social networking sites, 

etc. This suggests: a) tweets are an effective way to communicate a user’s content 

in the simplest and fastest way, by referring to a more detailed information source 

by shortening the URL; and b) tweets having health-related information may be 

considered more legitimate than casual, depending on the source of  information 

that the URL may point to. Since it has been almost conventional to use a shortened 

URL in a 140-character-limited tweet “for your information (FYI)” (Suh et al., 

2010), it has become necessary for researchers to not only study the tweet content 

but also investigate the URLs and their content as well. This would help them get 

a more holistic view of  the information world of  Twitter users, and would be 

particularly imperative for public health as the quality of  consumer health 

information is often of  most interest.  

 

Last but not least, medically correct information is hard to detect. Even though 

most of  the informative content in the collected tweets have a roughly high chance 

of  being medically correct, this is difficult to tell unless the text is cross-examined 

against a published reference. Reviewers needed to investigate a significant amount 
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of  time and effort to find evidence to determine whether a tweet is medically correct 

or incorrect. This is even more challenging for an ordinary user unless he/she 

would be willing to access medical journals and academic research databases to 

search and comprehend the work about which the tweet may be concerned. While 

a machine intelligence, such as naïve Bayesian classifier, could be trained to detect 

medical misinformation, such was beyond the scope and duration of  this study. It 

would take an extreme amount of  time to train all linguistic corpus of  all published 

research reports and journals in medicine, and given the unstructured nature of  

tweet text, the classifier would have a high probability of  misjudgment due to 

limited information in such a short text. Therefore, seeking and sharing health 

information on Twitter should be carefully done and managed, and a watchdog 

system prepared and built by medical professionals or institutions would help 

reduce misinformation, making a social safety net for a wider group of  audience 

online at the risk of  instant decision-making on tweets.  

 

 

5.3. Implications 
 

Interpretations of  the aforementioned findings in this study deserve an in-

depth discussion. While this study has focused on the case for colorectal cancer, it 

carries broader implications in the current status-quo of  public information seeking 

in health, the promise and the risk of  health information on the Internet, and new 

discoveries that are continued to be found by analyzing health information in tweets.  

5.3.1. Health Information Seeking in a Social Era  

 

Information seeking is defined as “a conscious effort to acquire information in 

response to a need or gap in knowledge” (Case, 2012). The Internet makes it much 
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easier for many to seek health information themselves, become more exposed to a 

wider array of  health information, and become more involved in their own 

healthcare (Ranganath et al., 2015). Research (e.g. Cline and Haynes, 2001; Rice and 

Katz, 2001) has reported the usage of  the Internet for health and medical 

information since earlier on. It discusses a variety of  advantages like the following: 

a) availability of  a wide array of  information; b) support for interpersonal 

interaction and social support; c) tailored information; and d) anonymity. Yet it is 

not without disadvantages, such as cost, technical language, and unequal access; as 

well as obstacles like overload, disorganization, complex search commands and 

medical language, and impermanence; and even dangers that include lack of  peer 

review, inaccurate or misleading information, risk-promoting messages, online 

reinforcement of  pathologies, and addiction.  

 

Recently, online social networking services, commonly referred to as online 

social media, make it easier for users to reach out to a variety of  knowledge across 

all levels and a wider audience beyond their acquaintances and to satisfice their 

information seeking. This gives rise to a distinct way for online information seeking, 

wherein the information needs expressed are more subjective and personal to the 

asker (Ranganath et al., 2015). Although online question-and-answer forums were 

often used for asking health-specific inquiries, now an interesting way people 

leverage online social media is by asking questions through their status messages 

(Morris et al., 2010) such as tweets. This phenomenon is prevalent in social media 

platforms like Twitter and Facebook and has received considerable attention in 

recent literature (e.g. Efron and Winget, 2010; Paul et al., 2011; Lampe et al., 2014).  

 

However, unlike specifically tailored Q&A platforms, typical social media sites 
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like Twitter and Facebook are not designed for information seeking (Paul et al., 

2011). Questions are not archived, thus finding people who answered similar 

questions in the past is difficult. Questions are buried among other content 

produced by the social connections of  a potential answerer. Moreover, people may 

get help from others, but do not tend to give back (Thackeray et al., 2013). Hence 

people pitch a certain type of  information on social media sites instead of  asking 

and answering questions. They usually post a new article or other published content 

on the Internet to show endorsement for it by sharing it with their friends in their 

networks. Friends who see it may “like” or “share.” Some worry that this makes 

health information seeking via social media not quite “social” enough; that it makes 

communications again one-way rather than truly participative.  

5.3.2. The Virtue and Vice of  Online Health Information  

 

With the Internet, health and medical information is now a click away. With 

social media, it may be a “friend” away. Ordinary users of  the Internet are not 

empowered with information that has long been guarded under professionalism. 

While the greatest virtue of  health information on the Internet would be its 

potential to reduce information asymmetry between doctors and patients, one must 

be cautioned when taking advantage of  this freely available information. In 

particular, he or she is indebted to the inherent volatility of  information on the 

Internet, and the level of  professionalism required to navigate and evaluate the 

immeasurable volume of  information.  

 

People may easily lose their way in their search for health information online. 

In fact, some point to an information overload problem (e.g. LaPerriere et al., 1998; 

McGrath, 1997). According to McLellan (1998), “trying to get information from 
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the Internet is like drinking from a firehose, and you don’t even know what the 

source of  the water is.” Indeed, the speed and uncontrolled manner of  Internet 

growth and information accumulation make locating legal and valid information 

more difficult (Jadad and Gagliari, 1998). Further, the information on the Internet 

is not permanent. Inconsistent updating means that information may be out of  date 

(Gallagher, 1999). Websites that once provided the information may be expired or 

moved. Often, the information is not maintained properly that the information may 

not be consistent with the most recent practices in medicine.  

 

Yet the quality issue of  online health information that is often too vague to an 

untrained eye. Many professionals as well as ordinary Internet users have long 

voiced concerns about such (e.g. Maugans et al., 1998; McLeod, 1998; Boyer et al., 

1999). Taking consumer satisfaction with the online information aside, it is gravely 

warned that incorrect information on the Internet can impact one’s decision-

making and therefore lead to life-threatening choices (Lunik, 1998). In fact, the 

absence of  proper public education about health information on the Internet should 

accompany the free and convenient access to such information that requires 

professional knowledge. 

 

A variety of  types of  unreviewed sources are available to consumers on the 

Internet (Gregory-Head, 1999). Even though well-intentioned individuals may 

provide correct information based on professional knowledge and experience, 

oftentimes quacks and cranks can give false hope and inaccurate information about 

health outcomes, and superstitious remedies that do not accord with science. Unless 

a system regulates or certifies qualified individuals publishing or posting such 

information, it would be extremely difficult to discern such. Moreover, because the 
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Internet is unregulated, accuracy, currency and bias vary (McGrath, 1997; Lamp 

and Howard, 1999) and inaccurate information is disseminated widely (Richards et 

al., 1998). Thus health information on the Internet is needed to be standardized in 

its deliverance to online audience with proper guidelines and criteria, and be 

updated regularly by a supervising entity. If  not, it will continue to be criticized to 

be dangerous, inaccurate, erroneous and misleading.  

5.3.3. New Discoveries in Tweeting Health Information 

 

Health information on the Internet is increasingly getting spread wider at a 

faster rate thanks to social networking services like Twitter. Twitter provides a 

platform for people to discuss almost anything, and health information is not an 

exception. Findings of  this study have shown that there are a large number of  

users participating in colorectal cancer discussion on Twitter, and they mostly talk 

about information about the disease, often taken from traditional media.  

 

Tweeting health information gives both promises and risks. A piece of  well-

structured health information in a tweet can effectively educate a patient that may 

not have had the knowledge in medicine. As long as an Internet access is available, 

it has the potential to increase health information access and therefore raise public 

awareness by closing the gap between doctors and patients. Moreover, tweets can 

facilitate interpersonal interaction and social support. This is particularly 

important, for often users in need of  such information are most likely patients, 

caregivers, or families of  a patient. According to Piotrow et al. (1997), a health 

behavior change typically results more from interpersonal interactions than mass 

communication. Twitter can thus help promote positive health behavior change.  
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Nonetheless, Twitter is not intentioned, designed or built for broadcasting 

health information. Hence it has not been agreed among medical professionals 

whether Twitter is an effective medium for delivering health information, and 

previously mentioned research show both support and caution. So far, Twitter does 

not offer means for stopping the dissemination of  false or misleading information. 

Also, it cannot keep users, lacking professional medical training, from disseminating 

false and fraudulent information. Even without deceitful intentions, health advice 

based on personal experience may serve as information for those in need, affecting 

their decision-making. To this, this study presents a potential remedy that users of  

authority and expertise, i.e. medical institutions and organizations, are more likely 

to distribute information about a disease. Notarizing medical professional users, like 

Twitter’s official user accounts for public figures and celebrities, may help audience 

discern spammers.  

 

It is also not certain that the users will interpret health information in a tweet 

in the most accurate way. Even savvy users can have trouble distinguishing the 

good from the bad (Rudin and Littleton, 1997). According to Sonnenberg (1997), 

most people would be unable to determine the qualifications of  Web authors and 

separate truth from the opinionated; and even well-educated users are unlikely to 

have background required to critically evaluate medical information. However, that 

more retweeted tweets had more medically correct information than just random 

ones, as stated in the above, leads to a new direction to investigate the collective 

intelligence of  Twitter users in distinguishing correct and incorrect information. 

This will extend the existing “retweeting” research in publish health, and that 

ordinary Twitter users may not be so ignorant or irresponsible at a collective level 

can potentially augment the trustworthiness of  information delivered via Twitter.   
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6. Conclusion 
 

 

6.1. Summary  
 

In this tech-savvy era, people consult their well-being to Dr. Google and 

hashtags (#). They can almost self-diagnose themselves using a search engine, and 

micro-posts on Twitter can predict influenza outbreaks. If  any misinformation is 

found in this vein, its impact can be fatal. This necessitates an in-depth analysis of  

consumer health information online, with a particular focus on its quality.  

 

This study analyzes the source and truthfulness of  user-generated content of  

health information on Twitter, one of  the most popular social networking services 

since its inception in 2006. Particularly, it explores “who says what” on Twitter 

about colorectal cancer, the third leading cause of  cancer deaths worldwide. Using 

Twitter’s Public Streaming API, all tweets containing colorectal cancer-related 

keywords were collected from August 1st, 2014 to October 31st, 2014. The tweets 

were classified by their content and user, and the quality of  informative content 

was assessed. Notable findings of  this study include: 1) the tweets included 

approximately twice more informative content (65.20%) than communicative 

content; 2) a significant number of  tweets (90.62%) were written by individual 

users; yet 3) organizations tweeted information more than individuals, with a 

statistically significant difference; 4) most tweets (73.40%) included URLs to 

external websites such as news articles and medical information resources; and 

finally 5) sampled informative tweets were mostly medically correct information 

(84.52%), reviewed by board-certified physicians.  
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This study makes the following contributions. First, it has quantitatively 

analyzed the content and source of  health information delivered on Twitter, with a 

focus on assessing its quality. Second, it has shown that Twitter can potentially aid 

social health information seeking, narrowing the gap between doctors and patients. 

Yet third, one needs much caution subscribing to health information online, as its 

quality is hard to assess without a trained eye. Lastly, this study has confirmed the 

need for future system features to be equipped with possibly automatic sanity check 

on the quality of  any health information.  

 

In sum, this study concludes that using Twitter for seeking and sharing health 

information is both an opportunity and a risk. While a well-structured piece of  

health information in tweets may foster better informed public, it is often vague 

whether tweets, limited to 140 characters, are telling accurate, up-to-date health 

information. Future research opportunities are bountiful, such as fraud detection in 

health information and automatic information source identifier.  

 

 

6.2. Limitations and Future Work  
 

This study is not without limitations that need to be addressed for future 

research. First, social networking services such as Twitter can have selection bias, 

even though a large-scale data analytics is possible (Janssens, 2012). Users of  

Twitter and other social networking services should have an Internet access, and 

the membership is most prevalent among younger generations than older ones (Fox, 

2011). Hence the tweet discussions of  colorectal cancer cannot be said to represent 

the level of  the disease awareness worldwide. Nonetheless, Twitter is one of  the 

top ten most visited websites on the Internet and has more than 500 million active 
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users around the world (Alexa, 2015). It has also been acknowledged as an 

important platform for the dissemination of  information about health (Robillard et 

al., 2013). The analysis of  Twitter use for health purposes therefore can be both 

useful and meaningful contribution in the betterment of  public health. 

 

Also, full transparency of  user demographics is impossible with the inherent 

anonymity of  the Internet, and Twitter user profile descriptions are subject to 

change at any time at their will. Twitter does not regulate its users to enter accurate 

information, and there are not specific fields of  information for users to enter their 

personal information. Only celebrities and public figures can have verified Twitter 

“official” accounts at this point. Unstructured user profile texts could have 

contributed to difficulties and errors in automatically detecting the user’s identity 

in the research process. Moreover, due to this problem, identifying colorectal cancer 

patients and caregivers was beyond scope, as text in the user profile descriptions 

may or may not specify such information. Still, user information collected at a larger 

scale may help enhance automatically classifying users by different characteristics, 

just as attempted in previous research (e.g. Rao et al., 2010; Pennacchiotti and 

Popescu, 2011a; 2011b; De Choudhury et al., 2012; De Silva and Riloff, 2014). 

 

In addition, an automatic classification of  medically correct information was 

not performed in this study. Only the informative content of  the top 1,000 most 

frequently shared tweets and the randomized 3% of  tweets in the sampled data was 

evaluated for quality, which is relatively a small portion of  data compared to the 

whole. However, the sampling strategies considered both popularity and 

randomness of  the collected tweets, and the most popular 1,000 tweets represent 

the top 30% of  the most retweeted content. This will help preparing trained data 
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sets for the future classifier to perform the task at scale. 

  

As indicated, future work should address identifying Twitter users at a more 

accurate level and with additional data such as their tweets, retweets, and other 

demographic information provided by Twitter APIs. Tweeting activities across 

different groups can be cross-compared and analyzed. Moreover, tweets during the 

colorectal cancer awareness month (i.e. March) can be collected to compare 

tweeting activities during the month and those in the rest of  the year. Analyzing 

tweets by user characteristics and by temporal events will contribute to a more 

comprehensive understanding of  public awareness of  colorectal cancer.  

 

Furthermore, an important research opportunity lies in the quality of  health 

information on the Internet. As for tweets, a machine intelligence can be trained 

across a large amount of  tweet data to automatically detect and classify medically 

correct information from incorrect or false ones. Some design guidelines for 

developing interface features to signal users for mis- or mal-information can be 

suggested in close consultations with health professionals, clinics and research 

institutions. Yet amongst all, an appropriate and systemic patient education should 

be provided in order to prevent any pitfalls by medical misinformation online.  

 

Across health and illness, social networking services such as Twitter are 

reshaping healthcare, acting as a powerful new way for stakeholders to interact and 

share information (Hawn, 2009). The present study confirms the engagement in 

colorectal cancer discussion from many interested users. Also, tweets are used to 

promote awareness of  a relatively serious and deadly disease. Our results have 

shown that as a whole, Twitter seems to hold a potential to enhance public health, 
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as most related tweets were informative and evaluated to be medically correct. 

However, one must be cautioned in utilizing such information, for an untrained eye 

cannot easily detect misinformation from the correct one, and Twitter includes 

repercussions of  the information out in the Web as in URLs.  

 

Finally, this study calls for a more direct effort to promote medically correct 

information via Twitter. An active participation of  health professionals and medical 

institutions would make a significant contribution in overcoming the shortcomings 

of  information shared on Twitter. The efforts of  the scholarly community to pay 

more attention to health information exchanged on Twitter and mitigate and 

address potentially negative impact of  misinformation are strongly demanded. This 

work shows Twitter’s potential as a spontaneous, real-time social networking 

platform for public engagement in health, and reports on the sources and quality 

of  information on colorectal cancer discussed on it. It also informs both research 

and health professionals about the current status-quo of  information sharing 

behaviors on colorectal cancer on Twitter, and generates opportunities for future 

work to engage social networking services like Twitter to promote awareness and 

provide better patient education.  
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소셜 미디어에서 사용자에 의해 생산되는 의료 정보  

콘텐츠의 정보원과 진실성에 대한 연구 

- 트위터에서의 대장암 관련 정보를 중심으로 - 

 

 

박 소 현 

서울대학교 융합과학기술대학원 

융합과학부 디지털정보융합전공 
 

 

 최근 웰빙(well-being)에 대한 대중의 관심이 급증하면서 인터넷을 

사용하여 의료 정보를 검색하거나 스스로 병을 진단하는 일이 일상화되고 

있다. 이와 같은 온라인상의 의료 정보 탐색 행태는 페이스북(Facebook) 및 

트위터(Twitter)와 같은 소셜 네트워킹 서비스(social networking services)의 

등장과 더불어 더욱 가속화되고 있으며, 특히 트위터의 경우 CNN을 앞지르

는 빠른 속보를 강점으로 이러한 정보의 유통을 더욱 신속하고 폭넓게 하고 

있다. 그러나, 온라인상의 의료 정보는 사용자의 의도치 않은 의미 부여, 주

관적인 의견 첨가, 수치상의 오류 등 정보의 질(quality)에 대한 비판에서 자

유로울 수 없다. 또한 의학계에서는 온라인상의 의료 정보에 대한 꾸준한 아

카이빙(archiving) 및 관리가 이루어지지 않아 그 정보가 무효화된 경우도 있

으며, 그 출처와 책임을 명확히 밝히지 않아 온전히 신뢰할 수 없는 정보도 

많다고 보고하고 있다. 이에 불구하고, 온라인상의 의료 정보는 아직 적절한 

여과 혹은 규제 없이 계속하여 유통되고 있는 실정이다. 
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 이에 본 연구에서는 대중적인 소셜 미디어 플랫폼(social media 

platform)인 트위터에서 사용자들이 생산하는 콘텐츠, 즉 트윗(tweet)에 포함

되어 있는 대장암 관련 정보의 정보원과 그 진실성을 분석하였다. 대장암은 

전 세계에서 세 번째로 발병률이 높은 심각한 암종일 뿐 아니라, 2012년 세

계보건기구(World Health Organization; WHO)의 보고서에 따르면, 대한민국은 

대장암 발생률 및 사망률이 제일 높은 그룹에 속하는 국가이다. 따라서 대장

암은 그 심각성이 위중함에도 불구하고 해당 질병이 관계된 인체기관에 대

한 여러 속설 등으로 공개적으로 회자되지 못하는 암종이기에, 이를 온라인

상의 소통 매체인 트위터를 통해 살펴봄이 적합하다고 할 수 있다.   

 

 이에 대장암 관련 트윗 내 정보원과 그 정보의 질을 평가하기 위해, 

트위터의 공개된 스트리밍 API(Public Streaming API)를 사용하여 2014년 8

월 1일부터 10월 31일까지 3개월 동안 대장암과 관련된 키워드를 포함한 트

윗을 전수 수집하고, 내용과 작성한 사용자를 분류한 후, 정보의 출처와 그 

정확성을 평가하였다. 수집된 트윗은 정제 후 총 76,119건이었으며, 이를 기

계적으로 분류하기 위해 가장 많이 리트윗(retweet)된 상위 1,000건의 트윗과 

무작위로 표집된 3%의 트윗을 샘플링하여 분류 기준 체계를 수립하였다. 기

계학습을 통해 전수의 트윗을 분류하고, URL의 출처를 판별한 후, 정보적 

트윗의 정확성을 평가한 결과를 요약하면 다음과 같다.  

 

1) 트윗을 정보적인(informative) 트윗과 사담적인(communicative) 

트윗으로 분류하였을 때, 정보적인 트윗이 약 65.24%로 사담적

인 트윗의 약 두 배 가량 많았다.   

2) 대장암 관련 트윗을 작성한 사용자를 개인(individual)과 기관

(organization)으로 분류하였을 때, 개인에 의해 작성된 트윗이 

전체의 90.62%로, 기관에 의한 것보다 압도적으로 많았다. 
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3) 그러나 개인과 기관의 대장암 관련 정보 트윗 활동량을 비교

하였을 때, 절대적인 작성 트윗 수는 적으나 기관의 정보적 트

윗 활동이 개인보다 우세하였으며, 이 차이가 통계적으로 유의

함을 검증할 수 있었다. 

4) 한편 사용자들은 140자 가량의 짧은 트윗 텍스트를 보충하기 

위해 짧게 줄여진(shortened) URL을 상당 포함하였는데, 이 수

는 전체 트윗의 약 73.4%에 달했다. 이러한 트윗의 절반 가량

을 차지하는 URL의 웹사이트 도메인을 추출하였을 때, 약 30% 

이상이 뉴스 웹사이트 및 의료 정보 데이터베이스임을 확인한 

바, 사용자가 외부 매체의 대장암 관련 정보를 적극 활용하고 

있음을 살펴볼 수 있었다. 

5) 마지막으로, 샘플링한 3,290건의 트윗 중 정보적인 트윗에 대

하여 분당서울대학교병원의 의료진에 의뢰, 학술적인 검증을 

거친 결과, 약 73.92%의 정보적인 트윗이 의학적 근거를 동반

한 것임을 분석하였다. 또한 자주 리트윗되는 1,000건과 무작

위로 추출한 2,290건 내의 정확한 정보적 트윗의 비율을 비교

했을 때, 상호간에 통계적으로 유의한 차이를 보여, 사용자들

에 의해 자주 공유되는 정보일수록 의학적 근거를 동반한 정

보가 더 많을 수 있는 가능성을 시사하였다.  

  

 본 연구의 결과는 트위터에서 이루어지는 상당의 대장암 관련 담론 

(discourse)을 발굴함으로써 인터넷과 소셜 네트워킹 서비스로 인하여 전문적

인 지식 수준을 요하는 정보 탐색의 진입장벽이 매우 낮아졌음을 보여줌과 

동시에, 온라인상에서 유통되고 있는 의료정보에 대한 검증의 어려움과 사용

자에 의한 오판/오독의 가능성을 시사하였다. 따라서, 본 연구는 트위터를 
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이용한 의료 정보 공유 행태는 의료진과 환자 사이의 소통을 더욱 직접적이

고 활발하게끔 도와줄 수 있으나, 트위터에서 얻어지는 정보는 종종 그 출처

가 불분명할 수 있으며, 전문적 지식 없이는 평가가 매우 어려운 의료 정보

의 특성상 일반인이 트위터에서 발견한 정보를 무조건적으로 수용하는 것은 

권장되기 어렵다는 결론을 내놓는다. 하지만 트위터가 본래 의료정보 검색 

혹은 공유를 위한 목적으로 디자인된 플랫폼이 아님에도 불구하고, 트위터를 

사용한 기관의 정보 유통이 개인의 그것보다 더 많았다는 점, 그리고 더 많

은 사용자에 의해 리트윗된 정보 표본에서 무작위로 추출한 정보 표본보다 

의학적 근거를 동반한 정보의 양이 더 많았다는 점은 트윗에 담긴 정보의 

신뢰 가능성에 대한 중요한 발견이다. 이에 앞으로 정보가 리트윗되는 과정

에서 발생할 수 있는 정보의 자정 작용에 대해 지속적인 관심을 갖고 계속

적으로 의료 정보 트윗 행태에 대해 연구를 계속하여야 할 것으로 보인다.  

  

 본 연구는 또한 많은 한계점을 가진다. 먼저, 트위터의 사용자는 주 

연령층이 젊은이에 집중되어 있는 경향을 보여, 대장암에 대한 트윗 행태가 

전 세대와 인구를 고루 아우른다고 보기 힘들다. 그러나 트위터는 2015년 

전세계의 사용자가 가장 많이 방문하는 웹사이트 10위 안에 들고 있어, 전

세계적으로 많은 사용자를 확보한 대중적인 소셜 미디어 플랫폼이라고 할 

수 있다. 또한, 본 연구는 사용자의 트위터 프로필 내 소개 문구를 바탕으로 

사용자를 기계적으로 분류하였는데, 프로필 내 문구는 정형화되어 있지 않은 

자유 텍스트라는 점에서 분류결과의 한계를 노출한다. 향후 연구에서는 사용

자의 트윗 활동량, 즉 작성 빈도, 리트윗 활동 등을 포함하여 더욱 포괄적이

고 의미있는 분류를 시도해 볼 수 있을 것이다. 마지막으로, 정보적인 트윗

의 검증은 전문 의료진의 샘플 트윗 분석에 그쳤음에 따라, 추후 기계적으로 

전수를 분류하고 잘못된 정보를 판단할 수 있는 테크닉을 시도할 수 있겠다. 
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 마지막으로, 본 연구는 매우 대중적인 소셜 미디어 플랫폼에서 얻어

진 텍스트 데이터를 마이닝(mining)하여 기계적으로 분류를 시도하였으며, 

또한 이전까지 제한적으로 이루어져 왔던 소셜 미디어에서 유통되는 의료 

정보의 내용과 그 정확성을 분석한 연구라는 점에서 융합적 학문의 가치를 

지닌다. 도래한 정보기술(IT) 시대에 대중의 일상 생활에서 사용되는 소셜 

미디어를 통하여 질병에 대한 인식 수준을 판단하고 잘못된 정보에 노출될 

가능성을 가늠하는 것은 보건 의료 측면에서 더 나은 의료 서비스를 제공하

기 위한 초석으로 쓰일 수 있을 것이다. 그리고 의료진과 환자 모두가 참여

할 수 있는 소셜 미디어인 트위터를 통하여, 그동안 존재했던 상호간 의사소

통의 장벽을 낮추고, 환자와 그 가족에게 정서적 도움 및 위로가 될 뿐만 아

니라, 나아가 건강과 안녕을 도모하는 데 실질적이고 유용한 정보를 공유할 

수 있도록 향후 관련 기관과 학계 모두가 온라인상의 의료 정보 관리와 검

증에 도움이 될 수 있는 시스템적 발판 마련을 위해 힘쓸 것을 제언한다.  
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