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ABSTRACT 

Health information technology (health IT) is an emerging interdisciplinary research 

field that brings innovative and unique opportunities as well as challenges for information 

systems (IS) researchers. Public Health Informatics (PHI) is an important subdomain of 

health IT but yet extensively studied by IS researchers. The limited IS literature on PHI 

surveillance, especially on regulatory science opens new gates for IS researchers to test 

existing and develop new theories, to design and configure innovative methods and models, 

and to provide practical health managerial insights. The emerging information technology 

innovations provide novel insights and opportunities to improve public health surveillance. 

Specifically, social media analytics and intelligence, broadly accepted and applied in the 

current IS domains, has motivated a new branch of research in regulatory science that may 

bear prolific fruits both in theoretical and pragmatic perspectives.  

This dissertation seeks to address the problem and fills the research gaps by 

proposing a systematic research framework for regulatory science surveillance using social 

media-driven approaches. Five essays in the design science paradigm are developed. Essay 

I aims to provide a basic understanding of social media user-generated content on regulated 

products by text mining and social network analysis techniques. User-generated content 

can further motivate research on the user level. Essay II takes this perspective and models 

user features based on text. Essay III focuses on another important feature of social media 

– network structures, and develops a computational algorithm for large-scale social 

network analysis on modeling social influence. After proposing innovative IS solutions to 

real regulatory public health problems, essay IV endeavors to validate the use of social 

media datasets by combining survey and social media data for data triangulation. Finally, 
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essay V, motivated by the keyword-based social media data collection processes, strives to 

automatically and accurately detect sensitive regulated product street names, utilizing rich 

text information in the ever-changing linguistic environment on social media. Beyond the 

practical insights of health decision support and solutions provided in each essay, this 

dissertation offers a systematic social media-driven regulatory science informatics research 

paradigm to guide future PHI and other analytical IS research. 
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1. INTRODUCTION 

1.1 Background 

Health information technology (health IT), defined as “a broad concept that 

encompasses an array of technologies to store, share, and analyze health information (Baird 

et al. 2018),” is an emerging interdisciplinary research field that brings innovative and 

unique opportunities as well as challenges for information systems (IS) researchers to test 

existing theories (Paul and McDaniel Jr 2004) and create new ones (Gao et al. 2015). 

Health IT is a board area that is composed of multiple subdomains with different research 

scope. The study entities vary from micro objectives such as molecules, DNAs, to 

intermedia objectives, such as EHRs, and to macro objectives, including communities and 

societies. Public Health Informatics (PHI) is a subdomain of health IT in macro level that 

focuses on the application of informatics in areas of public health, including surveillance, 

prevention, preparedness, and health promotion, from the perspective of groups of 

individuals (AMIA 2019). 

Control of infectious diseases is the core of public health (Lombardo and 

Buckeridge 2012). However, public health decisions should be made with scientific 

evidence (Brownson et al. 2009). Surveillance, defined as the ongoing systematic 

collection, analysis, and interpretation of outcome-specific data for use in planning, 

implementation, and evaluation of public health practice (Thacker and Berkelman 1988), 

plays an important role to inform the presence and spread of disease, which is essential to 

informed decision making and appropriate public health actions (Nsubuga et al. 2006). An 

active surveillance system employs staff members to regularly contact health care 

providers or the population to seek information, while a passive surveillance system is built 
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on reports submitted from hospitals, clinics, and other public health units (Nsubuga et al. 

2006). Traditional active surveillance can provide most accurate and timely information, 

but it is very expensive. In contrast, passive surveillance is relatively inexpensive, but the 

data quality and timeliness are difficult to control (Nsubuga et al. 2006). 

The emerging information technology innovations provide novel insights and 

opportunities to improve the public health surveillance systems in a multifaceted 

perspective, including system design and planning, data collection, management, analysis, 

interpretation, and dissemination (Savel et al. 2012). Specifically, the use of social media 

opens the door to both timely and inexpensive surveillance systems. The current academic 

community has recognized the great potential of the use of social media in public health 

surveillance. Numerous studies have been published in this realm. The topics include 

adverse drug reaction extraction (Leaman et al. 2010), smoking cessation intervention 

(Struik and Baskerville 2014), prescription drug abuse (Hanson et al. 2013), and disease 

epidemics monitor (Aramaki et al. 2011). However, researchers hold mixed opinions on 

the value and the effectiveness of the new approach. On the one hand, the use of social 

media data can expand the frontiers of public health research by providing vast amount of 

real-time data generated by real people; on the other hand, the unstructured data collected 

from social media might introduce new biases and confound the validity of the studies (Eke 

2011; Paul et al. 2016; Sarker et al. 2015; Velasco et al. 2014). Thus, to design reliable and 

effective social media surveillance systems remains a significant research gap and is 

considered as one of the major future research directions of PHI. 

Regulatory Science is the science of developing new tools, standards, and 

approaches to assess the safety, efficacy, quality, and performance of all products regulated 
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by the Food and Drug Administration (FDA) (FDA 2019a). These regulated products 

include human foods, human drugs, blood and biologic vaccines, medical devices, 

radiation-emitting electronic products, cosmetics, animal food and drugs, and tobacco 

products (FDA 2019b). These products are highly relevant to public health and thus closely 

monitored and regulated by the FDA. In order to make decisions based on the best available 

scientific data and methods and to foster and advance innovations in the regulated products, 

FDA developed a strategic plan for regulatory science in 2012 which emphasized eight 

priority areas, two of which were highly related to the use of new information technology 

in the domain of public health informatics: Section 5. Harness Diverse Data through 

Information Sciences to Improve Health Outcomes and Section 8. Strengthen Social and 

Behavioral Science to Help Consumers and Professionals Make Informed Decisions about 

Regulated Products (FDA 2011). 

The surveillance in regulatory science has its unique features. First, these regulated 

products are highly impactful to public health. Thus, it needs real-time surveillance and 

fast feedback collection for policy adjustment. Second, some of the survey data are difficult 

to obtain due to the sensitive background of the products. For example, information about 

illicit drug use or drug use in grey areas can hardly be collected using traditional survey 

methods. Furthermore, stigmatization is another reason as a barrier to block 

communications between the health officials and the actual regulated product users (Powell 

et al. 2015; Smith et al. 2016). The survey results thus might be biased due to the selection 

of participants. Third, due to the complicated decision-making processes, it is better to 

obtain evidence from multiple sources with different angles. However, multi-source data 

collection and fusion are other challenges to be dealt with. 
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In addition to the benefit of timeliness and fewer expenses in the use of general 

public health surveillance systems, social media provide further benefits to the surveillance 

in regulatory science. First, information extracted from social media is user-generated 

content, which is free from the observer effect, or the Hawthorne effect (McCarney et al. 

2007), that will be presented in the survey or experiment. Though data from social media 

is highly unstructured, using proper data cleansing techniques can greatly improve data 

usability and interpretability. Second, people post multimedia data on social media, 

including text, images, videos, hashtags, and hyperlinks. The richness of multimedia data 

can bring unique opportunities to describe regulated product users more accurately. For 

example, a posted heroin picture can greatly increase the posterior probability of the person 

being a heroin drug user. Third, social media is a community. The relationship between 

users is another important research domain to be explored in regulatory science. For 

example, the examination of peer influence, the detection of opinion leaders, and the 

identification of information diffusion can be conducted with social network data. In 

summary, social media is widely used in public health informatics nowadays. Due to the 

unique requirements of regulatory science, social media grows to be an increasingly 

important and precious data source for public health and information systems experts to 

explore in the near future. 

The above-mentioned notable research gaps in the current PHI and IS literature, 

especially in regulatory science surveillance, limits the potential of new methods and 

applications development and thus necessitates a systematic review and a comprehensive 

study to deepen the understanding of this field. Motivated by the gaps, this dissertation 

aims to propose a systematic research framework for regulatory science surveillance using 
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social media-driven approaches. IS research is built on the engagement with its core subject 

matter, the information technology (IT) artifact (Orlikowski and Iacono 2001), and its 

managerial, methodological, and technical capabilities, its usage, its impact, and its 

managerial, methodological, and operational practices (Benbasat and Zmud 2003). This 

dissertation falls into the design science paradigm and endeavors to design innovative IS 

solutions, as IT artifacts, with both algorithms and actual implementations, to meet the 

increasingly demanding public health surveillance requirements in regulatory science. 

Moreover, this dissertation aims to contribute to the IS literature with a research framework 

for IS scholars to conduct research in the field of public health surveillance with a problem-

solving focus. I will first conduct a literature review of the current social media-driven 

regulatory studies and summarize them systematically in three areas which are 

differentiated by their research focuses on social media users, structures or contents. Then 

I will present innovative IS methods to study regulatory science in different areas with one 

essay, respectively. Finally, I will summarize each area of research and propose potential 

future research directions. 

1.2 Research Areas in Health IT, Public Health Informatics, Social Media Driven 

Regulatory Science Studies 

A recent MIS Quarterly (MISQ) research curation on health IT summarized the 

temporal progression of health IT research on MISQ during three consecutive periods: 1) 

before 2007, 2) 2007 to 2012, and 3) 2013 to now (Baird et al. 2018). As shown in Figure 

1.1, the health IT domain in IS has been studied for more than 15 years and experienced 

fast growth during the past five years. Early IS health IT works focused on the 

implementation of information technology (IT) in health communities and organizations 
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such as hospitals and medical centers. IS theories and the corresponding behavioral 

research paradigm such as the technology acceptance model (TAM) was extensively used. 

During the second phase, IS researchers paid great attention to the implantation and 

evaluation of patients’ electronic health records (EHRs), with more individual level studies 

being conducted. From 2013 till now, it is observed a boost of health IT research with 

various research paradigms, behavioral, economic, as well as design science, and the use 

of multiple sources of data not only from surveys, experiments, EHRs, but also from social 

media (Kallinikos and Tempini 2014) and insurance claims data (Menon 2015). 

 

Figure 1.1. Health IT research phases in IS (Baird et al. 2018) 

Table 1.1 summarizes selected literature of health IT research published in MISQ 

and Information Systems Research (ISR) with their phases and research targets. Given the 

broad and diversified nature of health IT data and IS research methodologies, the potential 

of health IT in IS research still needs further explorations and evaluations. 
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Table 1.1. Summary of selected health IT research in IS (partially adapted from Baird et al. 2018) 

# Citation Title Phase Target Paradigm 

1 Dennis and Garfield 

(2003) 

The Adoption and Use of GSS in 

Project Teams: Toward More 

Participative Processes and Outcomes 

Health IT as new context Community Behavioral 

2 Kohli and Kettinger 

(2004) 

Informating the Clan: Controlling 

Physicians' Costs and Outcomes 

Health IT as new context Community Behavioral 

3 Ray et al. (2005) Information Technology and the 

Performance of the Customer Service 

Process: A Resource-Based Analysis 

Health IT as new context Organization Behavioral 

4 Angst and Agarwal 

(2009) 

Adoption of Electronic Health Records 

in the Presence of Privacy Concerns: 

The Elaboration Likelihood Model and 

Individual Persuasion 

Health IT evaluation Individual Behavioral 

5 Angst and Agarwal 

(2009) 

The Digitization of Healthcare: 

Boundary Risks, Emotion, and 

Consumer Willingness to Disclose 

Personal Health Information 

Health IT evaluation Individual Behavioral 

6 Aron et al. (2011) The Impact of Automation of Systems 

on Medical Errors: Evidence from Field 

Research 

Health IT evaluation Organization Behavioral 

7 Kumar and Telang 

(2012) 

Does the Web Reduce Customer Service 

Cost? Empirical Evidence from a Call 

Center 

Diversified health IT 

research 

Individual Economic 
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8 Bardhan et al. (2014) Predictive Analytics for Readmission of 

Patients with Congestive Heart Failure 

Diversified health IT 

research 

Individual Economic 

9 Lin et al. (2017) Healthcare Predictive Analytics for Risk 

Profiling in Chronic Care: A Bayesian 

Multitask Learning Approach 

Diversified health IT 

research 

Individual Design 

Science 

10 Avgar et al. (2018) Built to Learn: How Work Practices 

Affect Employee Learning During 

Healthcare Information Technology 

Implementation 

Diversified health IT 

research 

Individual Behavioral 
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Although the current IS community does not conduct extensive studies in PHI, the 

significance of this field has long been recognized and appreciated since the 1990s. The 

book The Future of Public Health published in 1988 pointed out the importance of 

information and took the development of more effective data collection and data analytics 

as one of their key recommendations (Institute of Medicine 1988). This forecast has been 

fulfilled and could be completely observed by the recent advances in PHI applications and 

publications (Magnuson and O’Carroll 2014). As public health has always been an 

information-intensive field that requires timely, accurate, and authoritative information 

(O’Carroll et al. 2003), it is vital and promising to apply innovative information 

technologies on PHI applications to facilitate information-driven and evidence-based 

decision support. 

Public health researchers have explored possibilities to incorporate concepts and 

methods in the IS field to study PHI. Nonetheless, the transformation of public health by 

informatics is still in the nascent stage and has yet fully realized its potential. It has been 

clearly perceived by public health researchers that advances in information technology, 

such as the widely used Internet, big data, and other new disruptive technology are 

powerful drivers to the next round of reform of public health (Magnuson and O’Carroll 

2014).  

The current social media-driven regulatory studies could be summarized into three 

different but closely-connected areas, user, structure, and content, based on the entities to 

be studied, which is shown in Figure 1.2. Previous IS literature proposed a framework to 

understand social network research from two axes, explanatory mechanisms (network 
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content or structure), and explanatory goals (social homogeneity or performance variation) 

(Borgatti and Foster 2003; Kane et al. 2012). The fast adoption of social media introduces 

new types of social networks, but the explanatory mechanisms remain the same compared 

to traditional social networks. User-generated content and user relationship are the most 

important features in social networks (Otte and Rousseau 2002; Luca 2015). Since the user 

is the origin of user-generated contents and user relationships, the user entity itself is also 

included as a specific area in the following review of social media-driven regulatory studies. 

 

Figure 1.2. Social Media Driven Regulatory Science Study Paradigms 

Given the fast development of new social media applications, new explanatory 

goals have emerged during the past years. For example, Abbasi et al. pointed out that other 

than use case analysis of social media content in identifying issues, ideas, opportunities, or 

important participants in social media, language sense-making should be a new direction 

of social media text analytics (Abbasi et al. 2018). As Zeng et al. defined, “social media 
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analytics is concerned with developing and evaluating informatics tools and frameworks 

to collect, monitor, analyze, summarize, and visualize social media data, usually driven by 

specific requirements from a target application,” extracting useful patterns and facilitating 

conversations are two major goals of social media analytics (Zeng et al. 2010). This 

dissertation also falls into the category of social media analytics and proposes that 

regulatory science surveillance is a new application field for social media analytics. 

Studies focused on social media users aim to explore and describe user. The 

ultimate goal of this stream of research is to recognize user characteristics so as to deepen 

the understanding of the social media population for achieving better external and internal 

validity. For example, Dunn et al. investigated the relationship between exposure to and 

expression of negative opinions about Human Papillomavirus Vaccines (HPV) on Twitter. 

They found that Twitter users who were more often exposed to negative opinions were 

more likely to subsequently post negative opinions (Dunn et al. 2015). Morgan-Lopez used 

Twitter to predict electronic cigarette (e-cigarette) user age groups based on manually 

crafted language and metadata features (Morgan-Lopez et al. 2017). Another research on 

e-cigarette used the same feature set to classify users into different groups: individual, 

vaper enthusiast, informed agency, marketer, and spammer (Kim et al. 2017). 

Although these studies provide possible solutions to describe social media user 

features, there exist significant gaps to be filled. First, most of these studies used manually 

crafted features that require a vast amount of effort in data preparation. For example, 

Morgan-Lopez et al. used 38,152 language features and 48 metadata features to classify 

users. With the innovation of new technologies in the IS domain, especially the 
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increasingly used deep learning techniques, machine-extracted features can capture deep 

semantic meanings and thus be easily extracted and used in the classifiers to obtain accurate 

results. In essay II, I use recurrent neural network deep learning approaches to identify e-

cigarette use status. The proposed model outperforms all benchmarks and shows the great 

potential of new IS techniques on regulatory science applications. Second, the existing 

studies do not fully utilize the rich information of social media, especially the combination 

of text feature, metadata, and social network structures, which has been shown to be 

promising in social media demographic prediction (Cesare et al. 2017). Third, the recently 

emerged multi-task learning in deep neural networks opens the gate of learning multiple 

demographic features with fast speed and high accuracy, behind which lies the philosophy 

that the representation sharing across related-tasks can improve the classification 

performance. 

In comparison, there exist plenty of studies aimed at contents but not a specific user. 

This stream of research focuses on regulatory product use patterns at the aggregation level. 

The identified patterns could be used as evidence for decision support and policymaking. 

For example, adverse drug reaction is a broadly studied topic in the past few years, with 

different sources of data and methodologies used (Lardon et al. 2015). Another large group 

of studies focuses on sentiment analysis, for example, on vaccines (Larson et al. 2013), on 

tobacco products (Myslín et al. 2013), and on drug safety (Sharif et al. 2014). There also 

exist a vast amount of studies analyzing user-generated text for content analysis, such as 

policy support (Majmundar et al. 2018), drug marketing and promotion (Tyrawski and 

DeAndrea 2015), drug safety evaluation (Yang et al. 2014), and alcohol use (Hendriks et 

al. 2018). A research gap identified from the literature mentioned above is that most studies 
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focused on one or two specific use patterns. In addition, many of them used handcrafted 

labels and features to identify content of interests, which cannot be scaled to a large amount 

of social media data. In essay I, I use multiple methods, including content analysis, topic 

modeling, and social network analysis, to automatically extract e-cigarette use patterns 

from social media. 

The third area of research concerns network structures. The relationship is the most 

important feature of social networks and serves as the key factor that distinguishes the 

social network analysis with other types of social science methods (Otte and Rousseau 

2002). Social media platforms quantify and formalize relationships of social actors, which 

facilitate capabilities in studying the interdependence among these individuals. Examples 

of this paradigm include shared behavior among social circle (Hanson et al. 2013), and 

information dissemination and promotion (Duke et al. 2014; Liang et al. 2015). In essay 

III, I propose an innovative method to conduct network autocorrelation analysis on large-

scale social networks and test the model on simulated and real datasets. 

To go a step further, social media intelligence “aims to derive actionable 

information from social media in context-rich application settings, develop corresponding 

decision-making or decision-aiding frameworks, and provide architectural designs and 

solution frameworks for existing and new applications (Zeng et al. 2010).” Models, 

algorithms, and extracted patterns are not the ultimate goal of PHI. Instead, making use of 

the technology and provide decision support and health solutions should always be kept in 

mind for PHI researchers. Guided by this belief, essay I, II, and III apply the learned 

knowledge on real public health problems and provide pragmatic public health managerial 
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insights. Essay IV, on the other hand, fits with this scope by providing data triangulation 

methods to validate the use of social media data by comparing patterns extracted from 

social media and from surveys. The consistent patterns confirm the value of social media 

datasets and the proposed method that combines features from both of the social media and 

survey datasets offers a possible direction for social media intelligence in PHI. 

Finally, I revisit the general process of conducting social media analytics and found 

that very few research has touched the field of data collection. In general social media 

analytics, data collection is straightforward and has standard processes and steps. However, 

in PHI, especially in regulatory science, due to the sensitivity of topics, collecting relevant 

data is not always sound by using standard techniques. In Essay V, I propose a street name 

detection model to identify relevant drug street name keywords by using text content 

collected from social media. The keyword discovery process can be used in all other PHI 

domains to collect data for social media analytics. 

1.3 Research Questions and Essays 

Motivated by the above-mentioned gaps from IS perspectives, my dissertation 

seeks to answer the following two main research questions with five essays focusing on 

different perspectives of social media analytics and intelligence: 

(1) Can we generate a comprehensive understanding of the regulatory science social media 

users, their self-generated content, and their community network structure? 

(2) How do we advance public health informatics surveillance through the analysis of real-

time social media data, and the use of innovative information technologies? 
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The dissertation comprises five essays. Table 1.2 summarizes the essays in terms 

of the research area, research question, methodology, public health background, data, 

algorithm, and IT artifact.  

Essay I aims to provide a basic understanding of social media user-generated 

content on regulated products. This essay applies text mining and social network analysis 

techniques to a Reddit dataset about underage electronic cigarette use. I conduct a content 

analysis on user demographics, methods of access, use patterns, and discussion topics. I 

also identify social network features. The findings can be used to inform public health 

policymakers. In the IS perspective, this study aims to develop a systematic and automatic 

analysis framework for analyzing regulated products with respect to content analysis and 

social network analysis, utilizing information extracted from online social media 

communities. The proposed manually-examining and machine-based data mining methods 

can be used separately or jointly to mine relevant findings for decision support. 

User-generated content can further motivate research on the user level. From the 

analysis of the e-cigarette related text, I observe that there exist two different patterns of 

text generated by two types of users with respect to different e-cigarette use stages, i.e., 

new users, and established users. Compared to smoking, while the stages of smoking 

provide valuable insights in health surveillance and risk assessment, very little public 

health research has conducted similar studies on e-cigarettes. Essay II focuses on the user-

level analysis by using social media text to infer e-cigarette user stages. I develop a 

Recurrent Neural Network-based New User Classification model utilizing the long short-

term memory deep learning method. 
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Essay III focuses on the other important feature of social media – network structures. 

The link between social actors among social media indicates connections and 

interdependence among these individuals. The network autocorrelation model (NAM) is a 

popular technique to study the interdependence. However, the state-of-the-art research of 

NAM usually analyzes network size of a few hundred or a few thousand of nodes with only 

one tie type. Given the explosively increasing network size and complicated actor 

relationships in real social media datasets, there exists a great research gap to develop 

useful computation algorithms for large-scale social network analysis on modeling social 

influence that can process multiple types of large networks in reasonable computation time. 

Enlightened by the large-scale sparse matrix, I propose an innovative approximation 

method to speed up the maximum likelihood estimation process of NAM. The proposed 

method is tested with simulation data and a real public health dataset, online suicide forum 

data. 

After proposing innovative IS solutions to real regulatory science public health 

problems, essay IV aims to validate the use of social media datasets by combining survey 

and social media data. The goal of this study is to identify who are social media-active e-

cigarette users, to compare the use patterns from both survey and social media data for data 

triangulation, and to jointly use both datasets to conduct a comprehensive analysis on e-

cigarette future use intentions. 

Finally, essay V, motived by the keyword-based social media data collection 

processes, seeks to automatically and accurately detect opioid drug street names, utilizing 

rich text information in the ever-changing linguistic environment on social media. A 
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Distributional Word Representation based Positive-Unlabeled Learning model is proposed 

to process social media text to identify drug street name candidates. This method could 

benefit future IS and PHI research by providing guidance on expanding the scope of social 

media data collection with proper keyword inclusion criteria. 



30 
 
 

Table 1.2. Overview of the Essays in the Dissertation 

Essay Research 

Area 

Research Question Methodology Public Health 

Background 

Data Algorithm IT Artifact 

I Analytics - 

Content 

What content 

exists within 

regulated products' 

social media 

platforms? 

Text Mining; 

Topic 

Modeling; 

Social 

Network 

Analysis 

Emergence of 

JUUL use 

 

Reddit Latent Dirichlet 

Allocation 

Content Analysis 

framework to 

analyze regulated 

product online 

community 

II Analytics - 

User 

How to effective 

extract social 

media user 

features from 

textual contents of 

regulatory 

science? 

Supervised 

Learning; 

Deep learning 

Identify 

different e-

cigarette 

vaping stages 

Reddit Recurrent 

Neural 

Network; Long 

Short-Term 

Memory 

Recurrent neural 

network-based 

new user 

classification 

model 

III Analytics - 

Structure 

How to estimate 

the network effect 

within large-scale 

regulatory science 

social networks? 

 

 

Social 

Network 

Analysis 

 

 

Analyze the 

individuals’ 

inter-person 

influence 

 

 

Simulation, 

Suicide 

Forum 

 

Large-scale 

Sparse Matrix 

Determinant 

Approximation 

 

Large-Scale 

Network 

Autocorrelation 

Model 

 

IV Intelligence - 

Triangulation 

Can we compare 

and combine the 

user features and 

use patterns 

Triangulation, 

Statistical 

Inference 

Comparison of 

e-cigarette 

survey data 

Survey, 

Reddit 

Fisher’s Exact 

Test, Cosine 

Similarity 

Measure, Rare-

Social Media Data 

Triangulation 



31 
 
 

 extracted from 

survey data and 

social media data? 

 

and online 

forum data 

event Logistic 

Regression 

V Data - 

Collection 

How to correctly 

identify relevant 

keywords used in 

social media? 

Unsupervised 

Learning 

Identify 

relevant 

keywords to 

study the use 

of opioid drugs 

Reddit Word 

Embedding; PU 

Learning 

Distributional 

Word 

Representation-

based Text 

Positive-Unlabeled 

Learning 
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2. ESSAY I: UNDERAGE JUUL USE PATTERNS: CONTENT ANALYSIS 

OF REDDIT MESSAGES 

2.1  Introduction 

Electronic cigarettes (e-cigarettes) have become increasingly popular in recent 

years. As a new type of nicotine delivery system, e-cigarettes, as defined by the U.S. Food 

and Drug Administration (FDA), are battery-operated products designed to deliver nicotine, 

flavor, and other chemicals in aerosol form (FDA 2016). Although the FDA has stated 

concerns about e-cigarettes as they are not fully studied, the market has experienced 

tremendous growth. The sales of e-cigarette products were £3.9 billion globally, and £1.7 

billion in the US, according to data from Euromonitor International (Davidson 2015). The 

growth rate was estimated to be 24.2% per year through 2018 (Wahba 2014). The fast 

market development has led to continuous discussions and debates about the use of e-

cigarettes, prompting significant research interest and policy concerns (Drummond and 

Upson 2014; Ebbert et al. 2015; Harrell et al. 2014).  

JUUL, the most popular e-cigarette brand in the United States, currently holds 71% 

of the market share, according to data from Wells Fargo in July 2018 (Bach 2018). JUUL’s 

popularity is due to several characteristics. First, JUUL’s appearance is similar to a 

universal serial bus (USB), which makes it easy to carry and hide as a portable device. 

Compared with traditional cigarette appearance, USB-like appearance has less of a 

negative perceived social image in public locations. Second, nicotine delivery via JUUL is 

effective; it is sufficiently high to warrant concern about the development of nicotine 

addiction (Goniewicz et al. 2019). Third, JUUL offers a wide array of flavor options. 

JUUL’s manufacturer claims “JUUL is for adult smokers seeking a satisfying alternative 
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to cigarettes.” However, a recent survey reported 8% of Americans aged 15 to 24 years 

used JUUL in the 30 days before the survey (Willett et al. 2019). The popularity of JUUL 

among youth has also recently been reported in news media (Bui 2018; Dadourian 2018; 

Ibarra 2018). Substantial and growing evidence shows that e-cigarette use by youth and 

young adults increases the risk of ever using conventional cigarettes, according to a 2018 

report by the National Academies of Sciences, Engineering, and Medicine  (National 

Academies of Sciences, Engineering, and Medicine 2018). In addition, as social media has 

become an emerging channel for information diffusion, JUUL-related discussions on 

platforms such as Twitter and Reddit have also experienced a sharp increase since 2015  

(Huang et al. 2019; Kavuluru et al. 2019). Thus, this sharp increase in teen JUUL usage, 

and the potential health impacts, has raised great public health concerns. 

With the rapid increase in JUUL use, there have been a few studies about JUUL. 

Several studies have been conducted to investigate the prevalence of JUUL use among 

adolescents (McKeganey and Russell 2019), youth (Hammond et al. 2018; Vallone et al. 

2019), and college students (Ickes et al. 2019). Moran et al studied sources of awareness 

of JUUL e-cigarettes in two surveys of American adults (Moran et al. 2019). Willett et al 

conducted a national Web-based survey to investigate youth and young adults’ knowledge, 

attitude, and use of JUUL (Willett et al. 2019). Recently, Russel et al conducted a Web-

based survey to assess transitions in cigarette smoking associated with the use of JUUL 

vaping device among 18,799 adults in the United States (Russell et al. 2018). Laestadius 

et al characterized the sale of JUUL products on eBay before an FDA request to remove 

them, documented the impact of the request, and explored how eBay vendors bypassed 

FDA’s effort (Laestadius and Wang 2019). In addition, social media data have also been 
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used to study JUUL-related communications and their impact. Huang et al studied the 

extent of JUUL’s growth and its marketing strategies using retail data form Nielsen and 

social media data from Twitter, Instagram, and YouTube (Huang et al. 2019). JUUL-

related tweets have been used to understand the public’s early experiences with JUUL 

(Allem et al. 2018), JUUL information sharing among adolescents (Chu et al. 2018), and 

identified patterns of communication around JUUL use and users on Twitter (Malik et al. 

2019). 

Reddit has been extensively used for e-cigarette studies, which shows its value in 

timely public health surveillance. For example, Zhan et al identified and analyzed topics 

related to e-cigarettes from multiple social media platforms, including Twitter, Reddit, and 

JuiceDB (Zhan et al. 2017). Kavuluru et al described observations and analysis of recent 

JUUL-related messages on Twitter, Reddit, and in traditional media (Kavuluru et al. 2019). 

Brett et al used Reddit threads to understand reasons of JUUL use and public attitudes 

(Brett et al. 2019). However, little research has been conducted on the age distribution, 

geographic distribution, approaches to buying JUUL, and flavor preferences pertaining to 

underage JUUL users. Until early January 2018, a subreddit entitled UnderageJuul existed, 

where these and other topics related to use of JUUL by youth were discussed. It was 

discontinued and removed by Reddit. Most casual users and analysts of Reddit thus no 

longer had access to the conversations in the UnderageJuul subreddit as of that date. 

However, we obtained part of the posting and user information of this subreddit for 

analyses pertaining to user age and location distributions, as well as self-reported usage 

patterns of JUUL. This study strives to inform the tobacco control community and those 
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responsible for tobacco regulatory decision making as well as demonstrate the value of 

Reddit data for Web-based surveillance of public health issues. 

2.2 Literature Review 

2.2.1 E-cigarette Surveillance with Social Media Data 

Many e-cigarette studies have used the survey method to collect information on the 

pattern of usage (Adkison et al. 2013; Brown et al. 2014; Dawkins et al. 2013; Etter 2010; 

Farsalinos et al. 2014; Giovenco et al. 2014; Hitchman et al. 2015; Kralikova et al. 2013; 

Regan et al. 2013; Richardson et al. 2014). The survey sample was usually the general 

population (Adkison et al. 2013; Dawkins et al. 2013; Etter 2010; Farsalinos et al. 2014; 

Regan et al. 2013; Richardson et al. 2014) or current or former smokers (Brown et al. 2014; 

Giovenco et al. 2014; Hitchman et al. 2015; Kralikova et al. 2013). The survey method 

included Internet survey (Brown et al. 2014; Dawkins et al. 2013; Etter 2010; Farsalinos et 

al. 2014; Giovenco et al. 2014; Hitchman et al. 2015; Richardson et al. 2014), telephone 

survey (Adkison et al. 2013), mail-in survey(Regan et al. 2013), and interview (Kralikova 

et al. 2013). Some surveys only drew samples from one country, such as the United States 

(Dawkins et al. 2013; Giovenco et al. 2014; Richardson et al. 2014), United Kingdom 

(Brown et al. 2014; Hitchman et al. 2015), and the Czech Republic (Kralikova et al. 2013), 

but others used international samples (Adkison et al. 2013; Etter 2010; Farsalinos et al. 

2014). The survey questions included e-cigarette awareness, use, harm and benefit 

perception, and preferences. Other demographic information and smoking status were 

collected as well. The survey method provided evidence to lay a solid scientific foundation 

for public health legislation. However, surveys are usually time and money consuming. 
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Social media, as a new channel to access to user-generated content, provides opportunities 

to collect large volumes of data conveniently. 

The rapid growth of online communities and social media provides a new approach 

in collecting evidence for policy-making processes. Large social media platforms, 

including Facebook, Twitter, YouTube, and Reddit, enable new channels for e-cigarette 

users to share information and experiences. These platforms have provided efficient 

methods of information access for health surveillance and social intelligence (Wang et al. 

2007; Yan et al. 2009). E-cigarettes, as an emerging substitute for combustible cigarettes, 

are broadly studied from the perspective of social media as well. Vapor shop owners relied 

heavily on social media or other online communities to promote e-cigarette products by 

offering price discounts, specials, and loyalty programs (Cheney et al. 2015). 

More insights are generated from studies based on specific social media platforms. 

For example, one study found that the vast majority of e-cigarette information on YouTube 

promoted their use and depicted it as socially acceptable (Luo et al. 2014). Another study 

discovered that e-cigarette-related videos usually highlighted e-cigarettes’ economic and 

social benefits (Paek et al. 2014). Hua and colleagues (Hua et al. 2011) studied YouTube 

videos and found e-cigarette users’ puff duration was approximately twice as long as puff 

duration for conventional smokers. Twitter also appeared to be an important marketing 

platform for e-cigarettes (Huang et al. 2014). Marketing strategies and locations of use 

were studied and identified from e-cigarette-related tweets (Kim et al. 2015). Cole-Lewis 

and colleagues (Cole-Lewis, Pugatch, et al. 2015) conducted a thorough content analysis 

of e-cigarette-associated tweets and identified possible trends of e-cigarette usage growth. 
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Topic modeling was used to examine tobacco-related tweets (Prier et al. 2011). A 

supervised machine learning technique was used on Twitter data to predict the themes of 

posts, with fairly sound accuracy (Cole-Lewis, Varghese, et al. 2015). 

E-cigarettes are also discussed on forums. Reddit, one of the most comprehensive 

forums on the Internet, was used as a source to identify vulnerable populations 

(Pavalanathan 2015) and e-liquid categories (Wang et al. 2015). In addition to Reddit, data 

from three e-cigarette forums, Electronic Cigarette Forum, Vapers Forum, and Vaper Talk, 

were used to analyze e-cigarette-related symptoms (Hua et al. 2013). Chen and colleagues 

(Chen et al. 2015) extracted contextual factors and conducted topic-modeling techniques 

on data from Reddit and other forums to study e-cigarette and hookah use. Social media 

platforms are often linked; thus, combined analyses of social media is interesting. Recently, 

a research paper examined the marketing strategies of leading e-cigarette brands on 

multiple social networking sites including Twitter, Facebook, Google+, and Instagram, 

providing a first step in understanding multiple social networking site marketing (Chu et 

al. 2015). Their findings showed that studying the user-generated content from multiple 

social media platforms could be of great importance to understand the e-cigarette market’s 

status quo. 

Although the above-mentioned social media-based studies utilized user-generated 

content on social media to conduct public health surveillance on e-cigarettes, most of them 

focus on one or two specific use patterns. In addition, many of them used handcrafted labels 

and features to identify content of interests, which cannot be scaled to a large amount of 

social media data. Given the limitations of current studies and the potential of rich text 
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information on social media, we propose to use multiple methods to automatically extract 

e-cigarette use patterns from social media in different perspectives. Next, we will review a 

selected of most commonly used methods for content analysis. 

2.2.2 Content Analysis and Category Development 

Content analysis is “a research technique for making replicable and valid inferences 

from text (or other meaningful matter) to the context of their use (Krippendorff 2018).” 

Content analysis has been broadly used in both qualitative and quantitative studies. In 

qualitative content analysis, the categories are in the center of the analysis since the text 

interpretation is put into the development of categories (Mayring 2014). Two systematic 

approaches to develop categories are the most common: inductive category development 

and deductive category development. The steps of inductive and deductive category 

development are shown in Figure 2.1. Inductive category development is a data-driven 

process that the central idea is to generate categories by processing text data. Instead, 

deductive category development works with prior formulated, theoretical derived aspect of 

analysis and user pre-defined coding rules to label the whole dataset.  
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Figure 2.1. Inductive category development and deductive category development 

(Mayring 2014) 

2.2.3 Topic Modeling 

Topic modeling is a collection of techniques to extract abstract topics from large 

volumes of text using statistical models. Latent semantic indexing (LSI) is an early work 

of topic modeling that utilizes the singular value decomposition matrix factorization 

method to extract topics from the term-document matrix (Papadimitriou et al. 2000). 

Probabilistic latent semantic analysis (PLSA) develops LSI and uses a generative model, 

i.e., describing how words are generated with hidden topics, in terms of probabilistic 

distributions, to identify topics (Hofmann 1999). Latent Dirichlet Allocation (LDA) is a 

generalization of the PLSA model that introduces Dirichlet priors for document-topic and 

topic-word distributions (Blei et al. 2003). It is currently the most commonly used topic 
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modeling method and has various versions of model extension. The graphical model of 

LDA is shown in Figure 2.2. 

 

Figure 2.2. Latent Dirichlet allocation model. 

The generative process is as follows. First, draw topic distribution 𝜃𝑖 for all posts 𝑖 

in the collection 𝑀by 𝜃𝑖~𝐷𝑖𝑟𝑖𝑐ℎ𝑙𝑒𝑡(𝛼). The 𝐷𝑖𝑟𝑖𝑐ℎ𝑙𝑒𝑡(𝛼) is the Dirichlet distribution 

with parameter 𝛼. Then, draw word distribution for all the topics 𝛽𝑘 in the collection of 𝐾 

by 𝛽𝑘~𝐷𝑖𝑟𝑖𝑐ℎ𝑙𝑒𝑡(𝜂) . Finally, for each of the word position 𝑖 , 𝑗  choose a topic 

𝑧𝑖𝑗~𝑀𝑢𝑙𝑡𝑖𝑛𝑜𝑚𝑖𝑎𝑙(𝜃𝑖), and then choose a word 𝑤𝑖𝑗~𝑀𝑢𝑙𝑡𝑖𝑛𝑜𝑚𝑖𝑎𝑙(𝛽𝑧𝑖𝑗
) (Blei et al. 2003). 

Word is the only thing we can observe from the model in Figure 2.2, which is the 

reason why only this circle is shaded. Our goal is to identify hidden topics and topic-related 

keywords. By feeding the collection of posts into the model, we can estimate parameters 

𝜃𝑖 and 𝛽𝑘. Learning the distributions in the LDA model is a problem of Bayesian inference, 

the original paper used the maximum likelihood method with variational Expectation-

Maximization (EM) algorithm (Blei et al. 2003), while another commonly used inference 

method is the Gibbs sampling (Griffiths and Steyvers 2004). 
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2.2.4 Social Network Analysis 

Social network analysis refers to a broad strategy for investigating social structures 

using network and graph theory on individual properties and relationships (Otte and 

Rousseau 2002). Topology is the way in which the nodes and edges are arranged within a 

network. To understand the property of a social network, topological features in graph 

theory are usually analyzed. Centrality aims to measure the importance of nodes, which is 

helpful in identifying key users in the network (Klein et al. 2015).  This method has been 

applied to the identification of key users in various domains including business, public 

health, sports, and security (Corley et al. 2010; Gialampoukidis et al. 2016; Naraine and 

Parent 2016; Zhang et al. 2010). Enlightened by different perspectives to judge the 

importance of nodes, various centrality measures are proposed. For example, a node 

connecting to many other nodes are considered as an important node to some extent. Thus, 

the degree centrality is proposed to measure the number of edges a node has to measure 

the importance of the node. Another three commonly used centrality measures are 

closeness centrality, betweenness centrality, and eigenvalue centrality. The closeness 

centrality measures the average length of the shortest path between the node and all other 

nodes in the graph. The betweenness centrality counts the number of times a node acts as 

a bridge along the shortest path between two other nodes. While the above-mentioned 

centralities measure the absolute value for a given node, eigenvalue centrality assigns 

relative scores to all nodes in the network based on the insights that connection to more 

important nodes will contribute more to the score of the node itself, compared to connection 

to less important nodes. 
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PageRank centrality is a variant of the eigenvalue centrality and is used as the 

algorithm by Google Search to rank their searched web pages (Page et al. 1999). The 

PageRank centrality is calculated by the formula 

𝑃𝑅(𝑖) =
(1 − 𝑑)

𝑁
+ 𝑑 ∙ ∑

𝑃𝑅(𝑗)

𝑂𝑗
𝑗∈𝐵𝑖

 
(1) 

Where the 𝐿1 norm of 𝑃𝑅(𝑖) is 1. 𝑑 is a dampening factor. 𝑁 is the total number of nodes. 

𝐵𝑖 denotes the set of node pointing to node 𝑖 and 𝑂𝑗 denotes the outgoing links from node 

𝑗 (Heidemann et al. 2010). Compared to other centrality measures, one of the advantages 

of PageRank centrality is that it takes a natural perspective to deal with directed networks 

with incoming and outgoing links between the nodes. Comparedto eigenvalue centrality, 

PageRank centrality has a scaling factor 𝑂𝑗, which alleviates the effect of node degree and 

focuses more on the linking properties. Thus, we use the PageRank centrality to identify 

key users in our social network. 

2.3 Research Gaps and Questions 

The above literature review points out several research gaps that have not been 

addressed in the current public health informatics domain. First, from a public health 

surveillance perspective, the emerging and fast increasing use of JUUL calls for a 

comprehensive understanding of the use of this new product. Current survey-based studies 

report the use patterns of JUUL but might be biased due to participant selection criteria. 

Social media can serve as a complementary data source to study use patterns but current 

social media-based studies mostly focus on the popularity of JUUL mention but not on the 

specific text content. Second, current social media-based e-cigarette research primarily 

focuses on one or two aspects of use patterns or user features. How to analyze social media 
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data from multiple aspects remains a question to be answered. Third, JUUL is attracting 

sharply increasing attention from teenagers and young adults. But very few studies focus 

on this specific group and aims to understand the use patterns, user features, and more 

importantly, the purchase approach of JUUL. Motivated by these research gaps, we aim to 

answer the following question in this study. 

• Can we extract the patterns of JUUL use among underage vapers, using social 

media user-generated content? 

• Can we describe who they are, for those underage JUUL users active on social 

media? 

• Can we figure out how these underage JUUL users buy the JUUL products? 

• Can we identify key users in the online underage JUUL use communities and 

describe who they are? 

The research framework of this essay is shown in Figure 2.3. This framework 

consists of two major components: data preparation and data analysis. In the data 

preparation phase, we collect data from Reddit and cleanse the data to obtain ready-to-use 

text and social network data. In the data analysis phase, we conduct analysis based on the 

proposed methods listed above, specifically, including regular expression search, inductive 

category development, topic modeling, and social network analysis. The remaining of the 

essay will present these modules and corresponding results in detail.  
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Figure 2.3. Social media-based underage JUUL use research framework 

2.4 Methods 

2.4.1 Data Collection and Preprocessing 

We collected data from pushshift.io (Baumgartner 2018), which is a website that 

stores all publicly available Reddit threads and comments. Data was collected from 716 

threads and 2,935 comments from the subreddit UnderageJuul by the application 

programming interface (API) of this website. Note that the information of this dataset is 

publicly accessible on Reddit and that no personally identifiable information is included in 

this study. The dataset is publicly available per request. 

The first thread on the UnderageJuul subreddit was published on July 9, 2017 and 

the last was published on January 7, 2018, the day just before this subreddit was removed 

by Reddit. There were 844 unique users who posted threads and comments during this time 

period. 
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Natural language means the language used by human beings, while processing 

means using computers to understand natural language input (Bird et al. 2009). By enabling 

the use of automated methods that represent the relevant information in the text with high 

validity and reliability, NLP facilitates tasks such as information retrieval, analysis, and 

prediction in health areas (Friedman 2014). Since it is very difficult and time consuming 

for users to manually handle the huge amounts of reviews or posted data, we need to use 

NLP techniques to help computers understand the meaning of human languages. 

Specifically, we used basic NLP methods including tokenization, stop words, and 

stemming to process the contents of reviews and posts, with the help of Python NLTK 

package (Bird et al. 2009). 

2.4.2 Text Data Analysis 

After pre-processing, we obtained two separate but closely-connected data for the 

next step data analysis: user-generated text and social network structure. For the text data, 

we used both manually-examined methods and automatic machine learning methods to 

conduct analysis in three perspectives. With pure manually labeling processes, we used 

inductive category development method to develop JUUL purchase approaches from the 

data (Mayring 2014). During this process, two authors individually reviewed threads 

consecutively and determined whether a thread contained purchase approach information. 

If so, based on the text information, the reviewer determined whether to assign the purchase 

approach to an existing category or to generate a new category. After reviewing 50% of 

the materials, the 2 reviewers summarized the categories and reached consensus on all 

categories. The coding then continued with the second half of the data; no new categories 

were generated during this second phase of coding. After determining the categories, the 
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two reviewers independently labeled the whole dataset; 93.7% (671/716) of threads had 

the same labeling. The Cohen kappa was 0.906, which is considered a good agreement. 

The two reviewers reached consensus for all records after discussion. 

The second method to analyze text is based on an automatic machine learning 

method. We applied a widely used topic modeling technique LDA to our dataset to 

automatically extract main topics from the discussion of Redditors. In our analysis, text 

from threads and from comments was separately fed into the model. Since we need to 

manually set the number of topics in the model, we calculated model coherence for a range 

of number of topics from 2 to 20. We chose the kink point as the optimal number of topics. 

Finally, we set number as 8 in threads and as 9 in comments. 

Finally, the third method combines the efforts from both manual examination and 

machine power. The regular expression is a method for locating specific character strings 

embedded in text (Thompson 1968), to determine the most relevant threads and comments. 

We used regular expression-based keyword search to identify JUUL users’ age and 

location distribution, and flavor use patterns in the UnderageJuul subreddit.  

For the age analysis, threads or comments containing numerical numbers or 

keywords teen, twenty, thirty, forty, fifty, sixty, seventy, eighty, and ninety were selected 

for further manual examination. If the thread or comment author explicitly mentioned that 

“I am # years old” or used similar statements, we assigned an age label to the Redditor. 

This age information was further aggregated to an age distribution table. Then, we analyzed 

the subreddit preferences of these Redditors. For each of them, we identified a list of 
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subreddits they had posted to. Then, the cumulative occurrence of subreddits of all 

UnderageJuul Redditors was calculated. 

To assess the geographic distribution of UnderageJuul Redditors, only locations 

that were explicitly mentioned were included. For example, location information could be 

a state, an area (e.g., bay area), a county, a city, or a zipcode. These locations were manually 

extracted by examining the content of the threads. The extracted text location information 

such as Bergen county was converted to a standard form Bergen County, New Jersey, 

United States of America by using the Python Package GeoPy (GeoPy 2019). The 

standardized location information was then used to generate the corresponding latitude and 

longitude, which were further fed into a Google Maps plot. 

Finally, owing to concerns about the potential that specific JUUL flavors might 

increase use by and appeal to youth, we studied the flavor distribution among UnderageJuul 

threads. We identified different flavor types from the official JUUL website and counted 

the occurrence of these flavors in the collected threads and comments by using the regular 

expression search. 

2.4.3 Social Network Data Analysis 

We constructed a social network directed graph 𝐺 = (𝑉, 𝐸), where 𝑉 represents the 

set of nodes in the graph, which was all UnderageJuul Redditors, and 𝐸 represents the set 

of edges in the graph, which was all thread-comment relationship in the subreddit 

UnderageJuul. For example, if a Redditor 𝑣1  posted a thread and another Redditor 𝑣2 

replied this thread, we build an edge 𝑒 = (𝑣1, 𝑣2) in the network 𝐺. Note that an edge 𝑒 =
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(𝑣1, 𝑣2) has a weight 𝑤12, which represented the total number of comments that 𝑣2 replied 

to 𝑣1. 

We used Gephi to display network visualization.(Bastian et al. 2009) Nodes were 

displayed in different colors based on their activity frequencies. Since the online forum 

activities mainly focused on posting threads and replying threads, we used the number of 

threads and comments to classify nodes into four categories. (𝜇 + 𝜎) was used as the 

threshold to divide the high group and the low group, where 𝜇 is the mean of the number 

of threads/comments, and 𝜎 is the corresponding standard deviation. We define Redditors 

with both high number of threads and comments as active participants in this subreddit, 

Redditors with high number of threads, low number of comments as inquirers, Redditors 

with low number of threads, high number of comments as respondents, and Redditors with 

both low number of threads and comments as observers. We also discussed the text topic 

distribution for different types of Redditors, using the topic we found in text content 

analysis. Finally, degree centrality (Bondy and Murty 1976) and PageRank (Page et al. 

1999) centrality were used to identify key Redditors. Topic analysis was also applied to 

find differences between the two groups of key Redditors. 

2.5 Results and Discussions 

2.5.1 Age Distribution 

The age distribution for the UnderageJUUL subreddit is shown in Table 2.1. We 

counted a Redditor in the general categories of less than 18 years or over 21 years, if the 

user stated in their threads or comments that they were under 18 or greater than 21 years 
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old; 67 out of 844 (7.9%) UnderageJuul Redditors reported their age in the threads or 

comments. 

Table 2.1. The extracted age distribution of the UnderageJuul Redditors. 

Age (years) Count (n=67), n (%) 

<18a 5 (7) 

13 2 (3) 

14 2 (3) 

15 9 (13) 

16 10 (15) 

17 12 (18) 

18 17 (25) 

19 4 (6) 

20 2 (3) 

21 1 (1) 

23 1 (1) 

>21a 2 (3) 

aThese are broad categories of age where the user did not give a specific age but stated generally 

that they were underage (<18) or a legal adult (>21). 

After the FDA’s deeming rule, the minimum age to purchase e-cigarettes for all 

states in the United States is 18 years. If we set 18 years as the legal age threshold, 60% 

(40/67) of the Reddit users in Table 1 were underage JUUL users. Alabama, Alaska, and 

Utah have set 19 years as the legal age to buy e-cigarettes and vaping products. In 

California, Hawaii, Maine, Oregon, and New Jersey, the legal age is 21 years. There are 

also more than 330 states, cities, and counties that have raised the minimum age to 21 years. 

Thus, if we raise the legal age threshold to 21 years, 94% (63/67) of the Reddit users in 

Table 1 were underaged. As purchasing JUUL is not legal for underage Redditors, they 
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were more likely to avoid discussing their ages or to report fake ages. Therefore, the age 

distribution we obtained from explicit mentions was biased. The actual age distribution 

could probably be even younger. Given subreddit UnderageJuul was an active forum 

oriented for underage JUUL users before it was banned, it is still a valuable data source for 

analyzing underage JUUL users and their usage patterns. 

We found that there was an overlap of users between the JUUL subreddit and the 

UnderageJuul subreddit. Specifically, 46.1% (389/844) of UnderageJuul Redditors also 

participated in discussions on the JUUL subreddit. Given the fact that most of the JUUL-

related discussions on Reddit are on the JUUL subreddit, it is reasonable to infer that even 

though the UnderageJuul subreddit was removed by Reddit, underage JUUL users still 

have other forums for discussing JUUL with other users. This finding indicates that public 

health interventions, such as social media campaigns, are needed to target underage e-

cigarette users. 

Age can also be depicted by personal preference. Young adults and elders have 

different interests in the subreddits they visit. We analyzed the subreddit preferences of all 

UnderageJuul Redditors. Among 844 UnderageJuul Redditors, 389 had also posted 

threads on the JUUL subreddit, which is the general discussion subreddit of JUUL products. 

The other 9 subreddits in the top 10 most popular with UnderageJuul users were as follows: 

AskReddit (general Q&A, n=250), trees (marijuana, n=145), FortNiteBR (computer game, 

n=125), Drugs (n=123), pics (interesting pictures sharing, n=106), mildlyinteresting 

(general discussion, n=103), Showerthoughts (general discussion, n=102), teenagers 

(n=96), and funny (general discussion, n=86). These interests were extracted from their 
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Reddit profiles and indicated some of these users contributed to teenager-related topics on 

Reddit. This finding suggests that some UnderageJuul Redditors have a high probability to 

be real underage JUUL users, though most of them did not report their ages in the 

UnderageJuul subreddit. 

2.5.2 Geolocation Distribution 

We extracted 74 explicitly mentioned locations from the thread text. We 

summarized the mentioned locations and labeled them on Google Maps API, as shown on 

Figure 2.4. 

 

Figure 2.4. UnderageJuul Explicitly mentioned location distributions. 

Most of the geographic locations mentioned in threads were from large 

metropolitan areas defined by the United States Office of Management and Budget 

(Executive Office of the President of the United States 2015). In particular, New York City 

and the Bay Area were the most mentioned areas. The location information was collected 

via user-posted JUUL Web-based vendors, shipping information, or simply inquiring about 
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local JUUL stores. As many of the inquiries were about local vape or smoke shops without 

age verification, the findings suggest that social media could be a useful tool for federal 

and state regulatory authorities to use for assessing whether vape or smoke shops are 

meeting regulatory requirements pertaining to e-cigarette use, especially in large cities. 

2.5.3 Flavor Use Pattern 

There were 7 flavors from JUUL’s official website: mango, cucumber, mint, 

menthol, tobacco, fruit medley, and crème brûlée. We found that mango was the most 

mentioned flavor (n=38). Mint (n=22) and cucumber (n=21) were popular as well. The 

other 4 flavors, including fruit medley (n=6), crème brûlée (n=6), menthol (n=5), and 

tobacco (n=4), were not frequently mentioned. 

Mango, mint, and cucumber flavors were more popular than other JUUL flavors 

among youth and young adult Reddit users, which is similar to previous findings that mint, 

cucumber, and mango JUUL flavors were most mentioned in tweets (Kavuluru et al. 2019). 

From previous research about e-cigarette flavors (Wang et al. 2015), strawberry was the 

most mentioned fruit flavor for other e-cigarette products. Instead, mango or cucumber 

flavors were hardly mentioned. However, these 2 flavors turned out to be successful for 

JUUL, suggesting that more effort is needed to understand if some flavors are more 

appealing to underage e-cigarette users or if a product’s appeal is more important than a 

specific flavor availability. Tobacco flavor was widely mentioned in previous e-cigarette 

studies, but it was not popular in youth and young adults. One possible reason is that many 

of the underage JUUL users are nonsmokers, so the tobacco flavor is not appealing. The 
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finding suggests that more research is needed for studying the impact of e-cigarette flavors 

on underage e-cigarette use. 

2.5.4 Purchase Approaches 

Next, we analyzed the approaches that were used to purchase JUUL by 

UnderageJuul users. By examining purchase requests and completed transactions in detail, 

we observed that there were 7 approaches that users employed to buy JUUL. These 

approaches are listed as follows: 

• JUUL’s official website (n=34): Although JUUL changed their age policy and 

raised the minimum purchase age to 21 years in August, 2018 (Craver 2018), JUUL 

required its users to be at least 18 years to order from its official website when the 

dataset was collected, but some UnderageJuul Redditors (n=24) used identity 

documents (IDs), date of birth, or credit cards of parents or friends to buy JUUL 

products. Using fake IDs (n=3) was another approach to buy JUUL products from 

the JUUL website. Some Redditors (n=7) were selling verified accounts on JUUL’s 

official website, which could be used to order JUUL products as well. 

• Other vaping-related websites (n=13): Some of the other vaping-related websites 

sold JUUL devices and pods without age verification. Some UnderageJuul 

Redditors exchanged information about these websites. For example, 1 user asked 

if a particular website does an age check for buying JUUL products. Currently, this 

website does not sell JUUL, but it does sell e-cigarette products without age 

verifications. Other sites were shared, including one selling JUUL that has since 

been removed by law enforcement. 
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• Peer-to-peer purchase and shipping (n=181): Some UnderageJuul Redditors bought 

JUUL products from other Redditors. The buyer usually sent money by PayPal and 

then the seller shipped the products to the buyer’s address. A noteworthy 

observation was that some of the Redditors claimed they were scammed. For 

example, 1 user said in a thread, “don’t trust ***, he scammed me and will scam 

you.” 

• Through vendors from Amazon and eBay (n=27): This was another case of Web-

based purchase and shipping. The vendor had an Amazon or eBay selling page from 

which the buyers purchased JUUL products. For example, one user shared the 

experience that he or she bought a JUUL from eBay and had it shipped to a mailbox 

of a for-sale house. 

• Face-to-face transactions (n=22): Some tried to meet up with other Reddit users in 

the same city and then finished transactions face to face. 

• Replacement codes of JUUL (n=47): Some bought JUUL products by using JUUL 

replacement codes or warranty serial numbers shared by other Redditors. The 

replacement codes or warranty serial numbers are provided by the JUUL company 

and can be used to get a brand new JUUL devices as a replacement. For example, 

1 user mentioned that he wanted to sell a replacement code for $30 that could be 

used for a free basic kit. 

• Local stores without checking IDs (n=35): Some UnderageJuul Redditors did not 

try to buy JUUL products from other individuals. Instead, they inquired about vape 

shops or smoke shops in certain locations that sold JUUL but did not check IDs. 

For example, 1 user asked for vaping stores in NYC that did not check ID card of 
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the buyers. 

Our study found that users of the UnderageJuul subreddit used different discreet 

approaches to circumvent relevant legal regulations to get JUUL. Some of these approaches 

(eg, purchase via eBay) are also reported in previous studies (Kavuluru et al. 2019; 

Laestadius and Wang 2019). This study and the findings contribute to the literature by 

providing a detailed category dictionary for purchase approaches. On the basis of the well-

established coding method, we developed 7 different categories for purchase approaches. 

Our finding suggests that more regulation is needed to make sure that online or offline e-

cigarette vendors strictly perform age verification and that legal e-cigarette users cannot 

provide ways of buying e-cigarettes to teenagers. In addition, parents may need to assess 

their teenagers’ access to credit cards and IDs of legal adults. 

Note that JUUL has established its age policy and required the minimum purchase 

age on its official website to be 21 years since August 2018. The JUUL product 

replacement request is also subject to the age verification. However, the identified 7 

categories of workaround purchase approach still work. Ordering the products or 

replacements from the official website just needs a fake ID or a preverified account. Not 

to mention those approaches provided by third parties such as eBay or PayPal. As the 

prevalence of teen JUUL use (Centers for Disease Control and Prevention 2019a) and the 

high conversion rate from e-cigarette users to smokers (National Institue on Drug Abuse 

2016), we call for more research and effort on this domain and take action to monitor and 

control these approaches. 
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2.5.5 Topic Modeling 

The eight thread topics, nine comment topics, and 20 corresponding keywords are 

listed in Table 2.2. Because comments were replied to threads correspondingly, though 

LDA was separately conducted on threads data and comments data, we eventually obtained 

similar topics. Thus, we focused our analysis on the eight threads topics. 

Topic 1 was closely related to purchasing Juul from online vendors, keywords “wts” 

(short for “want to sale”) and “sale” indicate the willingness of making transactions. 

Keywords “ship,” “mail”, “seal,” “paypal,” “bitcoin,” and “payment” indicate the 

transaction approaches. Keywords “brand new,” “stock,” and “charger” describe the 

products in transactions. Topic 2 focused on a highly specific pragmatic problem in 

purchasing JUUL: how to get the package at home without notifying parents. “House,” 

“package,” “signature,” “box,” “home,” and “usps” these keywords describe the scenario. 

Topic 3 was about the general question and description of the products. Topic 4 described 

user feelings including “hit” and “buzz.” Topic 5 talked about online transactions and 

possible sellers and scammers. Topic 6 was mostly related to flavors and we observed 

keywords including “mango,” “mint,” “cucumber,” “tobacco,” and “crème.” Topic 7 was 

related to the JUUL product replacement code, which served as one possible JUUL 

purchase approach. Finally, topic 8 discussed how to bring, use, and hide JUUL in school.  



57 
 
 

Table 2.2. UnderageJuul thread and comment topics 

No. Keyword Topic 

Thread 

1 kit, ship, starter, shipping, sale, charger, paypal, basic, brand_new, wts, venmo, amp, discreet, 

mail, detail, payment, stock, bitcoin, seal, discrete 

Online vendor purchase 

2 buy, order, pay, house, package, give, signature, question, live, online, mom, money, dad, box, 

home, sign, usps, air, break, advice 

Get package at home 

3 need, make, sh*t, feel, find, parent, fake, phix, long, person, nicotine, start, week, hmu, stuff, 

cheap, wanna, nic, tip, lmk 

Question about products 

4 pod, hit, people, put, charge, site, back, f*ck, refill, buzz, juice, juuls, post, vapor, full, serial, 

fine, change, bit, open 

Use feelings 

5 day, good, juul, ebay, seller, legit, guy, time, message, buy, pm, sell, post, real, scamm, 

scammer, trust, smoke, serial_code, price 

Sellers and scammers 

6 pod, sell, pack, mango, mint, flavor, area, cucumber, blue, tobacco, cool_cucumber, fruit, 

include, taste, high, creme, original, bay, buck, gas_station 

Flavors 

7 code, free, website, device, card, work, send, warranty, age, shop, friend, juuls, gift, step, 

replacement, ship, title, offer, today, serial_number 

Replacement code 

purchase 

8 pm, account, verify, school, place, interested, vape, underage, accept, empty, check, pic, 

picture, proof, store, gon, bring, hide, vendor, reddit 

Hiding Juul in school 

Comment 

1 pod, pack, mint, mango, free, charger, money, tho, flavor, interested, sale, tobacco, today, 

cucumber, nice, honestly, cool, kit, taste, blue 

Flavors 

2 put, send, work, account, find, back, verify, charge, shipping, code, carry, person, bag, address, 

happen, warranty, read, battery, email, problem 

Juul account verification 

and warranty code 
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3 buy, time, post, vape, year, comment, month, juice, need, hit, thread, amp, real, cheap, nic, 

fakeid, hard, test, update, juulmarket 

purchase, especially from 

fake ID 

4 good, lol, thing, man, hit, buzz, wait, start, juul, feel, bad, lot, high, great, addict, case, kinda, 

dad, phix, cigarette 

Feeling after use 

5 order, parent, package, fake, website, check, box, mail, live, purchase, age, state, site, card, 

house, shipping, show, sign, door, ago 

Get package at home 

6 make, sh*t, school, nicotine, fine, kid, long, smoke, search, easy, hide, place, bathroom, pocket, 

leave, sock, vap, drug, wanna, security 

hiding Juul in school 

7 sell, ebay, people, scammer, legit, seller, stuff, pic, scamm, ban, device, proof, starter_kit, 

reddit, mod, juuladdict, message_compose, link, contact, accept 

Sellers and scammers 

8 day, ship, pm, pay, paypal, friend, week, mom, dude, break, depend, message, extra, question, 

product, damn, money_back, open, life, rip 

Trading with other 

redditors 

9 F*ck, give, guy, lmao, bro, gon, idk, scam, price, pretty, call, ur, care, stop, hear, underage, talk, 

bring, dumb, karma 

Personal opinions 
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We observe that some of the topics are also listed in the purchase approach analysis, 

which indicates the consistency of machine-based text mining and human-labeled content 

analysis. The potential of combining machine-based data mining with current public health 

surveillance methods can be an interesting domain to explore in the future. 

2.5.6 Social Network Analysis 

 

Figure 2.5. UnderageJuul thread-comment social network 
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Figure 2.5 shows the structure of our thread-comment social network. Each node is 

a Redditor, and each edge is a thread-comment relationship. Note that node size and edge 

width represented the node degree and edge weight correspondingly. Different colors were 

used to represent different types of users based on their number of threads and comments. 

Orange nodes were active participants, blue nodes were inquirers, green nodes were 

respondents, and purple nodes were observers. 

By analyzing the topics for each type of users, we found that, inquirers (blue nodes) 

had a significant high distribution on the thread topic 1: online vendor purchase, compared 

to other types of users (P < .001 in Fisher’s exact test), which showed that they had a high 

number of threads, and these threads, in the meanwhile, were trading-related. Thus, if we 

wanted to find Juul vendors from Reddit, those with high number of threads but low 

number of comments should be carefully examined. We also examined the distribution of 

comments. All four types of users shared a similar pattern (P = .089 in Fisher’s exact test). 

The most popular comment topic was the flavor. 

Finally, we used degree centrality and PageRank centrality to identify key 

Redditors. We listed the top-10 degree centrality and PageRank centrality Redditors in 

Table 2.3. By manually reading the threads and comments from these Redditors, we could 

assign a role for these key users. We found that the high-degree centrality Redditors were 

mostly buyers and sellers. Two of them were reported as scammers in the transactions. 

However, high-PageRank centrality Redditors were more likely to ask questions and share 

use feelings in the online community. None of these key users were scammers. This finding 

suggests that different centrality measures evaluate different perspectives of “importance” 
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for the node in the social network. In the current UnderageJuul social network, the degree 

centrality indicated the potential of participation in the transactions while the PageRank 

centrality indicated the potential of participation in the online community discussions. 

Table 2.3. UnderageJuul key users 

User 

Name 

Degree 

Centrality 

Rank 

Role User Name PageRank 

Centrality 

Rank 

Role 

s***o 1 buyer 5***5 1 inquirer 

s***e 2 buyer/seller 

forum manager 

M***1 2 inquirer 

i***9 3 forum manager i***9 3 forum manager 

j***n 4 buyer s***o 4 buyer 

S***e 5 buyer S***e 5 buyer 

M***1 6 inquirer s***e 6 buyer/seller 

forum manager 

s***a 7 buyer t***r 7 buyer 

inquirer 

J***r 8 seller/scammer l***8 8 buyer/seller 

m***s 9 seller b***2 9 seller 

A***3 10 seller/scammer e***t 10 inquirer 

 

2.6  Contribution, Limitation and Future Research 

In this study, we obtained the following main findings pertaining to demographics, 

methods of access, use patterns of underage JUUL use, underage JUUL use online 

discussion topics, and social network structures of online underage JUUL community. In 

public health practical sense, these findings could benefit the public health community and 

policymakers understand the current situation of underage JUUL use and provide them 

with insights on how to leverage social media for timely surveillance of emerging public 

health issues. In Information Systems (IS) perspective, this study aims to develop a 

systematic and automatic analysis framework for analyzing regulated products with respect 

to content analysis and social network analysis, utilizing information extracted from online 
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social media communities. The proposed manually-examining and machine-based data 

mining methods can be used separately or jointly to mine relevant findings for decision 

support. 

This study has some limitations. First, we could not verify if the self-reported ages 

in the data were real or fake owing to the anonymity of Reddit users. Most of these ages 

were general, and these Reddit users often stated that they were underage or legal adults. 

However, as this subreddit was specifically created for discussion of underage JUUL users, 

we think the mentioned ages were fairly reliable. In addition, the number of mentioned 

ages was relatively small compared with the number of the subreddit users, and only a 

small number of users shared an age. Second, the location distribution in this study faces a 

similar limitation as to the age distribution, because we cannot get the exact addresses of 

Redditors from Reddit. In this study, we did not distinguish buyers’ locations and sellers’ 

locations, as we focused on the locations related to JUUL transactions. Third, the number 

of different flavors mentioned in the data was relatively small, but we can see their relative 

popularity among these Redditors. Fourth, we could not determine whether some messages 

were posted by e-cigarette store owners, others who have an interest in selling e-cigarettes, 

or even robots because the demographics of Reddit users were not available. 

Despite the above limitations, the findings of this study have some important 

implications in terms of research and policy. It is clear that discussions about preferred 

flavors were a reason that users used the UnderageJuul subreddit and also that many users 

used this venue to explore ways to obtain access to JUUL. At the same time, in the 6 months 

that this venue existed, it was not heavily used. However, because about half of the 
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UnderageJuul users also used the JUUL subreddit, there are alternative venues whereby 

youth could obtain information on flavors and methods to obtain JUUL. Our analysis of 

the subreddit for underage JUUL users suggests that social media data are a valuable data 

source for rapid public health surveillance, especially for emerging products such as JUUL, 

as the popularity of such products is often accompanied by discussions and promotions of 

the products on social media (Huang et al. 2019). There are several limitations of these 

data, and they should not be the only source of information, but they provide a unique and 

potentially real-time source of data to better understand behavioral intentions, potential 

demographic variables, purchase behaviors, social networks (which were not assessed in 

this analysis), temporal changes across a variety of variables, and other data that could be 

valuable to the public health, research, and regulatory communities. 

In addition, our findings indicate that social media could be a valuable surveillance 

tool for federal and state authorities responsible for regulating stores that sell e-cigarettes. 

Each state in the United States has a robust, FDA-funded process for tracking and 

regulating such stores, and social media data could be used to identify stores where 

additional assessment or observation and enforcement may be needed. When used along 

with other sources of data, social media data can point to emerging issues that need to be 

addressed in more depth.   
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3. ESSAY II: IDENTIFICATION OF ELECTRONIC CIGARETTE NEW 

USERS: A RECURRENT NEURAL NETWORK APPROACH 

3.1 Introduction 

Electronic cigarettes (e-cigarettes) have become increasingly popular in recent 

years. As an emerging nicotine delivery system, e-cigarettes, as defined by the FDA, are 

battery-operated products designed to deliver nicotine, flavor, and other chemicals in 

aerosol form (FDA 2016). Although the FDA has stated concerns about e-cigarettes as they 

are not fully studied, the market has experienced tremendous growth. The sales of e-

cigarette products were £3.9 billion globally, and £1.7 billion in the U.S., according to data 

from Euromonitor International (Davidson 2015). The growth rate was estimated to be 24.2% 

per year till 2018 (Wahba 2014).  

The fast market development leads to continuous discussions and debates about the 

use of e-cigarettes, prompting significant research interests and policy concerns. Evidence 

from Harrell et al. suggested that the use of e-cigarettes for quitting smoking is suggestive 

but ultimately inconclusive (Harrell et al. 2014). The conclusion from Ebbert et al. was 

similar. The authors indicated that the effectiveness of e-cigarettes for smoking cessation 

is modest and appears to be comparable to the nicotine patch combined with minimal 

behavioral support (Ebbert et al. 2015). However, e-cigarettes cannot be simply considered 

harmless. Drummond and Upson conducted a review utilizing recent data regarding e-

cigarette toxicity, impact on lung function, and efficacy in smoking reduction and cessation 

(Drummond and Upson 2014). They found that the vapor generated from electronic 

cigarettes had variable amounts of nicotine and potentially harmful toxins, albeit at levels 

lower than in conventional cigarettes. Pisinger and Døssing also conducted a systematic 
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review of the health effect of e-cigarettes (Pisinger and Døssing 2014). They stated that the 

current findings had many methodological problems and severe conflicts of interest. The 

inconsistencies and contradictions in current findings indicate no consistent conclusion 

could be drawn on the safety of e-cigarettes. Despite the consideration of toxicity, nicotine 

addiction is considered one of the most important concerns related to the widespread use 

of e-cigarettes. It is not clear whether the e-cigarette use will decrease or increase overall 

nicotine addiction (Palazzolo 2013), but the nicotine content in e-cigarettes is adequate to 

sustain nicotine dependence (Schroeder and Hoffman 2014). Therefore, people also hold 

different attitudes toward the regulatory policies of e-cigarettes. Current e-cigarette users, 

and people who perceived e-cigarettes to be less harmful than cigarettes, tended to support 

less restrictive e-cigarette policies (Brose et al. 2016). Smokers who did not use e-cigarettes, 

though, had strong support for many e-cigarette regulations regarding safety and quality, 

warning labels about potential risks, and the same legal age of sale as other tobacco 

(Wackowski and Delnevo 2015). 

Current research on e-cigarettes has two main streams. From the pharmaceutical or 

medical perspectives, the research focuses on the toxicity and addictiveness of e-cigarettes, 

which is important for laying a solid scientific foundation for evidence-based public health 

decision-making processes. For instance, Cameron et al. studied the fatal amount of 

nicotine in e-cigarette nicotine solutions (e-juice) and confirmed e-cigarette solutions 

contained nicotine doses that were potentially lethal in adults and children (Cameron et al. 

2014). Another paper reviewed 5 studies from poison control center databases between 

2010 and 2014, and summarized possible adverse health effects and symptoms including 

vomiting, nausea, and eye irritation (Payne et al. 2016). The other branch is more social 
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science-driven, which uses technologies and methods such as surveys, interviews, and 

social media to study the adoption patterns of e-cigarette users. For example, the awareness 

and use of e-cigarettes in the US were studied year by year from 2010 to 2012 (King et al. 

2013; Pearson et al. 2012; Regan et al. 2013). The prevalence of e-cigarettes over the world 

also triggered similar studies in multiple countries (Vardavas et al. 2015).  

Despite the rich information and observations in e-cigarette studies, however, most 

of the research considered e-cigarette adoption as a binary variable, that is, either yes or no. 

Nevertheless, because nicotine is addictive (Stolerman and Jarvis 1995), the longer an e-

cigarette user vapes, the higher the probability she gets addicted to e-cigarettes. Therefore, 

the vaping stages should be considered as an important factor in the evaluation of e-

cigarette use. In this paper, we propose to divide e-cigarette users into two groups based 

on their vaping stages. While the new e-cigarette users just pick up the vaping behavior 

recently or merely have a strong intention to start using e-cigarettes, the established users 

have used the products for a while and established the habit. They are more professional 

users and know much more in detail. This stage identification is of great importance 

because the new users are easy to get influenced by peers and advertisements. The 

successful detection can help vendors and policymakers to target their promotions precisely. 

Moreover, many new users are teenagers and young adults. Identification of these users 

can help conduct public health preventive study and early intervention. 

Social media provides real-time platforms for users to share knowledge and discuss 

interesting experiences online. We will utilize data from Reddit, which is one of the most 

famous online communities and comprehensive forums. The rich text information provides 
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a valuable data source for us to conduct data mining techniques in digging precious insights. 

Deep learning, which is an emerging technique in utilizing implicit deep data structures, is 

used to find out the new adopters. We hope both of our results and methods can provide 

valuable implications for future research. On the one hand, the discussions of the patterns 

of new users enrich the understanding of e-cigarette communities, which can be leveraged 

by regulatory departments. On the other hand, the proposed deep learning structure can be 

used to identify new users in any other regulated product. By utilizing data from social 

media, the possible new users of cigarettes, alcohol, and even marijuana can be detected, 

which can be further exploited in the public health domains. 

3.2 Literature Review 

3.2.1 E-cigarette, Nicotine Addiction, and Youth 

E-cigarette adoption rate grows continuously among smokers and nonsmokers, 

despite the unclear effect of usage. Awareness and use of electronic cigarettes have 

exponentially increased during the last few years (Schraufnagel et al. 2014). A literature 

review found that the expanding e-cigarette market was largely driven by middle-aged 

smokers who claimed to be using e-cigarettes in an attempt to reduce or quit smoking 

(Rahman et al. 2014). E-cigarette use among nonsmokers, however, remains low but is 

nevertheless increasing (Bullen 2014). Notwithstanding that many smokers and 

nonsmokers have tried vaping (Alawsi et al. 2015), vapers also keep smoking (Grana et al. 

2014). The dual use of e-cigarettes and traditional tobacco is therefore concerned by public 

health practitioners (Ebbert et al. 2015). Using e-cigarettes is considered as a possible 

gateway of picking up smoking (Franck et al. 2014), which raises more concerns when the 
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rapid growth of use is observed among adolescence and young adults (CDC 2015). Thus 

the pattern of e-cigarette adoption should be studied in details. 

Nicotine addiction is considered one of the possible reasons why e-cigarettes induce 

smoking behavior. On the one hand, young nonsmokers might pick up e-cigarettes and 

consider it less risky and more socially appealing, which may ameliorate negative beliefs 

or concerns about nicotine addiction (Grana and Ling 2014). On the other hand, whether 

e-cigarette can really help quit smoking is doubtful as well. A core concern is that smokers 

who could have quit completely will develop an alternative nicotine addiction instead 

(Cahn and Siegel 2011). Additionally, a survey reported evidence that only 1% of the 

sample vapers (sample n = 1,347) exclusively used non-nicotine (0 mg) e-liquid (Dawkins 

et al. 2013), which makes the real effect of e-cigarette use more questionable. Figure 3.1 

shows a proof-of-concept transition of the population by the impact of traditional and 

emerging tobacco products (Cobb et al. 2015). Nicotine addiction plays an important role 

in the processes of the transition. 

 



69 
 
 

Figure 3.1. The transition of cigarette and e-cigarette use (Cobb et al. 2015) 

The transitions and dual-use cause severe public health concerns, specifically, on 

youth, including adolescence and young adults. Findings from the 2014 National Youth 

Tobacco Survey showed that current e-cigarette use among high school students tripled in 

2014 (CDC 2015). However, the 2015 Monitoring the Future study (MTF) found that 

among students who had ever used a vaporizer, 65–66% last used nicotine-free e-liquid, 

which indicated that exponential increase in adolescent vaporizer use did not necessarily 

indicate a corresponding jump in nicotine addiction (Miech et al. 2016). Nonetheless, two 

findings might weaken the argument. First, packaging labels did not precisely indicate the 

ingredients. In other words, “nicotine-free” e-juice might contain nicotine (Cameron et al. 

2014). Second, many youth did not care about nicotine concentrations, and they did not 

even know about the contents in e-juice (Anand et al. 2015; Morean et al. 2016). These 

controversial findings increased the concerns of nicotine addiction on youth. 

3.2.2 Vaping Stages and Smoking Stages 

The new adoption identification is important since it represents a dynamic change 

from a non-user to a user. Because e-cigarettes could serve as a gateway to smoking, the 

successful new adopter identification can help public health interventions and 

corresponding research, especially for youth. New users are easy to be targeted. Their 

further behaviors can be greatly influenced by the information received in this stage. E-

cigarette vendors can take advantage of the stage to promote their products to establish 

consumer loyalty, while public health practitioners can utilize the stage to conduct anti-

vaping or anti-smoking campaigns as well. 
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To this end, the e-cigarette users should be classified into two general groups by 

the stages of use, i.e., new users who have just adopted the vaping behavior, and established 

users who have used e-cigarettes for a relatively long time. To the best of our knowledge, 

currently, there is little literature regarding the stage of vaping. The stage of smoking, 

however, provides valuable insights that can be leveraged in our research (Alireza 

Ayatollahi et al. 2005; Ertas 2007; Flay et al. 1998; Otten et al. 2007). Typically, the stage 

of smoking includes four categories, never users, experimenters, regular users, and quitters. 

Times or frequency are used to classified the users. A user who uses only part or all of one 

cigarette in her whole life is considered a trier, an early stage of experimenter (Flay et al. 

1998). However, trier can also be defined by users who have tried smoking or have 

experimented with cigarettes, but have not been smoking on a monthly basis (Otten et al. 

2007). In this paper, we focus our attention on current e-cigarette users. Thus the 

experimenters and regular users are the focal points of this study. Since we are studying 

the adoption pattern, we will call them new users and established users instead, respectively. 

3.2.3 E-cigarette Research on Social Media 

We conducted analysis of new users and established users based on data from 

Reddit, which can be considered as one of the most important social media platforms. 

Social media is a group of Internet-based applications that build on the ideological and 

technological foundations of web 2.0, and that allow the creation and exchange of user-

generated content (Kaplan and Haenlein 2010). Large social media, including Facebook, 

Twitter, YouTube, and Reddit, provide real-time platforms for e-cigarette users to share 

information and experiences. Vapor shop owners also heavily rely on social media or other 

online communities to promote e-cigarette products by offering price discounts, specials, 
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and loyalty programs (Cheney et al. 2015). These platforms also provide efficient methods 

of information access for health surveillance and social intelligence, which could be 

utilized by researchers (Wang et al. 2007; Yan et al. 2009). For instance, as one of the 

widest used platform, Twitter disseminated more than 500 million tweets per day. 1.7 

million tweets about e-cigarettes between 2008 and 2013 could be identified (Kim et al. 

2015).  

Previous research also showed evidence that social media can be utilized to study 

use patterns of e-cigarettes. For example, e-cigarette promotions on YouTube depicted 

their use as socially acceptable (Luo et al. 2014). Another study also discovered that e-

cigarette videos on YouTube usually highlighted e-cigarettes’ economic and social benefits 

(Paek et al. 2014). Twitter is another important marketing platform for e-cigarettes (Huang 

et al. 2014). Tweets were used for content and sentiment analysis to identify possible trends 

of e-cigarette use growth (Cole-Lewis, Varghese, et al. 2015). Reddit is one of the most 

active forums and thus serves an important role in providing support for e-cigarette 

discussions. Vulnerable population (Pavalanathan 2015) and e-liquid categories (Wang et 

al. 2015) were identified by data from Reddit. The cross-platform analysis utilized datasets 

from several different sources, which increases the generalizability of the conclusion. 

Symptoms detection (Hua et al. 2013), topic modeling (Chen et al. 2015), and marketing 

strategies identification (Chu et al. 2015) are performed based on the multi-source datasets. 

Despite the widespread use of social media as a data source for e-cigarette studies, 

the literature on social media-related e-cigarette analysis is nonetheless limited. On the one 

hand, Twitter and YouTube is well studied, but not so for comprehensive forums such as 
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Reddit. As one of the most popular forums in the world, Reddit contains comprehensive 

textual data sources with respect to e-cigarettes. Generally speaking, policy discussions, 

experience sharing, and promotions are among the most common topics. While Twitter has 

a restriction on the length of tweets (140 words), usually a Reddit post is lengthy and 

contains rich text semantics. On the other hand, current studies mostly focus on e-cigarette 

brands’ marketing strategies or users’ self-reported adverse effects. However, the stage of 

vaping, i.e., whether a user is a new user or an established user is never studied. In this 

study, we aim to utilize the rich text information on Reddit to classify users based on their 

vaping stages. 

3.2.4 Classification in Text Mining 

Machine learning gives computers the ability to learn without being explicitly 

programmed (Samuel 1959). The use of machine learning enables human beings to produce 

insights accurately and sufficiently by utilizing analytical techniques on large volume 

datasets. Text mining is a specific branch in data mining that is well developed in mining 

text data. Text mining tasks include feature extraction, clustering, classification, etc. 

Usually, hand-crafted features and machine-extracted features can be used in the 

classification tasks. Common classifiers include rule-based classifiers (Zhou et al. 2000), 

decision tree classifiers (Quinlan 1986), naïve Bayes classifiers (Maron 1961), and support 

vector machines (Vapnik 1999). The use of artificial neural networks is also commonly 

observed in text mining (Littlestone 1988). 
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3.3 The RNNNAC Approach 

We propose a Recurrent Neural Network based New Adopter Classification 

(RNNNAC) approach to study our research question. Specifically, the approach includes 

five steps, (1) data collection and preprocessing, (2) feature extraction, (3) document 

representation, (4) softmax classification, and (5) backpropagation. Figure 3.2 shows the 

process of our approach. Specifically, this RNNNAC approach is developed based on 

recently broadly-used deep learning techniques. 

 

Figure 3.2. The RNNNAC approach 

Deep learning is a branch of machine learning that utilizes multiple processing 

layers to learn representations of data with multiple levels of abstraction (LeCun et al. 

2015). In this research, we are going to use a recurrent neural network (RNN) to process 

the data and conduct supervised learning. RNNs are a family of neural networks for 

processing sequential data (Rumelhart et al. 1986). In a sense, RNNs are the deepest of all 

neural networks and can in principle create and process memories of arbitrary sequences 

of input patterns (Schmidhuber 2015). Since the text we use as input is composed of a 

sequence of words, we can use RNN to handle the learning task. Figure 3.3 shows a typical 

unfolded RNN structure (LeCun et al. 2015). The general representation of RNN is on the 

left-hand side. By listing all the inputs in a sequence, we unfold the general representation 
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of RNN and get the unfolded structure. In this diagram, 𝑥𝑡 is the input at time 𝑡. Here 𝑥𝑡 is 

a word which is represented by a numerical vector. 𝑠𝑡 is the hidden state at time 𝑡, which 

is also the memory of the network. 𝑠𝑡 is calculated by the previous hidden state 𝑠𝑡−1 and 

the current input 𝑥𝑡. 𝑜𝑡 is the output at time 𝑡. Generally speaking, the hidden state in the 

last step has accumulated the effect of all the words. However, this classic RNN structure 

usually has problems in long-term dependencies. The hidden state 𝑠𝑡  cannot memorize 

input information from 𝑥𝑚 if there is a very large gap between 𝑡 and 𝑚. 

 

Figure 3.3. A typical recurrent neural network (LeCun et al. 2015) 

Many other benchmark algorithms utilizing the bag-of-words model and traditional 

classifiers including decision trees, naïve Bayes, and support vector machines. However, 

RNN can do better in dealing with the task of new user identification from social media 

text data because of the following two reasons. First, usually the meaning of the words are 

vague and implicit, thus it is hard to find discriminating words as signals in the 

classification. For example, “new” can be a signal of new adopters when she says “I am 

pretty new in vaping.” But “new” can also have no signaling power such as in the sentence 

“I just bought some new e-juice.” Therefore the word sequence order is more important in 
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this task since it captures the contextual features of the documents. Not only the forward 

sequence but also the backward sequence can provide important features in the 

classification. For instance, consider the two sentences (1) “I just bought a new vaporizer, 

it was great.” and (2) “I just bought a new vaporizer as my starting setup in vaping.” The 

“new vaporizer” cannot indicate the user in sentence (1) as a new user but can do so in 

sentence (2), because of the second half of the sentence. The RNN model is exactly 

designed to deal with the arbitrary length of sequence input. Compared to RNN, the 

traditional bag-of-words model considers a document as a bag of words, disregarding 

grammar and even word order but only keeping the occurrence of the words into account, 

which loses valuable information of context. Second, data from Reddit does not contain 

demographical information, which means the man-crafted features are not easy to extract. 

Instead, the most valuable information is embedded in the lengthy text. RNN is good at 

dealing with text processing but does not require human-labeled features to obtain a decent 

performance. Therefore, in this essay we decide to construct an RNN based classifier. 

Currently, one of the most widely used RNNs is called the Long short term memory 

(LSTM) network, which overcomes the problem of vanishing gradient that traditional 

RNNs have (Hochreiter and Schmidhuber 1997). Figure 3.4 shows the structure of an 

LSTM unit (Liu et al. 2015), which is used to replace the hidden state unit in general RNN 

models. Unlike traditional recurrent unit which overwrites its content at each time step, an 

LSTM unit is able to decide whether to keep the existing memory via the introduced gates 

mechanism. A memory block is composed of four elements: (1) a memory neuron 𝑐 with 

self-connection, (2) an input gate 𝑖 controlling the flow of input signal, (3) an output gate 

𝑜 controlling the effect of the neuron activation on other neurons, and (4) a forget gate 𝑓 
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allow the neuron to adaptively reset its current state through the self-connection (Liu et al. 

2015). The following sequence of equations describe how a layer of memory blocks is 

updated at every time step 𝑡: 

 𝑖𝑡 = 𝜎(𝑈𝑖ℎ𝑡−1 + 𝑉𝑖𝑥𝑡 + 𝐶𝑖𝑐𝑡−1 + 𝑏𝑖) (1) 

 𝑓𝑡 = 𝜎(𝑈𝑖ℎ𝑡−1 + 𝑉𝑓𝑥𝑡 + 𝐶𝑓𝑐𝑡−1 + 𝑏𝑓) (2) 

 𝑐𝑡 = 𝑖𝑡⨀𝑔(𝑈𝑐ℎ𝑡−1 + 𝑉𝑐𝑥𝑡 + 𝑏𝑐) + 𝑓𝑡⨀𝑐𝑡−1 (3) 

 𝑜𝑡 = 𝜎(𝑈𝑜ℎ𝑡−1 + 𝑉𝑜𝑥𝑡 + 𝐶𝑜𝑐𝑡 + 𝑏𝑜) (4) 

 ℎ𝑡 = 𝑜𝑡⨀ℎ(𝑐𝑡) (5) 

where 𝑈𝑘 , 𝑉𝑘 , and 𝐶𝑘  are the weight matrices between two consecutive hidden layers, 

between the input and the hidden layers, and between two consecutive cell activations, 

respectively, which are associated with gate 𝑘, and 𝑏𝑘 is the associated bias vector. The 

symbol ⨀ denotes an element-wise product of the two vectors. The gate function 𝜎 is the 

sigmoid activation, and 𝑔 and ℎ are the cell input and cell output activations, typically a 

tanh (Liu et al. 2015). 
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Figure 3.4. An LSTM unit structure (Liu et al. 2015) 

The RNN utilizes the sequential order of the input in the machine learning structure, 

while the reverse sequential order might be helpful as well. The bidirectional RNN 

integrates both the past and future context into the model (Schuster and Paliwal 1997). The 

bidirectional LSTM is widely used in supervised learning tasks (Conference and Hutchison 

2015; Graves and Schmidhuber 2005; Ul-Hasan et al. 2013), which sheds light on our 

research. 

In this study, we utilize word embedding techniques to extract text features, then 

feed those features to an LSTM model, use a softmax classifier to conduct the classification 

task, and finally use the cross-entropy loss function to backpropagate the classification 

error. 

3.4 Experiment 

3.4.1 Data Collection 

The dataset for analysis is collected from Reddit. We identified the top 10 most 

popular subreddit (a niche forum in Reddit which is specific to some topics) of e-cigarettes 

and crawled down all the posts in those subreddits. We also used keywords “e cigarette,” 

“e liquid,” “e juice,” “vaping,” and their variations to conduct keyword-based search in 

data collection. Finally, a total of 34,051 e-cigarette related posts were collected. Our 

objective was to classify real e-cigarette users into two categories, new users or established 

users, based on the text information in the posts. However, we found the dataset had noise 

because some of the users were robots, traders, or vendors. Thus we did the data cleansing 

as follows. 
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(1) All the http website links were removed. 

(2) Individual traders were removed, by using the keywords “wts,” “wtb,” or “wtt.” 

(3) E-cigarette vendors were removed, by recognizing the patterns including “for sales,” 

“% off,” “giveaway,” “coupon,” and “free shipping.” 

(4) Automatic posts by Reddit system were removed, by using the pattern “+5 comments…” 

(5) Possible spam users were removed, by calculating their total number of posts (if >50). 

By these processes, we can focus on the core users and identify their vaping stages. 

After cleansing, we had 20,417 posts and we randomly selected 3,324 of them to label. By 

reading the text content thoroughly, we labeled the user of the post as “new adopters”, 

“established users”, or “others”. Since we cannot rule out all the non-relevant users, we 

kept a category “others” for the posts which were generated by users who were not easily 

labeled as new adopters nor established users. Two Ph.D. students labeled the data and 

3,324 (94.97%) of them had consistent labeling. We used them as the experiment dataset. 

3.4.2 Data Labeling 

Intuitively, e-cigarette users can be classified into two general groups by the stage 

of adoption, i.e., new users who have just adopted vaping behavior and established users 

who have used e-cigarettes for a relatively long time. To the best of our knowledge, very 

few e-cigarette studies have mentioned the different stages of use. King et al. used the 

concepts “ever use” and “current use” to classify different kinds of e-cigarette users (King 

et al. 2015). A more specific classification is discussed by Giovenco and colleagues, in 

which the authors proposed the idea of “ever user,” “current user,” and “established user 
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(Giovenco et al. 2014).” Ever users who had used e-cigarettes during the past 30 days were 

considered current users. Current users who had used e-cigarettes more than 50 times in 

their lives were considered established users. While that classification captured the 

frequency of e-cigarette use, it did not consider how long in time that the user has been 

using e-cigarettes. 

The stages of smoking provide valuable insights (Alireza Ayatollahi et al. 2005; 

Ertas 2007; Flay et al. 1998; Otten et al. 2007). Typically, smoking includes four categories: 

never users, experimenters, regular users, and quitters. Times or frequency is used to 

classify users. A user who used only part or all of one cigarette in her whole life is 

considered a trier, an early stage of experimenter (Flay et al. 1998). Triers can also be 

defined as users who have tried smoking or experimented with cigarettes but have not been 

smoking on a monthly basis (Otten et al. 2007). In this paper, we focus our attention on 

current e-cigarette users. Thus, the experimenters and regular users are the focal points of 

this study. We use the term “established users” from Giovenco et al. (2014) to refer to the 

regular users who had used e-cigarettes for a long time and established the habit of vaping 

(Giovenco et al. 2014). “New users” refer to the experimenters who had tried e-cigarettes 

or had a strong intention of using e-cigarettes. 

Our labeling criteria adopted those from existing literature of cigarette use stages 

(Alireza Ayatollahi et al. 2005; Ertas 2007; Flay et al. 1998; Otten et al. 2007). We consider 

new users as those who explicitly mention that they have used e-cigarettes for less than or 

equal to one month (For example “I started vaping 3 weeks ago”), know little of e-cigarette 

equipment and materials, have trouble with basic usage, or use very few specific e-cigarette 
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terms in their posts. Users with explicit intentions but haven’t tried e-cigarettes yet are also 

considered new users. Other e-cigarette users with rich e-cigarette use knowledge, 

understanding the terms, knowing the advanced use of e-cigarettes, or sharing helpful 

information in answers and reviews are considered established users. All other types of 

users that cannot be clearly classified into the above two groups were “others” users, 

including non-e-cigarette users, vendor promotions, and unrelated posts. For example, the 

following two posts were labeled as written by new users. The first post revealed its 

author’s use stage explicitly, and the second one contained implicit information. 

(1) Buying a setup online, noob, need suggestions. I'm going to buy a setup tonight, maybe 

tomorrow if I don't get any responses tonight. I've never vaped before, and honestly, going 

through all the posts to find the exact answer hasn't really led me to the right (best) 

answer… 

(2) Letting E-liquid breathe?. I read something about letting your e-liquid breathe for 

24hours or something before using it? What is it I need to do when my first liquid comes 

in? Does this mean I need to wait a day before I can use it? 

The following two posts were labeled as written by established users. Again, the first one 

is explicit, the second one implicit. 

(1) Need help getting started. Hi guys, I've been tiptoeing about quitting for over 6 months 

now. I've cut down from a pack a day to a pack a week, sometimes less if I don't drink. 

Anyway, I was able to do so because I received an e-cig as a gift. I like everything about 

vapping but the e-cig I have looks too much like a real cigarette and has a blue LED at the 
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tip. I want something different. Can anyone recommend a good start-up kit or setup? 

Cheers, E. 

(2) Dripping advice. Hey guys, I've been using a sub ohm tank and have been wanting to 

venture into dripping. What's some advice/recommendations for getting started? Thanks 

in advance! 

We randomly picked 10% of the dataset as the test set, namely, verifying the 

classifier’s performance on unseen data. The remaining 90% was split into the training set 

and validation set used in the neural network. The summary of the dataset is shown in Table 

3.1. 

Table 3.1. Summary of the dataset 

 Whole Train Test 

Total 3324 3000 324 

New User 538 501 38 

Established User 1494 1357 136 

Others 1292 1141 150 

 

3.4.3 Data Analysis 

As we mentioned in section 3.3, we used a bidirectional LSTM model to conduct 

data analysis. Specifically, we converted raw text input into numerical input by using word 

embedding. Then the word vectors were fed into the LSTM model. Finally, the LSTM 

output was fed into a softmax classifier to predict the label of each sequence of words. Our 

model is shown in Figure 3.5. 
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Figure 3.5. Integrated bidirectional classification model. 

The input of the LSTM model could be one-hot vectors representing the words. 

However, as the vocabulary grows, the dimension of the vector will grow tremendously, 

which introduces complexity problems to the computing processes. In practice, word 

embedding is used to convert words into fixed-dimension real-value vectors, at the same 

time, to map the words with similar context to the closer vectors. There are two popular 

strategies to generate the input: fine-tuned word embedding and pre-trained word 

embedding. While the former trains the embedding together with other layers of the neural 

network, which can represent the context more precisely, the latter utilizes existing corpus 

to train the embedding, which can make use of the existing large corpus set to represent 

the words with fewer biases. In this research, we used the Google word2vec model as the 
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pre-trained word embedding method (Mikolov, Chen, et al. 2013a; Mikolov, Sutskever, et 

al. 2013). The word embedding dimension we used was 128, which means each word was 

represented by a 128-dimension vector.  

Before the feeding, we pre-processed each document by lowercasing all words and 

cleansing redundant whitespaces. Each document was added a START token and an END 

token. We then built the vocabulary from the training set by marking rare words as an 

UNKNOWN token, and adding a PADDING token to make context windows for boundary 

words. 

We used Python Keras package to build our LSTM neural network (Chollet 2015). 

The hidden layer size was set to be 64 in bidirectional LSTM model and 128 in uni-LSTM 

model. The dropout mechanism (dropout rate = 0.2) was used to deal with the problem of 

overfitting (Srivastava et al. 2014). The output of the LSTM layer was fed into the softmax 

categorical classifier. Finally, the rmsprop optimizer is used with the categorical cross-

entropy loss function (Tieleman and Hinton 2012).  

In each of the epoch, all the documents were fed into the model one by one. By 

comparing the generated output and the true labels, the backpropagation mechanism would 

update the weight for each neural. The maximum number of epochs to run was set to be 

200, while we set the patience, which was the number of epochs to wait before early stop 

if no progress, was 2. 
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3.4.4 Evaluation Metrics 

We considered two measurement scores to evaluate our method, i.e., overall 

accuracy and precision, recall, and F1-score for the new adopters. The four metrics were 

defined as follows. 

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑜𝑡𝑎𝑙 𝑡𝑟𝑢𝑒 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛

𝑇𝑜𝑡𝑎𝑙 𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛
 (6) 

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑖 =
𝑇𝑜𝑡𝑎𝑙 𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑖

𝑇𝑜𝑡𝑎𝑙 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑖
 (7) 

 𝑅𝑒𝑐𝑎𝑙𝑙𝑖 =
𝑇𝑜𝑡𝑎𝑙 𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑝𝑟𝑒𝑑𝑖𝑡𝑖𝑜𝑛𝑖

𝑇𝑜𝑡𝑎𝑙 𝑎𝑐𝑡𝑢𝑎𝑙 𝑝𝑜𝑠𝑡𝑖𝑣𝑒 𝑐𝑎𝑠𝑒𝑠
 (8) 

 𝐹1 =
2 × 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑟𝑒𝑐𝑎𝑙𝑙
 (9) 

Intuitively, on the one hand, we cared about the overall prediction result. Thus, 

accuracy was used to evaluate the model outcome. On the other hand, we were even more 

interested in successfully identifying new adopters of e-cigarettes. Thus, precision, recall, 

and F1-score were used to measure the category level prediction performance. 

3.4.5 Experiment Settings 

We investigated the effectiveness of the proposed and baseline methods on the 

classification task. The following methods were implemented to prove the effectiveness of 

the proposed neural network in vaping stage classification and prediction.  

(1) Bag-of-words + SVM. This was the standard state-of-the-art text mining approach. 

Bag-of-words model was used to represent the document, while SVM was used as the 

classifier. 
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(2) Word embedding + SVM. We learned word vectors from word2vec (Mikolov, Chen, 

et al. 2013a; Mikolov, Sutskever, et al. 2013), averaged word embedding from each word 

to get document representations, and trained an SVM classifier. 

(3) Word embedding + LSTM. We used the word2vec embedding as well, but fed these 

embedding vectors as input to the LSTM neural network. The output was the classification 

model by a softmax classifier. 

(4) Word embedding + Bi-LSTM. This was similar to method (3). But bidirectional LSTM 

was used instead of uni-LSTM. 

3.5 Results 

Experimental results are given in Table 3.2. We evaluated each method by the two 

metrics we mentioned above, namely the overall accuracy (higher is better) and new user 

detection (the higher, the better). The best method for each evaluation metric is in bold. 

Table 3.2. Classification results of different methods 

 Overall New users 

 Accuracy Precision Recall F1-score 

(1) Bag-of-words + SVM 0.63 0.00 0.00 0.00 

(2) Word embedding + SVM 0.74 0.32 0.16 0.21 

(3) Word embedding + LSTM 0.77 0.55 0.55 0.55 

(4) Word embedding + Bi-LSTM 0.81 0.64 0.66 0.65 

 

From Table 3.2, we can see that the bag-of-words+ SVM was the worst method 

since no word feature was captured and utilized. It obtained a 63% overall accuracy but 

cannot identify any of the new adopters (0%) in the test set. Usually, new users only 
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accounted for a small fraction of users, 16% in our dataset. Thus simply using bag-of-

words + SVM cannot capture these new adopters, which deviated from our focal point in 

this study. 

Word embedding + SVM provided much improvement compared to the first 

method. The overall accuracy increased to 74% and it could successfully identify a small 

part of the new users. However, the majority of the overall accuracy improvement came 

from the accuracy improvement in established and other user identification. Because of the 

words used by these users were highly different, the bag-of-words model could capture 

good features in discriminating established and other users. Nonetheless, the discrimination 

power for new users and established users was still low. Only 32% of the predictive new 

users were true new users (precision); only 16% of the true new users were successfully 

identified (recall). 

By utilizing the deep learning neural network structure, we could further improve 

the classification results. LSTM method further improved the overall accuracy by 3%, 

which mostly came from the improvement in new users identification. The forward word 

sequence provided valuable information in recognizing these new users, which increased 

the precision by 23%, and recall by 39%. In this task, recall was even more important than 

precision. From formula (8), a higher recall means a better detection rate of the real new 

users, which are important targets of vendors and policymakers. The performance of the 

LSTM model indicated that the utilization of sequential information could in turn improve 

the result of rare user identification. 
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Finally, the bidirectional LSTM could capture more text information and implicit 

data structures in social media user posts, by leveraging the backward sequence of the 

words compared to the uni-LSTM model. Thus, it had the highest scores with respect to 

the two evaluation metrics. The overall accuracy increased by 4% and the new users 

identification improved by 9% in terms of precision and 11% in terms of recall. The result 

indicated that the proposed word embedding and bidirectional LSTM method could 

successfully deal with the classification problem to identify possible new e-cigarette users, 

which provided a handy tool in further public health analysis. 

 

Figure 3.6. ROC curve for bi-LSTM and SVM classifiers results 

We further analyzed the classification results by using the receiver operating 

characteristic (ROC) curve. ROC curve is widely used to illustrate the performance of a 

classifier. It shows the tradeoff between sensitivity and specificity. Typically, the closer 

the curve follows the left-hand border and then the top border of the ROC space, the more 

accurate the test. Note that the “class 1” in Figure 3.6 means new users. Although the 

general performance for aggregated classification is similar, the bidirectional LSTM 
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classifier performs much better in terms of new user identification compared to the SVM 

classifier. 

3.6 Implications 

Based on the proposed classification model, we can apply our findings to public 

health analytics and inferences. A large number of new discussions and posts regarding e-

cigarette use emerge in social media on a daily basis. Because of the large magnitude of 

the big data, manually labeling all posts is practically infeasible. Applying the proposed 

classifier to posts can automatically label a large dataset quickly with regard to users’ 

vaping stages. We applied our classifier to the whole dataset and got 29,043 new user posts, 

223,417 established user posts and 74,137 posts belonging to neither of the groups. After 

users’ vaping stages were identified, with an acceptable mislabeling rate, we can then focus 

our attention on these important questions. 

(1) What are the discussion themes and topics among different user groups? 

(2) What are the post distributions across subreddits among different user groups? 

(3) How are the metrics different among different user groups? 

First, we are interested in finding themes and topics among different user groups 

since they provide valuable insights into emerging trend detection and community 

development illustration. For example, if the topic changes from quitting smoking to 

vaping weeds, then policymakers should be notified so they can consider corresponding 

strategies. We generated a word cloud for each group of users to identify possible themes 

and topics which is shown in Figure 3.7. We can see that many new users mentioned they 

were new to the community. They also asked for help from the community more frequently. 
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Established users, however, liked to discuss more advanced e-cigarette building techniques, 

such as coil, mod, tank, flavor, and juice. The topics for “other” users were similar since 

many of them were vendors promoting their products. Some interesting patterns that we 

observed included that the topics were usually more general words with less detailed 

descriptions. 

 

Figure 3.7. Word cloud for different users 

As Cobb et al. indicated, several possible pathways might lead to the use of e-

cigarettes. Two interesting directions were traditional smokers who wanted to quit to pure 

e-cigarette users and non-smokers to pure e-cigarette users (Cobb et al. 2015). By using 

the keyword “quit smoking” in the extended new user set (n = 29,043), we found 1,928 out 

of 29,043 (6.6%) posts explicitly mentioning quitting smoking behavior. In comparison, 

only 955 out of 29.043 (3.3%) of the posts said they were not smokers. On contrary, 1,450 

(0.7%) quitting smoking posts and 833 (0.4%) non-smoker posts were identified from the 

extended established user set (n = 223,417). Thus we could see that new e-cigarette users 

were more likely to share their smoking status information with the online communities 

(9.9% vs. 1.0%, 𝑃 < .001 in Fisher’s exact test), and we observed more new users from 

previous traditional smokers than from non-smokers. 
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In addition, we used the Latent Dirichlet Allocation (LDA) method to study the 

topics in the whole dataset. LDA is a generative model for unsupervised topic modeling 

that automatically discovers hidden topics from a set of documents (Blei et al. 2003). The 

number of topics is predefined in the algorithm. In order to obtain a reasonable number of 

topics, we adopted the same method used by Zhan et al. (2017). The hierarchical Dirichlet 

process was used to evaluate and decide the number of topics (Teh et al. 2006). In the HDP-

LDA model, the number of topics could be unbounded and learned from the data. We 

estimated the probability weight associated with each topic. We chose 7 and 13 topics as 

two feasible LDA models. Both models had a specific topic for “quit smoking,” which 

confirmed that many former smokers considered using e-cigarettes as a possible way to 

quit smoking. 

The user distribution pattern is interesting as well. For example, if certain 

subreddits for new users are identified, it is easier for vendors or policymakers to target 

their objectives, such as advertisements or an anti-vaping campaigns. We analyzed the post 

distribution across the subreddits, which is shown in Table 3.3. We found that Vaping101 

is a typical community for new e-cigarette users, just as indicated by its name. Established 

users were active in all kinds of major e-cigarette subreddits. In comparison, other users 

were more likely to be vendors and traders (ecigclassifieds is a platform for e-cigarette 

trading). The result displayed a clear distinction between user types. 

Table 3.3. User distributions among subreddits 

Rank New users’ post 

(n = 29,043) 

Established users’ post 

(n = 223,417) 

Others’ post 

(n = 74,137) 

1 electronic_cigarette electronic_cigarette electronic_cigarette 
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(n = 19,509; 67.17%) (n = 156,203; 69.91%) (n = 47,999; 64.74%) 

2 vaporents 

(n = 3,049; 10.50%) 

Vaping 

(n = 23,150; 10.36%) 

Vaping 

(n = 6,553; 8.84%) 

3 Vaping 

(n = 2,980; 10.26%) 

vaporents 

(n = 18,010; 10.06%) 

vaporents 

(n = 5,851; 7.89%) 

4 Vaping101 

(n = 2,404; 8.28%) 

Vaping101 

(n = 8,721; 3.90%) 

ecig_vendors 

(n = 5,352; 7.22%) 

5 Canadian_ecigarette  

(n = 312; 1.07%) 

RBA 

(n = 5,327; 2.38%) 

ecigclassifieds 

(n = 2,200; 2.97%) 

 

The Reddit dataset also provides post-related metrics such as the number of replies 

and scores. Reddit is a forum that allows users to write comments on posts. A reply is an 

online communication behavior indicating user involvement in the community. Users can 

also rate the post. If a user likes a post, she can upvote the post, which will increase the 

score of the post by one. She can downvote the post as well, which will decrease the score 

by one. We observed some posts with extreme numbers for replies and scores. Thus, we 

also tested the result with the dataset truncated the top 2.5% of the posts and the bottom 

2.5% of the posts with respect to the metrics. Table 3.4 shows metrics comparison between 

the groups. 

Table 3.4. Post metric comparisons 

 # Replies Score # Replies  

(truncated) 

Score 

(truncated) 

New users mean = 12.96 

median = 9 

mode =6 

mean = 5.87 

median = 3 

mode = 1 

mean = 11.60 

median = 9 

mode = 6 

mean = 4.15 

median = 3 

mode =1 
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Established 

users 

mean = 12.05 

median = 8 

mode = 4 

mean = 5.88 

median = 3 

mode = 1 

mean = 10.49 

median = 8 

mode = 4 

mean = 3.94 

median = 3 

mode =1 

Others mean = 17.88 

median = 8 

mode = 0 

mean = 18.12 

median = 4 

mode = 0 

mean = 13.94 

median = 8 

mode = 0 

mean = 10.80 

median = 4 

mode =0 

 

Using the metrics after removing 5%, we conducted several two-group t-tests to 

compare the metrics differences among different user groups. The comparison of the new 

users and established users was the most interesting. The average number of replies to a 

new user post was significantly larger (𝑃 < .001 in t-test) than to an established user post. 

Similarly, scores were significantly larger (𝑃 < .001 in t-test) for new user posts than for 

established user posts. Those results showed that users in e-cigarette online communities 

were more likely to engage in discussions with beginners rather than established users (# 

replies) and liked to do so (score). 

3.7 Discussion 

3.7.1 Contribution 

In this paper, we utilize the rich text information from Reddit to study the vaping 

stage of e-cigarette users. Deep learning techniques are used to build a more accurate 

vaping stage classifier. Compared to the baseline models, our proposed model achieves 

better overall accuracy and much better performance on new user identification. The 

classification model is applied to the whole dataset to study practical e-cigarette problems 

that are significantly relevant to public health policymakers. With the fast growth of social 

media, our model presents a deep architecture for utilizing big data in public health studies. 
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The 2014 Conference of the Parties to the WHO Framework Convention on 

Tobacco Control proposed several objectives on conducting e-cigarette (or, ENDS, 

Electronic Nicotine Delivery Systems) research in accordance with national law, one of 

which was to prevent the initiation of ENDS/ENNDS (Electronic Non-Nicotine Delivery 

Systems) by non-smokers and youth with special attention to vulnerable groups. Our 

research fits in this scope by providing a powerful machine classifier that can successfully 

identify e-cigarette new users on social media correctly. With the help of our research 

techniques, public health departments can consider conducting early surveillance and 

interventions to influence the behavior of those new users. 

3.7.2 Limitation 

The limitations of this study are twofold, related to data and models. On the one 

hand, Reddit data does not have demographic information. Since Reddit does not provide 

reliable personal characteristics, specifically, age and gender, we cannot stratify our 

research analysis on age or gender groups with high reliability. On the other hand, more 

contextual information could be integrated into the bi-LSTM model. Currently, only the 

text information is fed into the model. However, the date, time, detailed replies, and even 

users’ social network metrics are possibly helpful features for improving the prediction 

accuracy. Other deep learning techniques such as convolutional neural networks could also 

be applied in this task. 

3.7.3 Future Research 

We envision three possible approaches for further study. First, as we mentioned 

earlier, new users need attention since their attitudes and behaviors are easily influenced. 



94 
 
 

The study of vaping stages needs more support from other datasets. By applying our model, 

more evidence could be generated to expand the study scope in this field further. Second, 

more attributes could be added to the current standard bi-LSTM model to achieve better 

classification performance. Third, by introducing an additional convolution layer or LSTM 

layer, the current model could be enhanced to handle more complex data structures, which 

could improve the accuracy. 

3.7.4 Conclusion 

In summary, by using the bidirectional LSTM model, we conduct classification on 

the e-cigarette users’ vaping stages. Specifically, we achieve 81% accuracy in prediction 

task. By applying our model to the whole dataset, we find that e-cigarette new users might 

use e-cigarettes as a possible approach to quit smoking. They ask for help from the 

community more frequently. Their posts tend to have more replies and higher score. Our 

results indicate that this automatic method could be used to analyze the emerging problems 

in e-cigarette and other regulated product fields. We hope the model and corresponding 

findings in this paper could be further leveraged by other researchers and policymakers. 
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4. ESSAY III: LEARNING LINEAR MODELS WITH SOCIAL INFLUENCE IN 

LARGE-SCALE SOCIAL NETWORKS 

4.1 Introduction 

A social network presents a social structure of actors and their interactions 

(Wasserman and Faust 1994a). Social network analysis refers to a broad strategy for 

investigating social structures using network and graph theory on individual properties and 

relationships (Otte and Rousseau 2002), and has been broadly used in various subdomains 

of information systems (IS) including social influence (Tang et al. 2009), technology 

adoption and acceptance (Ten Kate et al. 2010), and information diffusion (Susarla et al. 

2012). 

Although the definition of social network can date back to sociograms in the 1930s 

by Jacob Moreno, the mathematical formalization of social network analysis was 

conducted in the 1950s, and the broadly accepted theories and methods became pervasive 

in social and behavior science in the 1980s (Borgatti et al. 2009; Freeman 2004; Scott 1988; 

Wasserman and Faust 1994b), the fast emergence and development of new social media 

platforms provide great opportunities for social network analysis by accommodating 

innovative and unique social relationships that have never been defined in real-world 

scenarios. Generally speaking, there are four basic tie types that design the relationships in 

social networks: proximities, relations, interactions, and flows (Borgatti et al. 2009), where 

social media expand the definition and provide greater possibilities for establishing 

connections between social actors (Kane et al. 2012). For example, location-based social 

networks, such as Foursquare, help establish social connections through shared physical 

places, which enhances the proximities explicitly. Functionalities such as Facebook friends 
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and Twitter followers support the social relations built online. Discussion boards and 

forums, such as Reddit, facilitate interactions among social media users via messages. 

Finally, the retweet and content forward mechanisms in Twitter and Reddit support 

information flow in the network. We are now living life in networks (Lazer et al. 2009). 

Besides the widely used social media platforms, the use of sensors and the Internet of 

Things (IoT) increased the smartness of our living environment and collect massive data 

for comprehensive social network analysis (Papadimitriou et al. 2009; Tyagi and Kumar 

2017). Mobile social networks and vehicular social networks also provide promising 

(Eagle et al. 2009; Ning et al. 2017) research opportunities.  

Such new social networking platforms bring extensive research opportunities and 

challenges for researchers and practitioners. Nowadays, more than a billion people around 

the world are using social media platforms that generate overwhelming unstructured data 

in a relatively short time (Ghani et al. 2018). The utilization of the massive amount of user-

generated data, well-known as “big data,” has been intensively researched recently. A 

stream of social network analysis focuses on the structural and location properties of the 

network, such as node centralities and network clustering and community detection 

(Wasserman and Faust 1994a). Methods and algorithms are proposed to conduct analysis 

on the background of very large graphs, such as millions or even billions of nodes (Kang 

et al. 2011; Malliaros and Vazirgiannis 2013). Another stream of research, built upon the 

social influence theory, aims to evaluate the interactions among social network actors. The 

relationship is the most important feature of social networks, and serves as the key factor 

that distinguishes the social network analysis with other types of social science methods 

(Otte and Rousseau 2002). The constructed relationship among social actors indicates 
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interdependence among individuals. Decisions made by an individual is not solely 

associated with its personal features such as age, gender, income, and education level, but 

also associated with the decisions made by his or her neighbor social actors. A popular and 

broadly used model in this domain to analyze the interdependence outcomes in social 

networks is the network autocorrelation model (NAM) which incorporates the 

interdependence among individuals (Doreian 1980; Doreian et al. 1984; Dow et al. 1982). 

The state-of-the-art research in this scope usually analyzes networks with the size of a few 

hundred or a few thousand of nodes with only one tie type (Vitale et al. 2016; Zhang et al. 

2013). Given the explosively increasing network size and complicated actor relationships 

in real datasets, there exist great gaps to develop useful computation algorithms for large-

scale social network analysis on modeling social influence that can process multiple types 

of large networks in reasonable computation time. 

Recent years have observed the emergence of Information Systems (IS) research in 

the field of health information technology (health IT), which is defined as “a broad concept 

that encompasses an array of technologies to store, share, and analyze health information 

(Baird et al. 2018).” Among the extensive literature of health IT, social network analysis 

has been broadly used. There exist not only traditional-defined social networks among 

patients, prescribers, and other health stakeholders recorded in survey datasets, but also 

newly emerged social networks identified in social media and other electronically-stored 

information collections such as electronic health records (EHRs) or electronic medical 

records (EMRs). Guided by the social influence theory, an individual’s attitudes, beliefs, 

and subsequent actions or behaviors are influenced by referent others (Kelman 1958). 

These commonly seen networks provide innovative research perspectives on health and 
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social science researchers for health surveillance and intervention. For example, traditional 

family relations and friend relations are used to explore the causal impact of social 

relationships and health (Cacioppo and Cacioppo 2014; Cohen 2004; House et al. 1988; 

Kawachi and Berkman 2001; Umberson et al. 2010; Umberson and Karas Montez 2010). 

The potential of EHR and social media networks are also summarized in (Hawn 2009; 

Jensen et al. 2012; Laranjo et al. 2014). 

Studies utilizing NAMs contribute to the health IT social network analysis literature 

by investigating the presence of individual interdependence embedded within social 

structures and health outcomes. The interdependent observations violate the assumption of 

independence between error terms and response variables, thus linear regressions are not 

appropriate in modeling such scenarios. Instead, NAM is considered as “a workhorse for 

modeling network influences on individual behavior (Fujimoto et al. 2011).” In recent 

years, NAMs have been gaining more interests in the public health domain. For example, 

it was applied to study the email network of coworkers and Body Mass Index (BMI) 

(Matthews et al. 2013), the substance use and exercise in a college student social network 

(Barnett et al. 2014), the effect of misperception of peer alcohol use on students’ drinking 

behavior (Kenney et al. 2017), the infection of bovine tuberculosis in a contact network 

constructed from using proximity logging data (Silk et al. 2017), the eating disorder 

behavior affected by online forum communications (Moessner et al. 2018). A summary of 

these publications is listed in Table 4.1. While these studies utilized NAMs, one of the 

major limitations is the data size. The network size is limited to a few thousand, sometimes 

even less than a hundred. This is common for NAM studies in other research domains, such 

as (Vitale et al. 2016; Zhang et al. 2013). Given the literature gap and potentials, our goal 
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in this study is to investigate and develop an innovative method for processing NAM on 

large-scale multi-type social networks. 

Table 4.1. Network autocorrelation model studies in public health 

Publications Response Variable Other Exogenous 

Variables 

Social Network Network 

Size 

Matthews et 

al. 2013 

BMI N/A Email 1,660 

Barnett et 

al. 2014 

Substance 

use/exercise 

Gender, athlete 

status 

Important person 129 

Kenney et 

al. 2017 

Drinking and 

drinking perceptions 

N/A Important person 129 

Silk et al. 

2017 

Infection of bovine 

tuberculosis 

Age, gender Proximity-

logging radio tags 

51 

Moessner et 

al. 2018 

Eating disorder Text topic Reddit threads 3,029 

 

We develop the manuscript as follows. We describe the NAM in detail in section 

4.2 and discuss the proposed estimation method in section 4.3. Section 4.4 introduces the 

theories supporting NAM and our proposed method. Section 4.5 presents the experiment 

result of a simulation study and a real dataset. Section 4.6 concludes the paper. 

4.2 Network Autocorrelation Model 

NAM has various forms. A commonly seen model is shown as Formula (1) 

𝒚 = 𝜌𝑾𝒚 + 𝑿𝜷 + 𝝐 (1) 

Where 𝒚 is a (𝑛 × 1) vector and represents the observed endogenous outcome variable we 

aim to study. 𝑿 is an (𝑛 × 𝑚) matrix of value for 𝑛 individual’s 𝑚 explanatory covariates. 

We will refer to 𝒚 as the dependent variable and 𝑿 as the independent variable hereafter. 

Mathematically, 𝑦𝑖 is determined by the weighted sum of other 𝑦𝑗 and corresponding 𝒙𝒊, 
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which represents the process that the ego makes decisions based on her own intrinsic 

factors but also takes into account the opinions or behaviors of her significant alters. 

Intuitively, some alters carry more weight than others, which is modeled by the weight 

matrix 𝑾 that represents the structure of the social network. 𝜷 is the coefficient vector for 

individual attributes, and 𝜌 is a scalar representing autocorrelation coefficient. When 𝜷 =

𝟎, the model reduces to a pure network effects model that only considers the influence 

among actors in the social network. When 𝜌 = 0, the model reduces to a standard linear 

regression model. 𝜖 is a multivariate normal error term where 𝝐~𝑁(0, 𝜎2𝑰), i.e., 𝐸(𝝐) =

𝟎, 𝐸(𝝐𝝐𝑻) = 𝜎2𝑰. This model has been studied by (Doreian 1980; Doreian et al. 1984, 1989) 

and has been called as the network effects model. 

As many other machine learning methods do, the inference could be done by using 

the estimated parameters �̂�, �̂�. �̃�𝑚 = �̂� ∑ 𝑤𝑚𝑗𝑦𝑗𝑗 + ∑ �̂�𝑘𝑥𝑚𝑘𝑘 . Thus, the most important 

part of the model is learning the parameter estimation. The details will be discussed in 

section 4.3 and 4.4. 

An alternative way to consider the interaction among actors is the network 

disturbance model. 

𝒚 = 𝑿𝜷 + 𝝐, 𝝐 = 𝜌𝑾𝝐 + 𝝂 (2) 

Where 𝐸(𝝂)  = 𝟎, 𝐸(𝝂𝝂𝑻) = 𝜎2𝑰. This model has been studied by (Doreian 1980; Dow et 

al. 1982) and is named as the network disturbance model. The difference between the 

network effects model in Formula (1) and the network disturbance model in Formula (2) 

represents a divergent theoretical background. In model (1), actors in social networks can 

observe the behavior of others and thus make decisions based on it. Whereas in model (2), 
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the actual behavior is not observable and thus actors can only infer the intrinsic opinions 

of others (Leenders 2002). For example, technology adoption is observable in social 

networks. By observing the technology adoption of friends, people make their own 

adoption decisions. This scenario is best modeled by the network effects model. Another 

example comes from political preference. Voting behaviors are not observable. People can 

only infer the political preference of their online friends by reading posts on social media. 

Then the ego develops her own political reference based on the inferred opinions of her 

significant others. Finally, this intrinsic opinion results in the voting choice. The network 

disturbance model best fits in this scenario. 

Finally, the combination of the network effects model and network disturbance 

model is applicable.  

𝒚 = 𝜌𝑾𝟏𝒚 + 𝑿𝜷 + 𝝐, 𝝐 = 𝜌𝑾𝟐𝝐 + 𝝂 (3) 

Where 𝐸(𝝂)  = 𝟎, 𝐸(𝝂𝝂𝑻) = 𝜎2𝑰. This model has been studied in (Doreian 1982). 

Model (1), (2), and (3) only consider one network weight matrix 𝑊  in each equation. 

However, the social influence among actors might be induced from various approaches. 

For example, Twitter has follower-followee relationships; it also has a retweeting 

mechanism that can construct a social network. In order to consider the influence from both 

perspectives, it is necessary to incorporate two matrices in the analysis at the same time. 

Such scenario can be modeled by  

𝒚 = 𝜌1𝑾𝟏𝒚 + 𝜌2𝑾𝟐𝒚 + 𝑿𝜷 + 𝝐 (4) 

𝒚 = 𝑿𝜷 + 𝝐, 𝝐 = 𝜌1𝑾𝝐 + 𝜌2𝑾𝟐𝝐 + 𝝂 (5) 

Similarly, more networks can be incorporated as 
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𝒚 = 𝚺𝑖𝜌𝑖𝑾𝒊𝒚 + 𝑿𝜷 + 𝝐 (6) 

𝒚 = 𝑿𝜷 + 𝝐, 𝝐 = 𝚺𝑖𝜌𝑖𝑾𝒊𝝐 + 𝝂 (7) 

4.3 Maximum Likelihood Estimation Method 

The coefficient estimation process for NAMs was traditionally conducted by the 

maximum likelihood estimation (MLE) method and was considered with the best overall 

performance (Leenders 2002). However, critiques raised by researchers that the MLE 

method might generate negative bias to the coefficient 𝜌 so that the network effect might 

be underestimated (Mizruchi and Neuman 2008; Neuman and Mizruchi 2010). The 

Bayesian approach is thus proposed to conduct coefficient estimation in NAMs (Dittrich 

et al. 2017a, 2017b; Zhang et al. 2012). Nonetheless, the Bayesian estimation method is 

broadly criticized with the choice of prior, computational complexity, and explanation of 

posterior distributions. The discrepancy between Frequentist and Bayesian statisticians is 

not the main theme of this paper. We adopted the MLE method in our analysis but are open 

and pleased to examine the Bayesian approach in the future. 

The network effects model, shown as Formula (1) and the network disturbance 

model, shown as Formula (2) share similar estimation processes. We will explain it with a 

prototype scenario of one network model. For other cases, we only focus on the network 

effects model for ease of presentation. 

4.3.1 One Network Model 

The joint likelihood function of 𝝐 of Equation (1) is given by 

𝐿(𝝐) = (1 2𝜋𝜎2⁄ )𝑁 2⁄ exp (−𝝐𝑻𝝐/2𝜎2) (8) 

Since 𝒚 is observed instead of 𝝐. The joint likelihood function of 𝒚 is 
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𝐿(𝒚) = |𝑨|(1 2𝜋𝜎2⁄ )𝑁 2⁄ exp (−(𝑨𝒚 − 𝑿𝜷)𝑇(𝑨𝒚 − 𝑿𝜷)/2𝜎2) (9) 

Where 𝑨 = 𝑰 − 𝜌𝑾 and |𝑨| is the Jacobian of the transformation from 𝝐 to 𝒚. The log-

likelihood function is derived by taking the logarithm transformation of Equation (9). 

𝑙(𝒚) = log|𝑨| −
𝑁

2
log(2𝜋𝜎2) −

1

2𝜎2
(𝒚𝑻𝑨𝑻𝑨𝒚 − 2𝜷𝑻𝑿𝑻𝑨𝒚 + 𝜷𝑻𝑿𝑻𝑿𝜷) 

(10) 

Based on the maximum likelihood estimation (MLE) method, we need to minimize  

𝑙(𝜎, 𝜌, 𝜷) = −log|𝑨| +
𝑁

2
log(𝜎2) +

1

2𝜎2
(𝒚𝑻𝑨𝑻𝑨𝒚 − 2𝜷𝑻𝑿𝑻𝑨𝒚 + 𝜷𝑻𝑿𝑻𝑿𝜷) 

(11) 

This method was proposed by (Doreian 1981); detailed procedures were provided in this 

work. 

For the network disturbance model, a similar estimation method was proposed in 

(Doreian 1980). The likelihood function of Equation (2) is given by  

𝐿(𝝂) = (1 2𝜋𝜎2⁄ )𝑁 2⁄ exp (−𝝂𝑻𝝂/2𝜎2) (12) 

Since 𝝂 = (𝑰 − 𝜌𝑾)𝝐, and 𝒚 = 𝑿𝜷 + 𝝐 

𝑙(𝒚) = log|𝑨| −
𝑁

2
log(2𝜋𝜎2) −

1

2𝜎2
(𝒚𝑻𝑨𝑻𝑨𝒚 − 2𝜷𝑻𝑿𝑻𝑨𝒚 + 𝜷𝑻𝑿𝑻𝑨𝑻𝑨𝑿𝜷) 

(13) 

We need to minimize  

𝑙(𝜎, 𝜌, 𝜷) = −log|𝑨| +
𝑁

2
log(𝜎2) −

1

2𝜎2
(𝒚𝑻𝑨𝑻𝑨𝒚 − 2𝜷𝑻𝑿𝑻𝑨𝒚 + 𝜷𝑻𝑿𝑻𝑨𝑻𝑨𝑿𝜷) 

(14) 

By comparing Equation (11) and Equation (14), we observe that the network effects model 

and the network disturbance model share very similar minimization goals. The only 

difference is the matrix 𝑨 in the last term of the equation. So we will focus on the network 

effects model for ease of presentation hereafter. 
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Equation (11) is currently the most commonly used method to estimate the 

coefficients of NAM. Usually, quasi-Newton methods are used in the objective function 

minimization processes. Specifically, the Broyden–Fletcher–Goldfarb–Shanno (BFGS) 

algorithm described in (Nocedal and Wright 2006) is one of the most popular quasi-Newton 

methods that utilizes first derivatives to search optimum. BFGS has proven good 

performance even for non-smooth optimizations (Lewis and Overton 2009).  This is the 

state-of-art method to conduct NAM coefficient estimation. 

The second method we will introduce is enlightened by (Doreian 1980, 1981). 

There exist explicit solutions to the parameters 𝜎, 𝜌, 𝜷. Specifically, the estimated �̂� and �̂� 

can be written with respect to 𝜌 . Then by substituting �̂�  and �̂�  in the log-likelihood 

function, we can constructed a target expression to be minimized solely by 𝜌 

𝑙(𝜌) = −
2

𝑁
𝑙𝑜𝑔|𝑨| + 𝑙𝑜𝑔(𝒚𝑻𝑀𝒚 − 2𝜌𝒚𝑻𝑴𝑾𝒚 + 𝜌2𝒚𝑻𝑾𝑻𝑴𝑾𝒚) 

(15) 

where 𝑴 = 𝑰 − 𝑿(𝑿𝑻𝑿)−𝟏𝑿𝑻. 

In the meanwhile, matrix determinant |𝑨|  can be written with respect to the 

eigenvalue of matrix 𝑾 due to 𝑨 = 𝐼 − 𝜌𝑾 is an algebraic polynomial of 𝑾. Suppose the 

eigenvalues of 𝑾  is 𝜆𝑖 . Then |𝑾| = ∏ 𝜆𝑖𝑖 . Thus |𝑨| = ∏ (1 − 𝜌𝜆𝑖)𝑖 . Finally, the 

minimization objective function is 

𝑙(𝜌) = −
2

𝑁
𝑙𝑜𝑔 𝛱𝑖(1 − 𝜌𝜆𝑖). + 𝑙𝑜𝑔(𝒚𝑻𝑴𝒚 − 2𝜌𝒚𝑻𝑴𝑾𝒚 + 𝜌2𝒚𝑻𝑾𝑻𝑴𝑾𝒚) 

(16) 

After the �̂�  found in this fashion, other parameters, i.e., �̂�  and �̂� , can be obtained 

accordingly. This method utilizes the relationship among parameters and converts the large 

matrix determinant calculation into eigenproblem. This method improves the 
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computational speed owing to two major reasons. 1) Fewer parameters are used in the 

searching process thus it limits the search space and improve the speed. 2) If 𝑾 is a 

symmetric matrix, i.e., when the relationship among actors in the social network is 

reciprocal, for example, friendship, methods could be used to obtain the eigenvalues in a 

faster way compared to the 𝑂(𝑛2.37)  computational complexity of matrix determinant 

(Aho and Hopcroft 1974). For example, the broadly used Lanczos algorithm can reach a 

computational complexity of 𝑂(𝑑𝑛2)  as 𝑑  refers to the average number of nonzero 

elements in a row of the matrix (Lanczos 1950).  

When the matrix is not symmetric, however, finding all the eigenvalues of the 

matrix 𝑾 is not economical in time. Examples of asymmetric social networks include but 

not limited to follower-followee relationships, retweeting relationships, and post-comment 

relationships. As more asymmetric social networks defined by social media and other new 

technologies, this situation will become increasingly common. Thus, new methods should 

be introduced to further improve the computation speed.  

We observe that, for a large-scale social network, actors only connect to a small 

number of others who only count a tiny fraction of the total number of nodes in the network. 

If 1 represents connection and 0 represents no relationship in the network matrix, in most 

of the cases, the social networks are mathematically sparse matrices. Thus, sparse matrix 

storage and computation methods could be applied to boost the speed of computing. In 

addition, we observe that |𝑨| = |𝑰 − 𝜌𝑾| = ∏ (1 − 𝜌𝜆𝑖)𝑖 , while 𝜆𝑖 are eigenvalues of 𝜌𝑾. 

For the sparse matrix 𝜌𝑾, it is a large low-rank matrix with most of the eigenvalues are 0s. 

Thus, by obtaining only top-k eigenvalues, the product can generate a decent 
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approximation of the determination |𝑨| . Methods such as Implicitly restarted Arnoldi 

method (IRAM) can efficiently find top-k eigenvalues on sparse matrix and reduce the 

computational complexity to 𝑂(𝑛𝑘2), where in most of the cases 𝑘 ≪ 𝑛 (Arnoldi 1951; 

Sorensen 1997). We implemented this method using the Python package “scipy” (Jones et 

al. 2014) that utilized ARPACK library (Lehoucq et al. 1998). We are pleased to provide 

our ready-to-use Python code for other researchers who are interested in the method. More 

details of the theoretical support of this method are provided in the next section. 

4.3.2 Multiple Networks Model 

In many social networks, different types of actor connections are observed, such as 

followee-follower and retweet connections among Twitter users. In these cases, Formula 

(6) can be used to model such relationships. Each of the adjacency matrix 𝑾 can represent 

one specific relationship. We have discussed three methods in the one-network scenario: 

1) minimize the objective function by searching all parameters at the same time in the 

search space; 2) convert all other parameters to 𝜌 and search 𝜌 directly, while calculating 

matrix determinant by using eigenvalues; 3) Based on the second method, represent 

adjacency matrix using sparse matrix techniques and only use the top-k eigenvalues. All 

these three methods can be applied to cases with multiple networks. Specifically, the 

objective function for the third method is given as  

𝑙(𝝆) = −
2

𝑁
𝑙𝑜𝑔|𝑨| + 𝑙𝑜𝑔(𝒚𝑻𝑀𝒚 − 2Σ𝑖𝜌𝒚𝑻𝑴𝑾𝒊𝒚 + Σ𝑖Σ𝑗𝜌𝑖𝜌𝑗(𝑾𝒊𝒚)

𝑻
𝑴𝑾𝒋𝒚) 

(17) 

While 𝑨 = 𝑰 − Σi𝜌𝑖𝑾𝒊. Given the matrix 𝑾 = Σi𝜌𝑖𝑾𝒊 is sparse,  

Recently, a stream of research developed a new approach to estimate NAM 

coefficients with network sampling techniques (Huang et al. 2018; D. Huang et al. 2019; 
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Zhou et al. 2017). However, the estimation result is asymptotically consistent with the true 

value using network samples but cannot reflect the exact value of the entire network. More 

importantly, these methods did not propose an approach to conduct NAM coefficient 

estimation when there exist multiple networks. The innovation of our proposed method, 

however, also greatly rests in the solution to the combination of multiple networks. 

4.4 Theory and Hypothesis 

In this section, we will discuss two streams of theories. The first part focuses on the 

social influence theory and explains the theoretical background of NAM. The second part 

introduces the justification of the use of sparse matrix and top-k eigenvalues to boost 

computation speed while maintaining accurate coefficient estimation. 

4.4.1 Social Influence Theory 

Social influence theory states that individuals’ attitudes, beliefs, and behaviors are 

influenced by referent others in the social system via three distinct processes: compliance, 

identification, and internalization (Kelman 1958). Compliance is assumed to occur when 

an individual accepts influence to gain reward or avoid disapproval, though the dissenting 

opinions might be held privately (Kelman 1958). Identification is said to take place when 

an individual adopts the induced behavior to maintain a desired relationship to another 

person or group (Kelman 1958). Internalization happens when an individual accepts a 

belief or behavior realizing that it is congruent with a value system of referent others. 

(Kelman 1958).  

Another popular social influence taxonomy comes from (Deutsch and Gerard 1955). 

Two distinct types of social influences are proposed. The normative social influence refers 
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to an influence to conform with the positive expectation of another while the informational 

social influence defined as an influence to accept information obtained from another as 

evidence about reality (Deutsch and Gerard 1955). These two types of social influence can 

occur together. However, it is possible that only normative social influence takes effect, 

which means conforming behaviorally with the expectation but disagreeing with the belief 

of others. Or alternatively, only informational social influence takes place, which means 

one accepts an opponent’s belief as evidence about reality but conforms with the social 

expectation. 

Each of Kelman’s processes can relate to one of Deutsch and Gerard social 

influence type, as shown in Table 4.2 (Burnkrant and Cousineau 1975). While normative 

social influence may be accomplished through either the process of compliance or 

identification, informational social influence takes place when individuals internalize the 

belief thus enhancing her knowledge about her environment and abilities (Burnkrant and 

Cousineau 1975).  

Table 4.2. Social influence 

Influence Process Goal Orientation Behavioral 

Implication 

Informational Internalization Knowledge Accept value 

Normative Identification Self maintenance Associate 

Normative Compliance External reward Conform 

 

Social influence may take effects through two different channels, communication 

and comparison (Leenders 2002). In the communication channel, social connection, or in 

a practical sense, the existence of an edge between two nodes in the social network, is 
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established through direct contact between the ego and alters (Leenders 2002). However, 

comparison takes place like role playing or imitation. Ego compares herself to alters whom 

she considers sharing similar traits, then conducts the behavior to be correct for “a-person-

like-me (Leenders 2002).” Homophily might take effect during the comparison. 

Homophily is the tendency of individuals to associate and bond with similar others 

(McPherson et al. 2001). Individuals in homophily are more likely to establish social 

network connections and have stronger influence (Yavaş and Yücel 2014).  

The separation of social influence generated through communication and 

comparison channels is not easy (Leenders 2002). Empirically, panel data is usually used 

to disentangle the effect of homophily. For cross-sectional data, to conclude with the 

establishment of pure communication social influence requires strict theoretical analysis. 

The focus of this paper is the large-scale NAM coefficient estimation. We welcome future 

research that utilizes our proposed method to further study different social influence types 

in social networks. 

4.4.2 Social Group Size and Dunbar’s Number 

Research in brain science indicates that the social group size is positively related to 

relative neocortical volume in primates including human beings (Dunbar 1993). Dunbar 

proposed that there exists an upper limit on the number of social contacts that can be 

regularly maintained within a group, due to the functionality of neocortex size and capacity 

(Dunbar 1993). For human beings, this number is estimated to be about 150. The “regularly 

maintained” is defined by Dunbar as “not feeling uncomfortable about joining uninvited at 

a chance meeting in a bar (Dunbar 1993).” The exact value of Dunbar’s number is 
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debatable. Some further studies propose this number be between 100 and 250 (Hernando 

et al. 2010). But the existence of the human cognitive limit in social relationships 

maintenance is extensively recognized nonetheless (Dunbar 2008; Hill and Dunbar 2003). 

This number also applies to social networks built on social media such as Facebook and 

Twitter (Arnaboldi et al. 2015). Furthermore, the online social network structure mirrors 

those in the offline world (Dunbar et al. 2015). 

Enlightened by the social group size and cognitive limit theory and Dunbar’s 

number, we observe that only a small fraction of elements in the adjacency matrix is non-

zero. The sparsity indicates that the core features of the matrix have a much lower 

information dimension compared to the original matrix. Thus extraction of such key values 

can generate a satisfactory approximation of the original information. A matrix can always 

be interpreted as a linear transformation rule. For a random matrix, 

eigenvectors/eigenvalues are intrinsic property in the analysis of linear transformations. 

Therefore, we decide to use eigenvalue/eigenvector features to represent the original large-

scale matrix. Our computational power is majorly consumed on the computation of the 

determinant |𝐴| . Given that |𝐴| = ∏ 𝜆𝑖𝑖 , where 𝜆𝑖  are all eigenvalues of matrix 𝐴 , 

therefore, we consider using the top-k eigenvalues to approximate the value of |𝐴|. We 

propose hypotheses as follows: 

HYPOTHESIS 1. The proposed eigenvalue approximation (algorithm 3) will not 

significantly decrease the estimation accuracy for a large-scale sparse matrix. 

HYPOTHESIS 2. The proposed eigenvalue approximation (algorithm 3) will significantly 

increase the estimation speed for a large-scale sparse matrix. 
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4.5 Experiment 

We conduct experiments on our proposed method and benchmark standard methods. 

We investigate the performance of the proposed method by an extensive simulation over 

different settings of network structures which represent different magnitudes and types of 

social influence. Then, we use a real dataset as an example application of our proposed 

method. 

4.5.1 Simulation Data 

The simulation is conducted with networks encompassing four types of network 

topology that have been extensively studied in the existing literature: Erdős–Rényi 

networks (ER networks hereafter) (Erdős and Rényi 1960), Barabási–Albert scale-free 

power-law networks (BA networks hereafter) (Barabási and Albert 1999), Holme-Kim 

networks (HK networks hereafter) (Holme and Kim 2002), and Watts-Strogatz small-

world networks (WS networks hereafter) (Watts and Strogatz 1998). For each of the 

network types, we test the proposed method in different settings of  network size: 1000, 

2000, 5000, 10000, 20000. After generating the network 𝑾, we generate 𝑿 = (𝒙𝟏, 𝒙𝟐) and 

𝑿~𝑵(𝟎, 𝟓). We set the coefficient 𝜷 = (1, 1). 𝝐 is generated from the normal distribution 

𝑁(0, 22). Finally, the dependent variable 𝒀 is generated by 𝒀 = (𝑰 − 𝜌𝑾)−𝟏( 𝜷𝑿 + 𝝐), 

where 𝜌 = 0.1. The details of different networks are listed below. 

Erdős–Rényi Networks 

The ER networks represent a randomly connectivity among social network actors. 

There are two closely related variants of the ER random graph model. In the 𝐺(𝑛, 𝑀) 

model, a graph is chosen uniformly at random from the collection of all graphs which have 
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𝑛 nodes and 𝑀 edges (Erdős and Rényi 1960). In the 𝐺(𝑛, 𝑝) model, a graph is constructed 

by connecting 𝑛 nodes randomly. Each edge is included in the graph with probability 𝑝 

independent from every other edge (Gilbert 1959). The two models are closely related as 

all graphs with 𝑛 nodes and 𝑀 edges have an equal probability of 𝑝𝑀(1 − 𝑝)𝐶𝑛
2−𝑀. ER 

networks assume that edges are independent and each the existence of each edge is equally 

likely. These two major assumptions might be inappropriate for real-life social networks 

as the connections of social actors are dependent. We still include this network into our 

numerical analysis since it is the simplest structure network and the property of network 

has been well studied (Newman et al. 2002). We generate ER networks with parameter 

𝑝 = 0.05. 

Barabási–Albert Networks 

BA networks represent a typical network structure of power-law networks, where 

the number of connections of network members follows a scale-free power-law distribution. 

BA network is the most common model for power-law network generation (Barabási and 

Albert 1999). Scale-free power-law networks are extensively used in public health and 

epidemiology studies including disease outbreak prediction (Massad et al. 2008; Meyers et 

al. 2005), vaccination behavior (Cornforth et al. 2011; Mbah et al. 2012), and drug 

prescriptions (Cavallo et al. 2013). Generally, the network generation follows a two-step 

procedure. During the growth step, we generate a small number (𝑚0 = 5) of nodes that 

are all connected. New nodes are added to the network one at a time. In the preferential 

attachment step, each new node is connected to 𝑚 = 5 other nodes, while the probability 
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of a new node connecting to node 𝑖 is 𝑝𝑖 = 𝑘𝑖/Σ𝑗𝑘𝑗, where 𝑘𝑖 is the degree of node 𝑖. The 

degree distribution of the generated BA network is 𝑃(𝑘)~𝑘−3. 

Holme-Kim Networks 

Social networks are often divided into groups and communities, which is one of the 

most important factors that social media differ from other types of networks (Newman and 

Park 2003). HK networks maintain the scale-free power-law distribution but emphasizing 

more on network clustering (Holme and Kim 2002). The HK model extends the BA model 

by adding an additional step, called Triad formation step, after the preferential attachment 

step. In the Triad formation step, after adding a new node 𝑗 to the network, if node 𝑖 is 

connected to the node 𝑗, then we need to add one more connection between node 𝑗 and 

node 𝑘 with probability 𝑝𝑡, where node 𝑘 is a randomly drawn 1-hop neighbor of node 𝑖. 

This process compensates the low clustering in BA networks. In our generation process, 

we set 𝑝𝑡 = 0.1. 

Watts-Strogatz Networks 

The last type of simulated network is WS small-world networks. A small-world 

network exhibits the property that most nodes are not neighbors of one another, but the 

neighbors of any given node are likely to be neighbors of each other and most nodes can 

be reached from every other node by a small number of hops or steps (Watts and Strogatz 

1998). The WS model is generated as follows. First, construct a ring lattice with 𝑁 nodes 

each connected to 𝐾 neighbors, 𝐾/2 on each side. Then, for every node 𝑖 = 0, 1, … 𝑁 − 1, 

consider the edge with the nearest neighbor, for example edge (1, 2), (2, 3), etc., and rewire 

it by replacing this edge with edge (𝑖, 𝑘) with probability 𝑝𝑡, where 𝑘 is chosen uniformly 
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at random from all possible nodes while avoiding self-loops and link duplication. Repeat 

this process by proceeding outward to more distant neighbors after each lap, until each 

edge in the original lattice has been considered once. We set 𝑝𝑡 = 0.1 and K = 40. 

We run simulation experiment on each of the setting for 20 times. For N=5000 we 

only conduct simulation on method 2 and 3 since it takes too long for the method 1. The 

same reason applies to N=20000 and only method 3 is run for simulation. The results of 

the simulation experiments are shown in Table 4.3. 

As we can see from Table 4.3, for BA, HK, and WS networks, the time used in the 

proposed method (method 3) is significantly great than the two benchmark methods. In the 

meanwhile, the proposed method can generate a 100% accurate result for the parameter 

estimations, while the two benchmarks sometimes fall into the local optimal in the 

estimation processes. For ER networks, the proposed method used more time but can still 

generate accurate estimation results. This is tested by paired t-test and we obtained p-value 

< .001 for all network structure types. Thus, the simulation result indicates the promising 

performance of the proposed method. 
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Table 4.3. Simulation study results  

Network Setting Method 1 Method 2 Method 3 

Measure Accuracy Time (s) Accuracy Time (s) Accuracy Time (s) 

ER  

N=1000 

0% 49.20 (15.97) 50% 7.95 (3.83) 95% 11.47 (5.13) 

N = 2000 0% 271.83 (132.37) 50% 43.07 (16.36) 100% 52.26 (24.40) 

N = 5000   25% 139.49 (141.34) 100% 543.88 (182.06) 

N = 10000   35% 1197.18 (975.92) 100% 3661.76 (1486.80) 

N = 20000     100% 25641.70 (19733.25) 

Measure Accuracy Time Accuracy Time Accuracy Time 

BA 

N=1000 

30% 56.39 (17.51) 95% 7.23 (5.61) 100% 1.06 (0.34) 

N = 2000 50% 243.36 (130.95) 90% 20.94 (14.69) 100% 3.47 (2.06) 

N = 5000   90% 124.88 (91.13) 100% 30.13 (30.50) 

N = 10000   95% 595.93 (331.66) 100% 148.33 (114.06) 

N = 20000     100% 590.47 (401.44) 

Measure Accuracy Time Accuracy Time Accuracy Time 

HK 

N=1000 

55% 56.79 (25.72) 95% 4.48 (4.00) 100% 0.92 (0.28) 

N = 2000 60% 296.75 (125.13) 90% 35.91 (18.55) 100% 4.78 (2.25) 

N = 5000   95% 131.77 (102.74) 100% 24.96 (25.97) 

N = 10000   90% 499.51 (376.03) 100% 151.34 (117.01) 

N = 20000     100% 416.15 (336.69) 

Measure Accuracy Time Accuracy Time Accuracy Time 

WS 

N=1000 

70% 32.82 (13.82) 95% 3.59 (3.77) 100% 0.95 (0.21) 

N = 2000 85% 173.35 (101.10) 95% 11.15 (7.23) 100% 3.98 (0.37) 

N = 5000   100% 141.89 (130.55) 100% 44.8 (30.33) 

N = 10000   100% 883.86 (670.37) 100% 381.81 (286.95) 

N = 20000     100% 1038.86 (1193.16) 
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4.5.2 Real Data 

Online Health Support Forum 

This real data comes from an online social network. The fast expansion of the 

Internet fosters new opportunities for individuals with health-related concerns to 

participate in supportive communication within a network of individuals dealing with 

similar issues (Coulson 2005). These online health support groups can be in various forms 

including but not limited to web-based discussion forums, bulletin boards, email lists, and 

newsletter groups (Kummervold et al. 2002). The discussion topics are mostly related to 

mental health, such as bipolar disorder (Bauer et al. 2013), depression (Horgan et al. 2013), 

mental disorder (Kummervold et al. 2002), and suicide (Eichenberg 2008), but can also be 

related to other symptoms such as cancer (Høybye et al. 2005), eating disorder (Kendal et 

al. 2017) and addiction recovery (MacLean et al. 2015). 

The benefit of participation in online health support groups include effective 

disease management (Høybye et al. 2005), empowerment through narrative (Finfgeld 

2000), treatment suggestion, improved understanding, and increased confidence (Wicks et 

al. 2010). Consistent evidence was found in self-harm and suicide health support forums 

that these online groups provide positive support and can possibly serve to provide 

intervention or prevention functions (Eichenberg 2008; Smithson et al. 2011). However, 

most of the research in this field is conducted using survey data with about a few dozens 

or hundreds of participants. The value of utilizing online forum text contents and social 

network structures is not fully realized. Motivated by this research gap, we develop our 

study as follows. 
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We collected data from Suicide Forum (www.suicideforum.com). People can tell 

their stories, discuss suicide thoughts, seek help, ask for medication suggestions, and share 

positive messages with other forum users. We collected data from the sub-forum “My Story” 

in the timespan January 1st, 2014, to January, 1st, 2019. Publicly available threads and 

corresponding comments are recorded. Furthermore, we collected anonymous user 

information of corresponding threads or comments with only a few publicly available 

features including the number of messages, number of likes, number of trophy points (a 

measurement of the degree of forum participation), and system titles such as “staff member,” 

or “Safety & Support.” Finally, we obtained 11590 threads, 165521 comments, and 7683 

unique users. 

We adopt equation (1) as our analysis model. We are interested in studying whether 

communication with other users in the forum can generate social influence on the belief. 

The response variable 𝑌  is the personal belief which is measured by the average text 

sentiment of the threads and comments aggregated by user. VADER is a lexicon and rule-

based sentiment analysis tool and specifically attuned to the sentiment expressed in social 

media (Hutto and Gilbert 2014). Given a text record as input, VADER can generate a score 

normalized to an interval from -1 (the most negative) to +1 (the most positive). We used 

this score as the sentiment value of the given text. The element of the weight matrix 𝑤𝑖𝑗 

represents the post-comment relationship between user 𝑖 and user 𝑗. 𝑤𝑖𝑗 is a binary variable 

and 1 represents the existence of the social connection. 𝑋 is a covariate matrix for other 

exogenous user variables, including the number of messages, number of likes, number of 

trophy points, and system titles. 
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Table 4.4 shows the NAM model estimation. We also test different settings of the 

weight matrix. Model (1) uses unweighted edges where 𝑒𝑖𝑗 = (𝑖, 𝑗) = 1 represents the 

existence of at least one comment-thread relationship from user 𝑖 posting a comment on 

user 𝑗’s thread. Model (2) uses weighted edges where 𝑒𝑖𝑗  is the number of times the 

occurrence of such comment-thread relationships between user 𝑖 and user 𝑗. Model (3) uses 

normalized unweighted edges and Model (4) uses normalized weighted edges. 
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Table 4.4. Online forum data result 

 (1) Unweighted edge (2) Normalized unweighted 

edge 

(3) Weighted edge (4) Normalized weighted 

edge 

𝜌 0.007 ** 0.19 *** 0.004 *** 0.18 *** 

Messages 6.77e-05 6.75e-05 6.68e-05 6.64e-05 

Likes -3.18e-05 *** -1.68e-05 *** -3.43e-05 *** -1.72e-05 *** 

Points 0.003 *** 0.003 *** 0.003 *** 0.003 *** 

System Title 0.05 0.05 0.05 0.05 

P<.001 ***, P<.01 **, P<.05 * 
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The consistent results, both in statistical significance level and estimated coefficient 

magnitude, across the four models indicate the establishment of individual belief social 

influence in this online community, no matter what kind of the edge definition. By posting 

comments, users of the suicide forum share their sentiment with others. The number of 

likes and the number of points are estimated to have statistical significance on the 

individual’s sentiment level. The negative coefficient of the number of likes indicates that 

the more likes a user receives, the more negative (though tiny in magnitude) belief she 

holds. There are two possible reasons for this phenomenon. First, users might share their 

own suicide thought stories and get liked by others, as a possible channel to get empowered 

by the online community. Second, posting replies with empathy to other’s suicide thought 

stories might lead to more likes. The exact reason is of interest to explore in the future. In 

the meantime, the number of trophy points is positively related to the sentiment. These 

trophies can be considered as an indicator of active forum participation. Thus the 

significant result indicates a positive relation between the self-belief and online community 

participation. 

Another interesting extension to the basic model is to consider the sentiment 

polarity when constructing the social network. We can construct two separate social 

networks: positive replies 𝑊1 and negative replies 𝑊2. 𝑊1 only takes positive comments 

into consideration, while 𝑊2 only obtains negative comments. The result of this model is 

listed in Table 4.5. 
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Table 4.5. Online forum data result for two networks 

 (5) Unweighted edge (6) Normalized unweighted 

edge 

(7) Weighted edge (8) Normalized weighted 

edge 

𝜌1 0.013 ** 0.18 *** 0.002 ** 0.20 *** 

𝜌2 0.004 0.03 0.007 0.02 

Messages 6.25e-05 6.18e-05 6.31e-05 5.73e-05 

Likes -3.45e-05 *** -1.69e-05 *** -3.01e-05 *** -1.77e-05 *** 

Points 0.003 *** 0.003 *** 0.003 *** 0.003 *** 

System Title 0.05 0.05 0.05 0.05 

P<.001 ***, P<.01 **, P<.05 * 



122 
 
 

 

We obtained very similar results compared to the basic model. Interestingly, only 

the positive reply matrix 𝑊1  has statistically significant coefficient estimations, which 

means that, the social influence of sentiment majorly flows via positive communications. 

The negative communications, in the setting of this study, is probably omitted by actors in 

this online social community. The reasons behind this phenomenon is worth exploration in 

the future as well. 

4.6 Discussion and Conclusion 

As the development of Web 2.0 and fast emergence of new social media platforms, 

social network analysis is extensively used in current IS literature. Guided by the social 

influence theory, NAM incorporates the interdependence among individuals and analyzes 

the interdependence outcomes in social networks. Traditional NAM can only handle a 

single type of network with thousand-level actors in the community, which cannot meet 

the requirement proposed by the fast-paced developing social media. Motivated by the need 

of big data NAM analysis, we proposed an innovative method to conduct NAM model 

estimation.  

Our contribution in this paper lies in three different perspectives. First, our 

proposed method significantly reduces the computational time required for processing 

large-scale social networks (N<100k). Second, we have systematically reviewed the social 

influence theory and identified distinctions between different taxonomy of social 

influences, which posits a solid theoretical foundation for the adoption of NAM. In addition, 

we support our proposed method with theories in human group size and Dunbar’s number. 
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We justified our approximation decision, i.e., the use of sparse matrix and top-k 

eigenvalues, in the MLE processes. This justification and applications of theories can be 

used in other future IS problems when facing data with large-scale social networks. Third, 

we reviewed different types of social network structures and conducted simulation 

experiments to test the performance of our proposed method. The supported hypotheses 

state that our proposed method significantly reduced the time used in the computation 

process compared to the extensively used benchmark methods, while maintaining high-

level estimation accuracy. In the meantime, we tested our model on a real dataset, online 

health support forum, and obtained public health informatics managerial and research 

insights after the model estimation. 

There are three future research directions due to the limitations of this essay. First, 

when the network size grows even larger, for example, when N>100k, our proposed 

method cannot generate a fast estimation of the NAM. To cope with this difficulty, more 

efficient computation methods need to be proposed. From another perspective, a distributed 

computation method should be proposed. Given that our major computation operations are 

matrix operations; it is promising to modify the current algorithm and put forward a 

distributed version of the algorithm to conduct faster NAM model estimation on super 

large-scale social networks. Second, we leave a research gap on the operationalization of 

the weight matrix with different social network settings. In our experiments, we test the 

model using extensively various settings of the social network edge. However, in some of 

the IS problem, theories and literature can imply the structure of the social network and 

determine the corresponding weight matrix. Thus, in such cases, instead of testing the result 

on different network settings, we can focus on the key value of the problem. More 
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theoretical discussions are welcome to contribute to this field and enrich the heuristics or 

rules in matrix operationalization. Third, we do not touch on the distinction of social 

influence types, which leaves large space for discussion of causality and association. The 

use of panel data is not discussed in this paper, but it can be a very interesting topic to 

explore in the future. 

In conclusion, we propose an innovative method to conduct NAM coefficient 

estimation on large-scale social networks to measure social influence. We test our model 

on different simulation and real data experiment settings. Our model outperforms the 

existing benchmarks by significantly faster computation speed and accuracy. The proposed 

fast computational method can benefit other IS or public health researchers by being 

applied to research problems with the existence of social networs. 
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5. ESSAY IV: ELECTRONIC CIGARETTE USAGE PATTERNS: A CASE 

STUDY COMBINING SURVEY AND SOCIAL MEDIA DATA 

5.1 Introduction 

Recent years have witnessed both the fast evolvement of e-cigarette devices and 

the fast growth of e-cigarette sales. The global e-cigarette market size grew from 2.76 

billion U.S. dollars in 2014 to 7.1 billion U.S. dollars in 2016 according to Hexa Research 

(Hexa Research 2017). The U.S. is the biggest market for e-cigarettes (Kaplan 2016). It is 

estimated that the global e-cigarette industry will have a total market value of 50 billion 

U.S. dollars by 2025 (BIS Research 2016). 

Many studies of e-cigarette use patterns relied on survey methods (Adkison et al. 

2013; Brown et al. 2014; Dawkins et al. 2013; Etter 2010; Farsalinos et al. 2014; Giovenco 

et al. 2014; Kralikova et al. 2013; McCabe, Veliz, et al. 2017; McCabe, West, et al. 2017; 

Pearson et al. 2012; Regan et al. 2013; Volesky et al. 2016). Social media, however, create 

a new channel of access to user-generated content and provide large datasets for e-cigarette 

research. For instance, Twitter text data was used in sentiment analysis (Cole-Lewis, 

Pugatch, et al. 2015) and marketing and use pattern recognition (Kim et al. 2015). E-

cigarettes are also discussed on online forums, where discussions are lengthier compared 

to tweets, thus containing much richer text information for fine-grained text mining 

analysis. For example, Reddit was used for analysis of e-cigarette refill liquids (“e-liquid”) 

components and flavors, (Li et al. 2016; Wang et al. 2015) and JuiceDB was used for e-

liquids opinion analysis (Chen and Zeng 2017). In addition, combining information from 

different social media sources may provide new insights. For example, Chu and colleagues 

examined the marketing strategies of leading e-cigarette brands on Twitter, Facebook, 
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Google+, and Instagram, showing that different strategies were exploited on different 

websites to broadcast context-specific messages (Chu et al. 2015).  Another study utilized 

text data from Twitter, Reddit, and JuiceDB and found that different topic features were 

mentioned across different platforms.(Zhan et al. 2017) However, very few studies 

combined survey and social media data in analyses. For example, some survey studies 

collected data on e-cigarette users’ social media behavior, (Link et al. 2015; Sawdey et al. 

2017) which, however, focused on the behavior itself but did not utilize rich information 

from social media. 

In this study, we assessed whether the user-generated content extracted from online 

communities could be usefully combined with online survey data to better understand the 

patterns of e-cigarette use. Both survey data and social media data have their limitations 

and biases, but observing a phenomenon from two different points of view provides a better 

grasp of reality, just as indicated from the triangulation method in social science research 

(Carter et al. 2014; Denzin 2012; Hussein 2009). Data triangulation employed the idea of 

using different sources of data, including different times, places, people, (Denzin 1978) 

and collection processes, (Begley 1996) to increase the validity of research results. It can 

also be viewed as “less a strategy for validating results and procedures than an alternative 

to validation which increases scope, depth and consistency in methodological proceedings 

(Flick 2014).” Currently, many of the data triangulation in public health studies focused on 

the traditional combination of qualitative data and quantitative data collected from surveys 

and interviews (Bossuyt et al. 2015; Johnson et al. 2017; O’Cathain et al. 2018; Rutherford 

et al. 2010). Very few, however, considered the possibility of integrating social media data. 
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Therefore, in this study, we contributed to the literature by innovatively proposing a data 

triangulation method to include social media data in the domain of public health research. 

5.2 Materials and Methods 

5.2.1 Data Collection 

Two survey datasets (survey A and survey B thereafter) were used in this study. 

The original surveys were designed to study e-cigarette users’ profile, utilization patterns, 

satisfaction, and perceived effects, as well as the relation between vaping and smoking 

behavior. Both of the survey data were collected from questionnaires posted on the 

smoking cessation website Stop-Tabac.ch from Aug. 2011 to Jan. 2013 (Etter and Bullen 

2011) and from Oct. 2012 to Dec. 2015, in English and French (Etter 2017). The survey 

links were published in different e-cigarette discussion forums and informing or selling e-

cigarette websites. The surveys were independent of manufacturers and retailers of 

electronic cigarettes and e-liquids, and of the pharmaceutical and tobacco industries. The 

studies were originally conducted by researchers at the University of Geneva and funded 

by the Swiss Tobacco Prevention Fund (an agency of the Swiss Government). Since the 

questions from these two surveys were similar, we combined them in a single dataset for 

this study. 

The main purpose of the survey was to better understand who used e-cigarettes and 

how they used these products. The questions covered demographic information, e-cigarette 

use behaviors, and smoking behaviors. Participation in the survey was voluntary. 

Participants who were at least 18 years old and were current e-cigarette users were eligible. 
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Overall, there were 5,132 participants from several nations including France, U.S., 

Switzerland, U.K., and Canada. 

We collected social media data for the same time period (Aug. 1st, 2011 to Dec. 

31st, 2015) from Reddit. As of 2017, Reddit had about 542 million monthly visitors and 

234 million unique users, ranking as the fourth most visited website in the U.S. and the 

ninth in the world (Alexa 2017). Reddit allows users with similar interests to form 

communities, which are called “subreddits.” The largest subreddit for e-cigarettes is called 

“/r/electronic_cigarette,” and has more than 150,000 subscribers. With the help of the 

SMILE platform (www.smileportal.org), we collected 332,906 posts from 42 major e-

cigarette-related subreddits, all of which have more than 2,000 subscribers. Note that all 

content extracted from Reddit was publicly available and thus consent was not required 

from the users. 

5.2.2 Data Analysis 

We do not assume that different e-cigarette users from different countries have the 

same use behaviors because of different local market conditions, local anti-vaping policies, 

and differences in smoking behaviors (e.g., ratio of men/women who smoke). Therefore, 

to set up a more reliable comparison, we used survey data from participants living the U.S. 

only (n = 1,057, 21% of 5,132). We cannot know where a Reddit user comes from, but a 

previous Reddit survey showed that 80% of users are from the U.S. (slackerChuck 2014). 

We tried to answer three research questions from the comparative analysis of 

online survey data and social media data.  

1) (Identification) For those survey participants, who are active in social media? How is 
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the pattern consistent with social media data? 

2) (Validation) How consistent are the e-cigarette use patterns identified from social 

media and from surveys?  

3) (Utilization) How to jointly use social media and survey data to conduct a 

comprehensive analysis and reach a better interpretation of both types of data? 

For the first research question, three survey questions were directly related to e-

cigarette users’ online behaviors:   

• Have you ever visited a website or an online discussion forum dedicated to 

electronic cigarettes (labeled “Website” thereafter)? 

o Five response options: never, 1 time, 2-5 times, 6-10 times, 11 or more times. 

• If you did, did these websites or these forums encourage you to use the electronic 

cigarette (labeled “Incite” thereafter)?   

o Four response options: not at all, not really, somewhat, a lot. 

• Have you ever posted a message on a discussion forum devoted to electronic 

cigarettes (labeled “Forum” thereafter)?  

o Five response options: never, 1 time, 2-5 times, 6-10 times, 11 or more times. 

We conducted Fisher’s Exact test to test the relationship between these 3 online 

behaviors and age and gender (196 males and 140 females). Age was a continuous variable 

that had max = 75, min = 18, and mean = 43. We constructed 5 age intervals for analysis 

based on the histogram of the age distribution: age<30 (n = 59), 30≤age<40 (n=64), 

40≤age<50 (n = 94), 50≤age<60 (n = 80), and age≥60 (n = 25).  
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Besides the demographic features, we can also infer that Reddit participants were 

more likely to be hardcore vapers instead of casual users. We evaluated this statement by 

comparing forum-active survey participants and non-forum-active survey participants on 

use duration, time to first puff every day, and number of puffs per day. 

Thus, for these hardcore vapers, the use patterns described by the survey data and 

by the Reddit data were comparable. We answered the second research question by 

extracting relevant survey answers and corresponding Reddit text to compare use patterns 

including flavor types, flavor rating, nicotine level, cartridge type, purchase approach, and 

brand and model. Cosine similarity was normalized to the interval [0, 1] and could be used 

in a wide range of different data types. These advantages were utilized in previous literature 

to evaluate the similarity among different information sources, (Chaudhuri et al. 2013) or 

different medical cases (Begum et al. 2007). To confirm the two datasets were similar, 

cosine similarity was measured in each feature to numerically evaluate the distance 

between the two samples. 

In the survey data, based on answers to the open-ended question, “What flavor do 

you use the most?”, we summarized flavor type distribution across eight flavor types we 

identified from previous research (Wang et al. 2015). Keywords from this previous 

research (Wang et al. 2015). were used to search the whole Reddit dataset and count the 

occurrence of flavors.  

There was another flavor-related question in the survey, “Please rate the flavor you 

just mentioned above” The answer options were a five-level Likert scale from “very bad” 

to “very good.” We used a sentiment analysis tool called VADER to study flavor rating in 
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Reddit text data. VADER was a lexicon and rule-based sentiment analysis tool and 

specifically attuned to sentiment expressed in social media (Hutto and Gilbert 2014). For 

each of the posts containing a certain type of flavor, we fed the text into this tool and got a 

numerical score varied from -1 (the most negative) to +1 (the most positive). Then we 

divided the interval [-1, 1] to five intervals [-1, -0.8), [-0.8, -0.3), [-0.3, 0.3), [0.3, 0.8), [0.8, 

1] in order to meet the five-level Likert scale. We drew histograms to compare the two 

ratings. Note that these unevenly divided intervals reflected the fact that extreme ratings, 

for instance, “very good” or “very bad”, were more difficult to obtain. We also tested 

evenly distributed intervals and the result did not change much. 

We conducted a similar analysis concerning the nicotine level in refilled liquids. 

Nicotine plays a significant role in the taste and pharmacological effects of e-liquid.(Li et 

al. 2016) We analyzed answers to the survey question, “What is the concentration of 

nicotine in the liquid or cartridge that you are currently using, on average?”, and compared 

this information with nicotine levels self-reported in Reddit. 

We focused on e-cigarette devices in the next three comparisons. The survey 

question “Do you use prefill or refill e-cigarette?”  inquired about the types of e-cigarette 

cartridges. E-cigarette devices have evolved in recent years (Farsalinos et al. 2014). At the 

time of the survey, prefilled e-cigarettes were more likely to be a “cigalike,” which was 

one of the oldest versions of e-cigarettes, while refilled devices were emerging products 

and dominated the market later on. 

We then analyzed the purchase approach of e-cigarettes based on the survey 

question “Where do you usually buy your e-cigarettes?” Five response options: internet, 
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tobacco shop, vape shop, mall (kiosk), and pharmacy. It is noteworthy that vape shops are 

generally considered as adversaries of the traditional tobacco industry (Kamerow 2014). 

Most vape shops do not sell disposable or rechargeable brands that are owned by ‘‘Big 

Tobacco’’ companies, such as Blu (owned by Lorillard) and Vuse (owned by R. J. 

Reynolds) (Kamerow 2014). Regular expression-based (Thompson 1968) keyword search 

was used to find corresponding materials from Reddit. 

Finally, we studied e-cigarette brands and models. The survey required participants 

to list their most frequently used e-cigarette brands and models (open-ended responses). 

We used the brand and model names from the survey answers as keywords to search Reddit 

data for comparison. We used Levenshtein (Levenshtein 1966) distance to identify 

misspelling brand names (e.g., “greensmoke” vs. “green smoke”) in the data processing. 

Words with Levenshtein distance less than or equal to 2 were manually checked with the 

help of Google search. In the analysis, we only included keywords mentioned at least three 

times from the survey answers. 

After we drew the conclusion that social media data and survey data were collected 

from similar samples, we can utilize social media data in survey studies. Specifically, for 

our third research question, we wanted to assess whether social media data could be used 

to estimate opinions on e-cigarette products, so that these opinions could be utilized in 

further analyses. We inferred individual-level opinions on e-cigarette products from 

opinions collected on the social media.  

A piece of e-liquid rating is related to both of the overall e-liquid quality and the 

consumer’s general satisfaction of using e-cigarettes. For example, if an e-cigarette user 
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personally likes to use e-cigarettes, and an e-liquid brand is quite good from peer reviews, 

this user has a high probability of enjoying this brand of e-liquid. We constructed a Naïve 

Bayes classifier (King and Zeng 2001) for e-liquid rating estimation and achieved f1-score 

= 0.764. The details are described in Appendix 2: Liquid Rating Estimation. 

Next, we combined survey and social media data in a multivariate logistic 

regression analysis to study associations between e-cigarette product opinions and 

intention to use e-cigarettes in the future.  

We assumed that consumers with positive attitudes would be more likely to 

continue to use e-cigarettes in the future. Based on the Theory of Planned Behavior (TPB), 

(Ajzen 1991) we tested the following hypothesis. 

HYPOTHESIS 1 (H1): Users with higher e-cigarette product evaluations (device (H1A) 

and e-juice (H1B) rating) will have higher levels of intention to use e-cigarettes in the 

future. 

In survey questions, the device was evaluated from two perspectives, model and 

cartridge. The e-juice was evaluated from two perspectives as well, flavor and liquid. 

Detailed survey question descriptions can be found in Appendix 1: Regression Variables. 

We used stepwise backward variable selection method and Akaike information criterion 

(AIC) to measure the logistic regression model quality. The result showed that only the 

“Liquid” and “Flavor” variables were left in the final model, which indicated that the 

evaluations to e-cigarette devices did not have significant effect on the future use intention 

(H1A rejected). Instead, the evaluations of e-liquid and corresponding flavors were the key 

factors influencing the future use intention (H1B not rejected). 
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The regression model after the variable selection is: 

log_𝑜𝑑𝑑𝑠(𝑖𝑛𝑡𝑒𝑛𝑡𝑖𝑜𝑛) = 𝛽0 + 𝛽1𝐿𝑖𝑞𝑢𝑖𝑑 + 𝛽2𝐹𝑙𝑎𝑣𝑜𝑟 + 𝜖 

 
(1) 

Survey B had all the variables needed to conduct this the regression analysis. However, 

survey A did not cover e-liquid ratings. Thus, we test the validity of our approach by 

substituting the estimated e-liquid rating for actual e-liquid rating in survey B dataset (Only 

240 out of 363 records listed e-liquid brands), using the regression: 

 

log_𝑜𝑑𝑑𝑠(𝑖𝑛𝑡𝑒𝑛𝑡𝑖𝑜𝑛) = 𝛽0 + 𝛽1𝐿𝑖𝑞𝑢𝑖𝑑𝐸𝑠𝑡𝑖𝑚𝑎𝑡𝑒 + 𝛽2𝐹𝑙𝑎𝑣𝑜𝑟 + 𝜖 

 
 

 

(2) 

 

Finally, we apply the trained classifier to survey A dataset using regression model 

(2) to test the usefulness of our e-liquid rating estimator. Note that our dataset was 

unbalanced regarding the e-cigarette future use intention. Almost all participants stated that 

they had future use intention (54 vs. 2 in survey A and 363 vs. 7 in survey B). Since logistic 

regression can sharply underestimate the probability of rare events, (King and Zeng 2001) 

given the limitation of the dataset, we applied rare-event logistic regression instead, which 

conducted prior correction or data weighing compensation in the maximum likelihood 

estimation process. An R package “Zelig” was used to conduct the analysis.(Choirat et al. 

2017; Imai et al. 2008) For robustness check, using normal logistic regression would not 

change the statistical significance level of the analysis. 

5.3 Results 

5.3.1 Demographic Features and Online Activities 

The test results are summarized in Figure 5.1 (Gender) and Figure 5.2 (Age). 
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Figure 5.1. Fisher’s exact test for gender and online behaviors. 

As shown in Figure 5.1, males were more prone to visit e-cigarette online 

discussion forums and posted more messages than females (P < .001 in Fisher’s Exact test). 

This finding is consistent with the social media data. Although we cannot obtain user 

gender information from Reddit directly, by using keywords husband/boyfriend and 

wife/girlfriend as a rough estimation, we found that there were 2,432 male Reddit users 

and 479 female Reddit users. We admitted the fact that LGBTQ population might bias the 

result. But given the large number gap we identified (2,432 vs. 479), the actual gender ratio 

would not change much had we had the ability to fully consider the LGBTQ population. 

The approximated result served as reference evidence of the consistency of survey data and 

social media data. 
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However, there was no significant difference between men and women whether 

these websites encouraged them to use e-cigarettes (P = 1.00 in Fisher’s Exact test).  

Similarly, Figure 5.2 showed that different age groups had different forum visit and 

message posting behavior (P = .023, .007 in Fisher’s Exact test). However, there was no 

significant differences among age groups for website e-cigarette use encouragement (P 

= .60 in Fisher’s Exact test). We found that younger users participated more in online 

forums than older users. This is consistent with previous research findings that social media 

users are younger (Alexa 2017). 
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Figure 5.2. Fisher’s exact test for age and online behaviors. 

Next, we evaluated whether forum-active survey participants were hardcore vapers 

instead of casual users. The forum-active participants had used e-cigarettes for 209 days in 

average (sd = 274.48) at the time when they took the survey, while non-forum-active 

participants only used for 104 days (sd = 197.79). Forum-active users waited for 33 minutes 
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in average (sd = 51.05) after waking up to vape the first puff while non-forum-active users 

waited for 56 minutes (sd = 109.52). Forum-active users usually drew 207 puffs per day in 

average (sd = 152.26) while non-forum-active users drew 110 puffs per day (sd = 144.23). 

We used the independent two-sample t-test to compare the results and found all P < .001, 

which indicated that e-cigarette users who were active on forums were statistically heavier 

users compared to those who were not active on forums. 

Thus, for these hardcore vapers, the use patterns described by the survey data and 

by the Reddit data were comparable. We extracted relevant survey answers and 

corresponding Reddit text to compare use patterns including flavor types, flavor rating, 

nicotine level, cartridge type, purchase approach, and brand and model. 

5.3.2 Use Pattern Comparison 

The flavor type comparison results are summarized in Table 5.1. The cosine 

similarity of the two distributions is 0.991, which indicated a high consistency. Tobacco is 

the most welcomed flavor and counted for around 45% of the totally mentioned flavors. 

Note that “RY4” is the most famous of them. If we did not use this keyword in Reddit text 

extraction, we could only obtain 676 (47% of 1,430) posts mentioning tobacco flavor. This 

information cannot simply be obtained from the survey data, but using Reddit data gained 

more insights. 

Table 5.1. Flavor categories 

Flavor Survey data Reddit data 

Tobacco 198 (42%) 1430 (45%) 

Fruit 112 (24%) 676 (21%) 

Menthol 63 (13%) 263 (8%) 

Beverages 26 (5%) 230 (7%) 

Cream 35 (7%) 285 (9%) 
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Sweet 31 (7%) 172 (5%) 

Seasonings 7 (1%) 89 (3%) 

Nuts 2 (0%) 7 (0%) 

 

The flavor rating comparison histogram is shown in Figure 5.3(a). Overall, the two 

datasets shared a similar distribution across flavors. We obtained a 0.986 cosine similarity. 

Almost 60% of the flavor ratings were “very good”, which indicated an overall satisfaction 

to this emerging product. We also analyzed the rating across different flavor categories 

using Reddit data. Figure 5.3(b) shows a consistent flavor rating pattern across these 

categories. 

 

Figure 5.3. Flavor rating. 5.3(a). Survey and Reddit comparison. 5.3(b). Reddit flavor 

rating across flavor categories 

Nicotine level comparison histogram is shown in Figure 5.4. We observed a similar 

pattern of nicotine level between survey and Reddit data. The average nicotine level for 

survey data was 16 mg/ml (sd = 9.62) while the average nicotine level for Reddit data was 

16 mg/ml as well (sd = 8.34). Two sample independent t-test cannot distinguish the mean 

difference of these two datasets (P = 0.95). We also obtained a cosine similarity 0.965.  
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Figure 5.4. Nicotine level 

For the cartridge type comparison, we observed a similar ratio of prefilled and 

refilled cartridge use for the survey (28 vs. 265) and corresponding Reddit dataset (61 vs. 

374) (P = .083 in Fisher’s Exact test). There were approximately ten times more users of 

refillable cartridges than prefilled “cigalike” e-cigarettes. The cosine similarity for this 

attribute between the two datasets is 0.998. 

Table 5.2. Purchase approach 

Approach Survey Reddit 

Internet 205 (93%) 101 (89%) 

Tobacco Shop 6 (3%) 3 (3%) 

Vape Shop 8 (4%) 5 (4%) 

Mall, kiosk 2 (1%) 3 (3%) 

Pharmacy 0 (0%) 1 (1%) 



141 
 
 

 

The purchase approach results in Table 5.2 shows that the Internet was the most 

popular channel to purchase e-cigarettes. The result showed consistency between the two 

datasets with a cosine similarity 0.999. Almost 90% of the purchase happened on the 

Internet. 

Table 5.3. E-cigarette Brands 

Brand/Model Survey Reddit 

ego 112 (30.1%) 1516 (39.9%) 

joye 98 (26.3%) 286 (7.5%) 

provape (provari) 22 (5.9%) 485 (12.8%) 

volcano 14 (3.8%) 147 (3.9%) 

kanger 13 (3.5%) 363 (9.6%) 

smokeless image 10 (2.7%) 99 (2.6%) 

blu 9 (2.4%) 158 (4.2%) 

lavatube 8 (2.2%) 216 (5.7%) 

apollo 8 (2.2%) 48 (1.3%) 

kgo 7 (1.9%) 54 (1.4%) 

madvapes 7 (1.9%) 92 (2.4%) 

silver bullet 7 (1.9%) 97 (2.6%) 

puresmoker 6 (1.6%) 14 (0.4%) 

altsmoke 6 (1.6%) 53 (1.4%) 

vapor 9 6 (1.6%) 21 (0.6%) 

v4l 5 (1.3%) 21 (0.6%) 

slb 5 (1.3%) 12 (0.3%) 

vapage 5 (1.3%) 9 (0.2%) 

e power 5 (1.3%) 8 (0.2%) 

indulgence 4 (1.1%) 3 (0.1%) 

vmod 3 (0.8%) 31 (0.8%) 

super-t manufacturer 3 (0.8%) 4 (0.1%) 

njoy 3 (0.8%) 40 (1.1%) 

prodigy 3 (0.8%) 9 (0.2%) 

smoktek 3 (0.8%) 15 (0.4%) 

 

The results of the brand comparison are listed in Table 5.3. The patterns indicate 

that survey data and Reddit data had a similar distribution of popular e-cigarette brands 
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and models. “Ego,” “joye,” “provape,” “volcano,” and “kanger,” were identified as most 

used products in both datasets. The cosine similarity of the two brand list is 0.852. 

We compared use patterns in the survey and the social media data from six different 

angles: flavor types, flavor rating, nicotine level, cartridge type, purchase approach, and 

brands. We summarized the cosine similarity of these six different features and got 0.965 

in average with sd = 0.057. Based on the Chebyshev’s inequality and the three-sigma-rule, 

0.794 was considered as the lower bound for 89% (99% if normally distributed, for 

example, approximated by the central limit theorem) of the observed cosine similarity 

values, which was a reasonably high value to state the two datasets were similar. 

5.3.3 Regression Analysis on Intentions to Use E-cigarettes 

First, we used the regression model (1) on the survey B dataset. The effect of each 

variable to the odds ratio and corresponding 95% confidence interval is shown in Table 5.4 

column (1). One point more of e-liquid rating is associated with a 6.69 increase of e-

cigarette future use intention odds ratio (P = .001). One point more of flavor rating is 

associated with a 2.61 increase of e-cigarette future use intention odds ratio (P = .034). 

Table 5.4. Logistic regression on future use intention 

 (1) Intention  

(Survey B) 

(2) Intention  

(Survey B) 

(3) Intention  

(Survey A) 

Liquid 6.69 (2.11, 21.26) **   

Estimated Liquid  6.73 (2.03, 22.27) ** 10.40(0.03, 3699.72) 

Flavor 2.61 (1.07, 6.36) * 2.86 (1.31, 6.27) ** 4.03 (0.13, 125.80) 

AIC 52.97 55.79 6.69 

McFadden’s 𝑅2 0.32 0.28 0.96 
P<0.001 ***, P<0.01 **, P<0.05 * 

By using a regression model (2) on the survey B dataset, we got results in Table 4, 

column (2). The similar results between column (1) and column (2) showed that the 
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substitution does not change the regression significance level or even the estimated 

coefficients. It means that the individual e-cigarette product evaluation can be estimated 

by jointly using the product quality from social media and the individual’s general 

satisfaction from survey questions. Sentiment analysis from online community discussion 

reveals the overall quality of products.  

Finally, we used the regression model (2) on the survey A dataset. We obtained the 

result as shown in Table 4, column (3). For survey A, one point of e-liquid rating increase 

was associated with a 10.40 increase of e-cigarette future use intention odds ratio (P = .434). 

One point flavor rating increase was related to a 4.03 increase of e-cigarette future use 

intention odds ratio (P = .427). Though we did not obtain a statistical significant estimation, 

the coefficients were still consistent with the results obtained from survey B. The 

unbalanced dataset (2 no clear intention vs. 54 having intention) might be the reason for 

this situation. Nonetheless, the proposed method has shown its potentials to be explored by 

future studies. 

5.4 Discussion 

5.4.1 Contributions 

Previous studies utilized either survey data or social media data but seldom both to 

analyze e-cigarette use patterns. The combination of online survey data and social media 

data sheds light on new approaches to study this field.  

From the methodological perspective, we contributed to the literature by 

innovatively proposing a new method in integrating social media data in data triangulation. 

We first identified survey participants who were active on social media and used data from 
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these users to compare the use patterns between the two datasets. The cosine measure was 

employed to display the similarity of the datasets and confirmed the consistency of the 

samples. Then we used information from the online community to infer survey participants’ 

opinions and further used the opinion in intention prediction. The consistent logistic 

regression results showed the potentials to estimate individuals’ attributes by integrating 

social media data. 

From a practical sense, first, we found that males/youngers were more likely to visit 

e-cigarette online discussion forums and tended to post more messages than females/elders. 

Furthermore, these forum-active users were identified as hardcore vapers who had vaped 

for a longer time, took less time to have the first puff after waking up, and puffed more 

times per day. This conclusion was supported by the social media dataset. Second, the two 

datasets shared similar patterns across flavor type, flavor rating, nicotine level, cartridge 

type, purchase approach, and brand and model. We obtained a 0.965 cosine similarity on 

average. Third, by collecting opinions on e-liquid brands from social media, we built a 

naïve Bayes classifier and achieved 0.764 f1-score, which could be used to infer survey 

participant’s e-liquid rating. The intentions to use e-cigarettes in the future were positively 

related to e-liquid ratings and flavor ratings.  

By adopting more accurate and advanced methods, as well as applying features 

extracted from surveys, we expect social media data to be used more frequently and 

interactively in e-cigarette health surveillance. We propose a research framework that 

utilizes survey and social media data interactively, which is shown in Figure 5.5. In this 

framework, as we have identified, hardcore vapers are more likely to be involved in both 
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of the survey datasets and social media datasets. They are the target population to be studied 

in this mixed-method approach. Survey questions are designed to collect basic 

demographic features and e-cigarette use patterns. Then corresponding social media dataset 

is collected to gain further individual opinions and online community information. Finally, 

by applying the features to analytical models, we could conduct health surveillance such 

as pattern recognition, trend detection, and intention inference. 
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Figure 5.5. The framework for combining survey datasets and social media datasets in e-

cigarette health surveillance studies. 

5.4.2 Limitations 

The first limitation is the different population composition of the two datasets. Our 

research framework is suitable for research on hardcore vapers. Casual e-cigarette users, 

however, were much less likely to visit specific e-cigarette forums, and thus information 

extracted from forums was less relevant. This limits our study approach to be applied to 

the whole e-cigarette user population. Though understanding the use patterns of heavy 

users can help depict the e-cigarette use health consequences, studying on casual users, and 

the reason why they started using e-cigarettes, might be another important research domain 

to investigate to stop improper e-cigarette initiation. 

Another limitation is the limited sample size for regression. Although we had 1,057 

survey participants, not all of them reported e-liquid brand and rating, flavor rating, or 

future e-cigarette use intention. The unbalanced dataset might cause biases in the regression 

results. 

5.4.3 Future Research 

We propose several possible approaches for future studies. First, a better-designed 

survey based on theory (e.g. the Theory of Planned Behavior) could be employed to explore 

the relationship between e-cigarette use intentions and attitudes, subjective norms, and 

perceived behavior control, with the help of social media data.  

Second, more social media platforms could be incorporated. Data from Twitter, 

Facebook, YouTube, Instagram, and many other social media platforms can generate new 
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perspectives and shed light on innovative approaches to combine the survey data and social 

media data. For example, Twitter has location information of e-cigarette users. This 

location information could be utilized in a temporal-spatial analysis. Note that the 

geospatial data can only be obtained if the user actively chooses to tag the tweets. The 

selection bias needs to be thoroughly considered as a future work direction.  

Third, more fine-grained qualitative and quantitative methods could be applied to 

investigate the current dataset. For example, the reason why some of the brands were 

popular could be studied from both of the open-ended survey questions and social media 

text.  

Finally, using a unique identifier, survey data and social media data could be 

directly linked at the individual level in volunteers. This can help relieve the limitation that 

our approach can only be applied to hardcore vapers. 

5.4.4 Conclusion 

We studied e-cigarette use patterns by combining survey data and corresponding 

social media data. We found e-cigarette users who were active online were more likely to 

be hardcore vapers. The use patterns identified from the corresponding survey dataset and 

social media dataset shared commonalities. The future use intention was studied by 

combining the two datasets and found to be related to e-liquid ratings and flavor ratings. 

We hope this study can serve as an example of social media data triangulation study in the 

public health surveillance research community and be utilized by other researchers and 

policymakers. 
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6. ESSAY V: ILLICIT AND PRESCRIPTION DRUG STREET NAME 

DETECTION USING SOCIAL MEDIA 

6.1 Introduction 

The misuse of and addiction to opioid drugs is becoming a severe national public 

health crisis in the United States in recent years. Opioids, including prescription pain 

reliever, heroin, and synthetic opioid products such as fentanyl, were involved in 47,600 

overdose deaths in 2017 (Centers for Disease Control and Prevention 2018). Despite of the 

adverse health effects, the epidemic of opioid misuse and addiction causes tremendous 

societal economic burden as estimated to be $78.5 billion a year, including the cost of 

healthcare, lost productivity, addiction treatment, and criminal justice involvement 

(Florence et al. 2016). From a public health standpoint, it has become a major crisis, as the 

number of opioid overdoses increased 30 percent from July 2016 through September 2017 

in 52 areas in 45 states (Vivolo-Kantor et al. 2018). The sheer number of overdoses and 

economic societal welfare burden estimations suggest that this crisis affects all Americans, 

not only those who live on the fringe of society. 

The emergent crisis calls for reliable and in-time public health surveillance. Public 

health surveillance, referring to continuous, systematic collection, analysis and 

interpretation of health-related data needed for the planning, implementation, and 

evaluation of public health practice, can serve as an early warning system for impending 

public health emergencies; document the impact of an intervention, or track progress 

towards specified goals; and monitor and clarify the epidemiology of health problems, to 

allow priorities to be set and to inform public health policy and strategies (World Health 

Organization 2019). Current opioid surveillance data includes National Survey on Drug 
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Use and Health (National Survey on Drug Use and Health 2019), CDC monthly provisional 

data on counts of drug overdose deaths (Centers for Disease Control and Prevention 2019b), 

state-level Prescription Drug Monitoring Program (PDMP) data (Centers for Disease 

Control and Prevention 2019c), and survey data from individual studies (Deanna Wilson 

et al. 2019; Wheeler et al. 2015).  

These surveillance data fall into the categories of active surveillance or passive 

surveillance which have their own advantages or drawbacks. Traditional active 

surveillance can provide most accurate and timely information, but it is very expensive. In 

contrast, passive surveillance is relatively inexpensive but the data quality and timeliness 

are difficult to control (Nsubuga et al. 2006). The emerging information technology 

innovations provide novel insights and opportunities to improve the public health 

surveillance systems in a multifaceted perspective, including system design and planning, 

data collection, management, analysis, interpretation, and dissemination (Savel et al. 2012). 

Specifically, the use of social media opens the door to both timely and inexpensive 

surveillance systems. Thus, in recent years, social media are increasingly harnessed for 

public health surveillance on applications including epidemiologic monitoring and 

surveillance, situational awareness during emergency response, and communication 

surveillance (Fung et al. 2015).  

Although researchers hold indecisive opinions on the effectiveness of the new 

approach, social media data expands the frontier of public health research by providing 

real-time user-generated content in a large quantity. In addition, utilizing social media data 

on opioid surveillance has its own benefits. First, as more types of opioid drugs being 
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designed and produced, the ever-changing environment requires real-time surveillance and 

feedback collection. Second, sensitivity content which is hard to be collected by surveys, 

such as illicit drug use or trade, can be obtained via certain social media platforms. Third, 

due to stigmatization, survey data might be distorted by selection bias. Social media data, 

on the contrary, is self-reported content and can be free from such bias. 

As a promising complementary data source for opioid surveillance, however, social 

media data has its own disadvantages. The most important one of them is the selection of 

relevant keywords for determining data inclusion criteria. If searching drug names directly 

on social media, such as Twitter, most of the contents are news, health education, research 

report, or even jokes. The real drug users, however, are using other terms to refer to these 

drugs and express their thoughts, behaviors, or reactions. These terms are so-called street 

names.  For example, heroin, has its common street names such as dope, h, or smack. 

These street names are broadly recognized but also in continuous change over time. 

Without an effective method to detect these street names, we cannot establish a thorough 

social media system for opioid surveillance. Thus, the goal of this paper is to automatically 

and accurately detect opioid drug street names, utilizing rich text information in the ever-

changing linguistic environment on social media. Specifically, we develop a text mining 

method utilizing distributed word representation and positive-unlabeled learning 

techniques motivated by psychological theories on social media, insights from linguistic 

patterns, and the practical limited labeled dataset. We formalize our model and use a real 

social media dataset collected on Reddit to test the performance empirically. Our model 

outperforms all other benchmarks in the experiment, which confirms our proposed 
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hypotheses. The rest of the essay is organized as follows. Section 6.2 conducts a brief 

literature review of three streams of research related to drug street name detection. The 

details of our proposed model with formalization will be introduced in section 6.3. Section 

6.4 provides a theoretical background of the performance of the proposed model. Section 

6.5 describes data and experiment settings. Section 6 shows the results. Section 6.7 

concludes the paper with discussions. 

6.2 Related Work 

Street name detection is a relatively new research field and very few studies have 

been published in this area. Prior literature concentrates on three streams of research that 

can relate to the task of street name detection. Other than detecting slang terms in gray 

areas, the first area of research, drug synonym detection, has been studied for a long time. 

Synonymy is the link connecting different terminology systems and has critical importance 

for building high-quality text mining systems for biomedical literature (McCrae and Collier 

2008). The number of new publications every year is growing rapidly (Yu et al. 2016), 

especially in the health domain. In the 2018 fiscal year, the indexed citations, i.e., new 

publications that have completed processing and indexing, added to the Medical Literature 

Analysis and Retrieval System Online (MEDLINE) were more than 900,000 (U.S. 

National Library of Medicine 2019). Different authors might use different terms, as 

synonyms, to describe the same biomedical entities such as substance, drug, phenomenon, 

disease, etc. Motivated by the massive terms, to construct thesauri and ontology 

automatically from literature is proposed as a research gap and has been studied by 

researchers in health and information retrieval domains. 
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Early synonym detection works were enlightened by linguistic patterns and rules. 

For example, Edmonds used word co-occurrence network similarity significance 

(Edmonds 1997). Morin and Jacquemin (2004) used term variations, such as “mouth cancer” 

and “cancer of the mouth,” to detect synonyms (Morin and Jacquemin 2004), but was 

criticized as a limited method since synonym terms are not simply limited to variants 

(McCrae and Collier 2008). More rules such as sub- and super-entities (e.g., prefixes, 

suffixes), abbreviations (Ananthanarayanan et al. 2008), Lexico-syntactic pattern (i.e., 

part-of-speech, e.g., nouns, verbs) (Walde and Köper 2013), and word pairs (Roth and im 

Walde 2014) were incorporated in later research to refine the method. 

A similar approach of synonym detection is using rules extracted from external 

corpora and knowledge bases. For example, Lombardi and Marani (2015) used WordNet, 

a lexical database for the English language (Miller 1995), and YAHOO! search results for 

synonym detection (Lombardi and Marani 2015). Qu et al. used Wikipedia, Freebase, and 

PubMed to extract features for synonym detection (Qu et al. 2017). 

Another stream of research arises originating from the recently broadly used 

distributional word representations. Although the idea of converting words to vectors and 

using word vectors to search similar words can date back to 1990s, utilizing relative co-

occurrence distribution (Pereira et al. 1993), or matrix factorization methods such as Latent 

Semantic Analysis (LSA) (Cederberg and Widdows 2003), the extensive use of word 

embeddings in the past five years has boosted the research production in this field. For 

example, Leeuwenberg et al. (2016) utilized the continuous bag-of-word (CBOW) model 

and the skip-gram (SG) model proposed by (Mikolov, Chen, et al. 2013a) to build word 
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vectors for similarity measurement (Leeuwenberg et al. 2016). Fei et al. extended the 

model while keeping using the SG model for word embedding but conducting a 

hierarchical multi-task learning by combining synonym detection and semantic learning 

(Fei et al. 2019). These methods can achieve good performance on synonym detection, but 

still, drug street names cannot be simply considered as synonyms and need a further 

elaboration of the model. 

The second area of research aims to detect information morph, defined as “a special 

case of alias used for hiding true entities in malicious environments (Huang et al. 2013).” 

Huang et al. (2013) pointed out that social networks and collective wisdom play important 

roles in morph generation processes. They used data collected from social media to 

generate information network utilizing the co-occurrence of words, and used meta-path 

analysis to measure semantic similarity (Huang et al. 2013). Zhang et al. (2014), motivated 

by human approaches, summarizing morph creation approaches and proposed an automatic 

morph generation method for any given entities (Zhang et al. 2014). Zhang et al. (2015) 

pushed forward this research question by breaking down the morph detection task as two 

subtasks, morph candidate generation, and morph resolution (Zhang et al. 2015). The 

former task aimed to propose morph candidates and the latter task resolved the morph to 

its target. The co-occurrence relationship is used to generate morph candidates and the 

word embedding vectors were used to measure similarities. Sha et al. (2017) extended this 

model by using character-based embedding and achieved better performance in the morph 

resolution task (Sha et al. 2017). Instead of distributed word representation-based methods, 

Huang et al. (2017) used a linguistic knowledge base to detect morphs (Huang et al. 2017). 

Our drug street name detection shares similar features with the above-mentioned morph 
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detection as the true entities are hidden to circumvent censorship. However, they are 

different given the following nature that drug street names have very limited training 

dataset and merely focusing on the drug domain, while morph detection aims to detect all 

kinds of morphs and most of them in the above literature were related to celebrities in the 

field of sports, politics, and entertainment. It means that drug street name detection has a 

more direct goal and could be utilized in the detection process, while morph detection only 

uses unsupervised learning to map a set of morphs to a set of targets. 

Finally, we observed another stream of research in drug street name detection since 

2018. Simpson et al. (2018) aimed to detect novel and emerging drug terms using the 

CBOW word embedding model (Simpson et al. 2018). This work claimed to be the very 

first research attempt in identifying drug street names. Although they used a Twitter dataset 

to train word vectors, this study still required human vetting, to generate a heuristic cosine 

similarity threshold cutoff. A piece of follow-up research in 2019 used a Reddit dataset to 

identify opioid street names and changed the heuristic to top-n most similar words (Adams 

et al. 2019). These emerging studies are still in a nascent stage of text mining but indicate 

the potential of drug street name detection and its significance in public health. The method 

proposed in this paper, however, instead of using heuristics, employs a machine-learning 

based approach to detect drug street names. We propose that this data-driven approach can 

better understand the semantics in drug-related text and outperforms the methods proposed 

in the current literature. 
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6.3 Model 

In this section, we propose a Distributional Word Representation based Positive-

Unlabeled Learning (DWR-PUL) model to detect drug street names from social media 

user-generated content. Specifically, the DWR-PUL model is composed of two major 

components, 1) word representation, and 2) machine learning and inference. After pre-

processing of the raw text data, we build distributional word representations based on word 

co-occurrence matrix using two different approaches, skip-gram embedding (SG), and 

glove embedding, emphasizing different perspectives of the text by using different 

objective functions. We compare the performance of both embedding methods as well as 

the concatenation of the two sets of embedding. In the machine learning inference process, 

we compare the formal definition of supervised learning and PU learning and propose an 

innovative customized PU learning method for the street name PU learning task. Figure 

6.1 shows the data flow of our proposed model. The details are discussed in each of the 

subsections. 

 

Figure 6.1. Proposed DWR-PUL model 
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6.3.1 Word Co-occurrence Matrix and Distributional Representation 

Recent years have observed the emergence of learning vector space representations 

of words, i.e., representing a word with a real-valued vector, enlightened by the theory of 

distributional semantics, which firstly proposed by Harris in 1954 (Harris 1954). This 

theory states that “all elements in a language can be grouped into classes whose relative 

occurrence can be stated exactly.” In other words, words with similar semantics are used 

and should occur in the same context. “A word is characterized by the company it keeps 

(Firth 1957).” For example, in the field of drug street name detection, a frequently observed 

piece of user-generated text content is “drug+verb+feeling.” “Bought new heroin from my 

local dealer and it makes me feel good” could be a possible example of this type of text on 

social media. But a much more possible sentence would be “This new dogfood makes me 

fuego,” which expressed almost the same meaning but using all in-group jargons. Similar 

word distribution in the text implies similar semantic meanings. The insight of such 

observation implies that “dogfood” could be a possible candidate of the street name of 

heroin, and the two words should be represented by real-value vectors with high similarity. 

The distribution of a word can be represented by a word-word co-occurrence matrix. 

Thus, the goal of distributional word representation is to learn word vector representations 

by minimizing objective functions defined on the word-word co-occurrence matrix. Skip-

gram and GloVe are currently two of the most commonly used models to learn such vector 

representations. We use both algorithms in this paper and also combine the vectors to 

extract information from both sides. The formal definition of the models is as follows, 

notation adopted from (Pennington et al. 2014). 
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Given a word-word co-occurrence count matrix 𝑀, whose element 𝑀𝑖𝑗 records the 

number of times word 𝑗 occurs in the context of word 𝑖. Let 𝑀𝑖 = ∑ 𝑀𝑖𝑘𝑘  be the number 

of times any word appears in the context of word 𝑖. Let 𝑃𝑖𝑗 = 𝑃(𝑗|𝑖) = 𝑀𝑖𝑗/𝑀𝑖 represents 

the empirical probability of word 𝑗 appearing in the context of word 𝑖 . Let 𝑄𝑖𝑗  be the 

vector-based probability of word 𝑗 appearing in the context of word 𝑖. In skip-gram model, 

𝑄𝑖𝑗 is a softmax, 

𝑄𝑖𝑗 =
exp (𝑤𝑖

𝑇𝑤𝑗)

∑ exp (𝑤𝑖
𝑇𝑤𝑘)𝑉

𝑘

 (1) 

 

while 𝑤𝑖 ∈ ℝ𝑑 represents the vector representation of word 𝑖. The objective function of the 

skip-gram model is  

𝐽𝑠𝑔 = − ∑ log𝑄𝑖𝑗

𝑖∈𝑐𝑜𝑟𝑝𝑢𝑠
𝑗∈𝑐𝑜𝑛𝑡𝑒𝑥𝑡(𝑖)

 
(2) 

Note that if we observe word 𝑗 appears in the context of word 𝑖 for 𝑚 times, we 

will have 𝑚 𝑙𝑜𝑔𝑄𝑖𝑗 in the objective function. This 𝑚 is exactly the element 𝑋𝑖𝑗 in matrix 

𝑋. Thus, by grouping up the same values, we can rewrite the objective function as  

𝐽𝑠𝑔 = − ∑ ∑ 𝑀𝑖𝑗log𝑄𝑖𝑗

𝑉

𝑗=1

𝑉

𝑖=1

= − ∑ 𝑀𝑖 ∑ 𝑃𝑖𝑗log𝑄𝑖𝑗

𝑉

𝑗=1

𝑉

𝑖=1

= ∑ 𝑀𝑖𝐻(𝑃𝑖 , 𝑄𝑖)

𝑉

𝑖=1

 (3) 

while 𝐻(𝑃𝑖 , 𝑄𝑖) is the cross-entropy of the distribution of 𝑃𝑖 and 𝑄𝑖. The intuition behind 

equation (3) is that the skip-gram model tries to minimize the weighted sum of cross-

entropy error of the proposed vector representation of words and the count of the word-

word co-occurrence. Mikolov et al. (2013) introduced the skip-gram model from a neural 

network perspective with practical approximation techniques, such as negative sampling 

and hierarchical softmax, to calculate the proposed objective function in an on-line, 
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stochastic fashion. The details of the computational implementation are not the focus of 

this paper and could be found in the original paper (Mikolov, Chen, et al. 2013b). 

The GloVe model reevaluated the objective function and proposed that distance 

measured by cross-entropy error bears undesirable properties such as long-tail distributions 

are often poorly modeled due to too much weight allocated to unlikely events. The authors 

of the GloVe model changed the cross-entropy error to fine-tuned measure such that 𝑃𝑖𝑗 =

log𝑀𝑖𝑗,  𝑄𝑖𝑗 = log(𝑒𝑥𝑝(𝑤𝑖
𝑇𝑤𝑗)) = 𝑤𝑖

𝑇𝑤𝑗, and the weighting factor 𝑀𝑖 is substituted by a 

more general weighting function 𝑓(𝑀𝑖𝑗) (Pennington et al. 2014). 

𝐽𝐺𝑙𝑜𝑉𝑒 = ∑ 𝑓(𝑀𝑖𝑗)(𝑤𝑖
𝑇𝑤𝑗 − 𝑙𝑜𝑔𝑀𝑖𝑗)

2

𝑖,𝑗

 (3) 

The skip-gram model and the GloVe model are broadly used in the field of natural 

language processing and text mining. Currently, no research has found one model 

outperforms the other in a general sense. Thus, we use both models in our word 

representation step. Furthermore, we combine the vectors learned in the two models by 

concatenation as a third word representation model aiming to extract information obtained 

from the two models simultaneously.  

6.3.2 PU Learning for Binary Classification 

This section formally sets up the problem of PU learning and risk estimator. 

Let 𝑃  be the collection of positive data 𝒳𝑃 = {𝑥𝑖
𝑃}𝑖=1

𝑛𝑃 , 𝑁  be the collection of 

negative data, which is not accessible in PU learning, 𝒳𝑁 = {𝑥𝑖
𝑁}𝑖=1

𝑛𝑁 , and 𝑈  be the 

collection of unlabeled data 𝒳𝑈 = {𝑥𝑖
𝑈}𝑖=1

𝑛𝑈 . Let 𝑥 ∈ ℝ𝑑 be a d-dimension feature and 𝑦 ∈

{−1,1} be a class label. 𝑋 and 𝑌 are the corresponding input and output random variables, 
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respectively. Let 𝑝(𝑥, 𝑦) be the underlying joint density of (𝑋, 𝑌). Then 𝑝(𝑥|𝑦) is the 

marginal class-conditional densities, i.e., 𝑝𝑃(𝑥) = 𝑝(𝑥|𝑦 = 1) , and 𝑝𝑁(𝑥) = 𝑝(𝑥|𝑦 =

−1). Then 𝑝(𝑥) is the density without class conditions, i.e., the marginal density of the 𝑈 

set. Let 𝜋𝑃 = 𝑝(𝑦 = 1) the 𝑃 prior probability and 𝜋𝑁 = 𝑝(𝑦 = −1) = 1 − 𝜋𝑃. 

Let 𝑔: ℝ𝑑 → ℝ  be an arbitrary decision function for binary classification and 

𝑙: ℝ → ℝ+ be a loss function such that 𝑙(𝑔(𝑥), 𝑦) means the loss incurred by predicting 

𝑔(𝑥) given input 𝑥 when the ground truth is 𝑦. Thus, the goal of binary classification is to 

find decision function 𝑔 that minimizes the classification risk 

𝑅(𝑔) = 𝔼(𝑋,𝑌)~𝑝(𝑥,𝑦)[𝑙(𝑔(𝑋), 𝑌] 

 

(4) 

where 𝔼(𝑋,𝑌)~𝑝(𝑥,𝑦)[∙] denotes the expectation over the joint distribution 𝑝(𝑥, 𝑦). 

In standard supervised learning cases, 𝑃 and 𝑁 are sampled independently from 

𝑝𝑃(𝑥) and 𝑝𝑁(𝑥). Thus equation (4) can be rewritten as  

𝑅(𝑔) = 𝜋𝑃𝔼𝑋~𝑝𝑃(𝑥)[𝑙(𝑔(𝑋), 1] + 𝜋𝑁𝔼𝑁~𝑝𝑁(𝑥)[𝑙(𝑔(𝑋), −1] 

 

(5) 

Empirically equation (5) can be estimated by  

�̂�𝑃𝑁(𝑔) = 𝜋𝑃�̂�𝑃
+ (𝑔) + 𝜋𝑁�̂�𝑁

−(𝑔) 

 

(6) 

where �̂�𝑃
+(𝑔) = 1/𝑛𝑃(∑ 𝑙(𝑔(𝑥𝑖

𝑃), 1)
𝑛𝑃
𝑖=1  and �̂�𝑁

−(𝑔) =  1/𝑛𝑁(∑ 𝑙(𝑔(𝑥𝑖
𝑁), −1)

𝑛𝑁
𝑖=1 . By 

minimizing �̂�𝑃𝑁(𝑔) we obtain the ordinary empirical risk minimizer �̂�𝑃𝑁 
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In PU learning, 𝒳𝑁  is unavailable. The classification in equation (5) cannot be 

directly estimate. However, given the fact that the 𝑈  dataset is composed of random 

samples of 𝑃 or 𝑁 instances, we have  

𝑝(𝑥) = 𝜋𝑃𝑝𝑃(𝑥) + 𝜋𝑁𝑝𝑁(𝑥) 

 

(7) 

Thus 𝜋𝑁�̂�𝑁
−(𝑔)  can be approximated by 𝜋𝑁�̂�𝑁

−(𝑔) = 𝜋𝑁(�̂�𝑈
−(𝑔) − 𝜋𝑃(�̂�𝑃

−(𝑔)) . So the 

classification risk can be approximated by  

�̂�𝑃𝑈(𝑔) = 𝜋𝑃�̂�𝑃
+ (𝑔) + 𝜋𝑁(�̂�𝑈

−(𝑔) − 𝜋𝑃(�̂�𝑃
−(𝑔)) 

 

(8) 

where �̂�𝑃
+(𝑔) = 1/𝑛𝑃(∑ 𝑙(𝑔(𝑥𝑖

𝑃), 1)
𝑛𝑃
𝑖=1 , �̂�𝑃

−(𝑔) = 1/𝑛𝑃(∑ 𝑙(𝑔(𝑥𝑖
𝑃), −1)

𝑛𝑃
𝑖=1 , and 

�̂�𝑈
−(𝑔) = 1/𝑛𝑈(∑ 𝑙(𝑔(𝑥𝑖

𝑈), −1)
𝑛𝑈
𝑖=1 . 

The standard supervised learning and PU learning empirical risk estimators in 

equation (6) and (8) are unbiased and consistent with respect to all popular loss functions 

(Kiryo et al. 2017). By comparison of equation (6) and (8), we can clearly see that the 

learning objectives for standard supervised learning and PU learning are different.  

Given the different nature of PU learning and supervised learning, several effective 

algorithms were proposed to tackle this problem. In order to deal with the unlabeled dataset 

𝑈, two categories of methods were developed, either identifying possible 𝑁 data from 𝑈 

or treating 𝑈 as 𝑁, but with a smaller weight (Kiryo et al. 2017). 

Liu et al. (2002) proposed an Expectation-Maximization (EM) algorithm to identify 

positively labeled documents, with heuristics to identify reliable negatives (Liu et al. 2002). 

Another method called biased support vector machine (Biased SVM) treated 𝑈 as 𝑁 but 
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with smaller weights (Liu et al. 2003). A recent study followed this insight and treated 𝑈 

as 𝑁 influenced by label noise (Shi et al. 2018). A broadly used method in PU learning, 

named bagging SVM, sampled a small set of 𝑈 as 𝑁 and trained aggregated classifiers to 

discriminate 𝑃 from 𝑈 (Mordelet and Vert 2014). 

In the setting of our drug street name detection task, for the standard bagging SVM 

method, the algorithm steps are as follows: 

Algorithm 1. Bagging SVM (Mordelet and Vert 2014) 

1: Input: 𝑃, 𝑈, 𝐾 = size of bootstrap samples, 𝑇 = number of bootstraps 

2: Output: a score 𝑠: 𝑈 → 𝑅 

3: Initialize ∀𝑥 ∈ 𝑈, 𝑛(𝑥) ← 0, 𝑓(𝑥) ← 0 

4: for 𝑡 = 1 to 𝑇 do 

5:     Draw a bootstrap sample 𝑈𝑡 of size 𝐾 in 𝑈 

6:     Train an SVM classifier 𝑓𝑡 to discriminate 𝑃 against 𝑈𝑡 

7:     For any 𝑥 ∈ 𝑈\𝑈𝑡, update: 

8: 𝑓(𝑥) ← 𝑓(𝑥) + 𝑓𝑡(𝑥) 

9: 𝑛(𝑥) ← 𝑛(𝑥) + 1 

10: end for 

11: Return 𝑠(𝑥) = 𝑓(𝑥)/𝑛(𝑥) for 𝑥 ∈ 𝑈 

In general, the bagging SVM method creates a series of classifiers to discriminate 

𝑃 and 𝑈. The score is record after each step and the final result is aggregated to get an 

average score to measure each data record in the 𝑈 set. 

The standard Bagging SVM algorithm does not utilize heuristics to identify reliable 

negatives (RN), as commonly seen in other PU learning methods. In the drug street name 

detection task, enlightened by the fact that compared to the extensive vocabulary size, the 

street names word set only comprises of a small group of words. By identifying a large RN 

set, intuitively we can achieve a better learning performance. Thus, we innovatively 

propose a Reliable Negative Bagging PU learning model for the drug street name detection. 
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Algorithm 2. Reliable Negative Bagging PU Learning 

1: Input: 𝑃, 𝑈, 𝐾 = size of bootstrap samples, 𝑇 = number of bootstraps, ℎ(𝑥) = 

similarity measure of any 𝑥 ∈ 𝑈 

2: Output: a score 𝑠: 𝑈 → 𝑅 

3: Step 1: 

4: 𝑚 = size of reliable negatives 

5: Draw reliable negative set 𝑈𝑅𝑁 from 𝑈 based on ℎ(𝑥) such that 

6: 𝑈𝑅𝑁 = argmax𝑈′⊂𝑈,|𝑈′|=𝑚 ∑ ℎ(𝑎)
𝑎∈𝑈′

 

7: 𝑈𝑈 = 𝑈\𝑈𝑅𝑁 

8: Step 2: 

9: Initialize ∀𝑥 ∈ 𝑈, 𝑛(𝑥) ← 0, 𝑓(𝑥) ← 0 

10: for 𝑡 = 1 to 𝑇 do 

11:     Draw a bootstrap sample 𝑈𝑡 of size 𝐾 in 𝑈𝑅𝑁 

12:     Train a classifier 𝑓𝑡 to discriminate 𝑃 against 𝑈𝑡 

13:     For any 𝑥 ∈ 𝑈\𝑈𝑡, update: 

14: 𝑓(𝑥) ← 𝑓(𝑥) + 𝑓𝑡(𝑥) 

15: 𝑛(𝑥) ← 𝑛(𝑥) + 1 

16: end for 

17: Return 𝑠(𝑥) = 𝑓(𝑥)/𝑛(𝑥) for 𝑥 ∈ 𝑈 

Compared to the standard Bagging SVM listed in Algorithm 1, our RN-enhanced 

Bagging PU learning algorithm first identifies a reliable negative set based on the similarity 

measure. We consider words in 𝑈𝑅𝑁 set as the most improbable candidates of certain drug 

street names. Then, we sample from this 𝑈𝑅𝑁 set to train the classifier and follows the same 

steps used in standard Bagging SVM. Finally, we obtain a score function 𝑠(𝑥) measuring 

the possibility of being the street name of a certain drug in an aggregation level, which in 

turn generates the candidate street names. 

6.4 Theory and Hypotheses Development 

In this section, we hypothesize the effect of text mining on drug street name 

detection in terms of different text processing and learning approaches. First, we consider 

the use of field-specific social media text data compared to general text. Second, we focus 
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on the learning method, i.e., comparison of traditional supervised learning and PU learning, 

and proposed RN-enhanced PU learning. 

6.4.1 Text Resource Effect 

The use of different text reflects different semantic meanings. User-generated text 

on social media platforms is different from text on news, or text on Wikipedia. The use of 

social media might be triggered by different philosophical motivations (Qi et al. 2018). Qi 

et al. (2018) summarized four archetypal theories that could be applied to understand social 

media: Goffman’s presentation of self, Bourdieu’s social capital, Sartre’s existential 

project, and Heidegger’s “shared-world (Qi et al. 2018).” The Goffman’s presentation of 

self indicates that to create an impression on others could serve as the core interest of using 

social media (Goffman 1978). On our real dataset, we observed this phenomenon that some 

people shared their experience of using drugs as a means of self-presentation, for example, 

to express a good mood after taking drugs. The Bourdieu’s social capital theory, on the 

other hand, shows that posting content on social media is a way to accrue social capital 

(Bourdieu 1977). Fentanyl is much more potent than heroin. Some of the users in the real 

dataset tried to notify and warn other users when there was fentanyl-mixed heroin being 

purchased in a certain area. They called it a “fentanyl warning,” which helps these users 

accrue social capital, for example, trust and authority, in the social media community. The 

Sartre’s existential project theory indicates that people use social media to record the 

history of presence (Sartre 2001). It is frequent to be observed in our real dataset that people 

record their drug use types and dosage. Finally, the Heidegger’s “shared-world” theory 

focuses more on the communication functionality of social media and emphasizes the use 

of social media can strengthen community and the sense of “being-with-others (Heidegger 
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et al. 1962).” This motivation has its unique characteristic in drug use communities. 

Problematic and illicit drug use have been studied to be related to stigmatization (Lloyd 

2013; Palamar et al. 2013). Our real dataset is extracted from a social media platform with 

anonymity. In other words, people are not required to use their real names to participate in 

the discussion. This type of online community can greatly decrease the sense of 

stigmatization and create an environment for communication, which serves as a significant 

reason for this prosperous community. From different theoretical perspectives and 

corresponding examples from the real dataset, we can see that the user-generated content 

on social media conveys semantic meanings. By learning the semantics, we assume that it 

could improve the algorithm performance compared to using data extracted from general 

text. 

HYPOTHESIS 1: The use of the field-specific social media dataset will improve the drug 

detection performance, compared to using pre-trained dataset trained on general text such 

as Wikipedia or news. 

6.4.2 Machine Learning Model Effect 

As we have shown in the model section, supervised learning and PU learning has 

different problem settings and learning objectives, which means that simply treating PU 

learning problem as a standard supervised learning problem may not generate satisfying 

results. In our real data experiments, standard supervised learning method, treating all 𝑈 

as 𝑁, is used as a benchmark method to compare with PU learning methods. As indicated 

by the “bias in, bias out” insight, the pre-existing bias in input can generate further bias in 

output. For example, a recent study identified the existence of racial bias in hate speech 



166 
 
 

detection in Twitter corpora (Sap et al. 2019). This insight is further proved by the 

inspection of equation (6) and (8). By treating all 𝑈 as 𝑁 and using supervised learning, 

we substitute �̂�𝑁
−(𝑔)  with �̂�𝑈

−(𝑔)  in equation (6), which, however, is not an unbiased 

estimator of PU risk objective function. Thus, from both practical and theoretical 

perspectives, we hypothesis that  

HYPOTHESIS 2: PU learning can generate better performance compared to standard 

supervised learning methods. 

Finally, we consider the effect of choosing models between standard Bagging SVM 

and our proposed RN-enhanced Bagging PU learning. There exists an observation in 

linguistics that a word only connects to a small group of other words in the semantics 

network, as shown in the density distribution of words (Figure 6.2) in the WordNet 

semantics network (Wang and Hirst 2011). 

 

Figure 6.2. WordNet semantics network density distribution (Wang and Hirst 2011) 

Thus, we can hypothesis that for a large vocabulary 𝒱, a large proportion of the 

vocabulary 𝒱𝑅𝑁 can be considered as a reliable negative set to be used in the PU learning. 

As the authors of the bagging SVM method pointed out (Mordelet and Vert 2014), 

compared to the optimal classifier 𝑓∗ which achieves the smallest risk 𝑅∗ for equation (8), 
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a function 𝑓𝑡 trained with subsample 𝑈𝑡 of size 𝐾 and contamination rate, i.e., proportion 

of positive sample in 𝑈𝑡, �̂�𝑡, the upper bound of excess risk, with a large probability 𝛿, is  

𝑅(𝑓𝑡) − 𝑅∗ ≤ 𝑐
𝑛𝑃

−1/2
+ 𝐾−1/2

1 − �̂�𝑡
 

 

(9) 

where 𝑐  is a constant (Scott and Blanchard 2009). Equation (9) indicates a lower 

contamination rate can generate a tighter risk bound and increase the estimator quality. Our 

RN-enhanced model sample from the 𝑈𝑅𝑁 set and has a much lower contamination rate 

compared to the original 𝑈  set, which in theoretical perspective, should have better 

performance compared to the standard bagging PU SVM model. 

HYPOTHESIS 3: Using reliable negative to train PU bagging models can improve the drug 

street name detection performance. 

6.5 Experiment 

6.5.1 Data Collection 

We conducted an experiment to test the performance of the proposed model with a 

dataset collected on Reddit. Reddit is a world-famous social media website that portrayed 

it as “the front page of the internet” and “a source for what’s new and popular on the web 

(Anderson 2015)”. Reddit users, as known as Redditors, can submit self-reported content, 

mostly text and images, or links to external website contents. The majority of submissions 

has traditionally been links to external content, as the initial idea of the platform was solely 

to share links and vote on them (Singer et al. 2014). But recent years have observed a shift 

to a self-referential community (Singer et al. 2014), just as stated in the Reddit’s new 
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official self-introduction page “Reddit is home to thousands of communities, endless 

conversation, and authentic human connection (Reddit 2019a).” 

Community and voting are two key factors that Reddit has. All the threads are 

organized by subjects into user-created communities, which are called subreddits. The 

threads in a subreddit follow similar topics so that they are discussed by Redditors who 

share similar interests. Redditors can post comments after the initial threads and continue 

the discussion by replying to the initial threads or other comments. Thus, a subreddit is an 

online community composed of people with similar thoughts or behaviors. In addition, a 

subreddit is usually highly self-governed. Administrators of these subreddits are common 

Redditors. They make rules and manage the community. Other Redditors participate in the 

subreddit management by upvoting or downvoting a thread, which influences the order of 

threads in a subreddit.  

One of Reddit’s strengths is in its sense of community, there is a subreddit for any 

and every interest, and if there is not, it can be easily created (Anderson 2015). The highly-

involved participation and frequent user interactions make Reddit a successful social media 

platform. aIt has more than 330 million average monthly active users and more than 130 

thousand active subreddits. The average screen reviews is 21 billion (Reddit 2019a). 

Our study aims to explore user-generated content on social media to detect 

frequently used opioid drug street names. Thus, an online community that focuses on the 

specific topic is required for the experiment and analysis. Reddit has a subreddit named as 

“opiate”, which meets our research purpose. The managers of this online community post 

the synopsis as “Discussion of all things related to the narcotics known as opiates, from 
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harm-reduction to pharmacology.” We used Reddit API (Reddit 2019b) and retrieved all 

threads and comments on this subreddit within the timespan from January, 1st, 2010, to 

February, 1st, 2018. A total of 82,829 threads and 1,448,963 comments were collected. 

6.5.2 Experiment Settings 

There are two major steps in the DWR-PUL model. First, we represent words with 

real-value vectors using proposed word embedding techniques. Then, we conduct PU 

learning to identify candidate words which might be street names of a given drug. 

In the first step, as we proposed in Hypothesis 1, we expect our field-specific social 

media user-generated content will train embedding vectors with more accurate semantic 

meanings than pre-trained vectors which are trained on general text such as Wikipedia or 

news corpus. We will compare the performance of different word embedding vectors on 

the drug name detection task. Specifically, we will compare the performance of 1) pre-

trained SG, 2) pre-trained GloVe, 3) pre-trained SG+GloVe, 4) domain-specific SG, 5) 

domain-specific GloVe, and 6) domain-specific SG+GloVe. Here the plus sign “+” of 

“SG+GloVe” means the concatenation of word vectors with respect to the same word. The 

window size of SG is set to be 3. The window size of GloVe is set to be 16. The dimension 

of word vectors is set to be 300 in both methods.  

In the second step, we first identify a list of positive samples by using the drug 

street names identified by NIH (NIH 2018c). For example, “heroin” and its street names 

“brown sugar,” “china white,” “dope,” “h,” “horse,” “junk,” “skag,” “skunk,” “smack,” 

“white horse,” and “cheese” are used as the 𝑃 data sample in the training. All the other 

words are treated as the 𝑈 data sample. We then compare the performance of our proposed 
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RN-enhanced bagging PU learning with three sets of benchmarks, 1) most-similar words, 

2) standard supervised learning, and 3) bagging SVM. The details steps of the training 

process are listed below. 

Most-similar words 

We find candidate street names by calculating cosine similarity of the words in the 

vocabulary and find the most similar word with samples in the 𝑃 set. For a word 𝑖 in the 

vocabulary, the similarity is measured by  

𝑆𝑖𝑚(𝑤𝑖) = ∑ 𝑐𝑜𝑠𝑖𝑛𝑒(𝑤𝑖 , 𝑤𝑗)

𝑗∈𝑃

 (10) 

Standard supervised learning 

This method will treat all instances in the 𝑈 set as negative-labeled samples. Then 

four different traditional classifiers will be trained, 1) KNN, 2) decision tree, 3) Naïve 

Bayes, 4) SVM. 

Bagging PU learning 

This method also used traditional classifiers. However, instead of treating all 𝑈 

instances as 𝑁 instances, we applied the Algorithm 1, standard bagging SVM, to train our 

dataset. We tested traditional classifiers including 1) KNN, 2) decision tree, 3) Naïve Bayes, 

4) SVM. 

RN-enhanced Bagging PU learning 

This is our proposed method. We firstly identified a group of “reliable negative” 

samples, denoted by 𝑅𝑁. Instances in 𝑅𝑁 are considered the most unlikely words to be 



171 
 
 

street names of the certain drug. The similarity is measured by the cosine similarity. The 

𝑅𝑁 size is set to be 90% of the vocabulary size. We then use 𝑃 and 𝑅𝑁 to train the four 

traditional classifiers and use the aggregation results to find drug street name candidates. 

6.5.3 Evaluation Measures 

We systematically evaluate our proposed DWR-PUL model by comparing the 

performance of drug street name detection with other listed benchmarks. Since we have a 

large Reddit corpus, a vast amount of words have extremely close score in terms of the 

possibility of being a drug street name. Thus, we report 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛@𝑘, 𝑟𝑒𝑐𝑎𝑙𝑙@𝑘, and 

𝐹1@𝑘 as the metrics to measure performance of each methods on top-k identified words, 

where these metrics are defined as 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
, 𝑅𝑒𝑐𝑎𝑙𝑙 =

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
, 𝐹1 =

2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

𝑇𝑃 is the true positive, i.e., number of words correctly identified as drug street 

names; 𝐹𝑃 is the false positive, i.e., number of words identified as street name but in 

ground truth are not; 𝐹𝑁 is the false negative, i.e., number of words identified as not a 

street name but in ground truth are street names. 

6.6 Results 

Table 6.1 shows the drug street name detection result of pretrained vectors. As we 

expected, pretrained word embeddings contain very little information in detecting drug 

street names. Almost no street names can be detected by using these embedding vectors. 

In comparison, Table 6.2 shows the performance of field-specific dataset trained word 
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embeddings and it achieves much better results, which supports the statement in 

Hypothesis 1. 

For Hypothesis 2, we propose that the PU learning approach can outperforms the 

standard supervised learning approach. This hypothesis is supported by the performance of 

bagging PU and RN-enhanced bagging PU methods compared to the standard supervised 

learning methods listed in Table 6.2. No matter what word embedding methods are used, 

the best classifier of bagging PU or RN-enhanced bagging PU methods is always superior 

to the best classifier of standard supervised learning method. 

In hypothesis 3, we state that our proposed RN-enhanced bagging PU can generate 

better results in drug street detection than standard bagging PU method. This statement is 

supported by the fact that in GloVe embedding and SG+GloVe embedding settings, our 

RN-enhanced bagging PU method always has the best classifier compared to all other 

methods. Specifically, the SG+GloVe embedding and RN-enhanced bagging PU learning 

approach with decision tree classifier has the best performance overall all the other settings, 

and achieves 0.11 precision, 0.34 recall, and 0.17 𝐹1 measure value. In SG embedding 

setting, the best classifier of RN-enhanced bagging PU has the same performance 

compared to other methods. 
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Table 6.1. Pretrained word embedding method performance 

Embedding Classifier Precision Recall 𝐹1 

SG     

 Most-similar words 0.01 0.06 0.03 

 Supervised Learning    

 KNN 0 0 0 

 Decision Tree 0 0 0 

 Naïve Bayes 0 0 0 

 SVM 0 0 0 

 Bagging PU    

 KNN 0 0 0 

 Decision Tree 0 0 0 

 Naïve Bayes 0 0 0 

 SVM 0 0 0 

 RN-enhanced Bagging PU    

 KNN 0.01 0.05 0.02 

 Decision Tree 0.01 0.05 0.02 

 Naïve Bayes 0.01 0.05 0.02 

 SVM 0 0 0 

GloVe     

 Most-similar words 0.01 0.03 0.02 

 Supervised Learning    

 KNN 0 0 0 

 Decision Tree 0 0 0 

 Naïve Bayes 0 0 0 

 SVM 0 0 0 

 Bagging PU    

 KNN 0 0 0 

 Decision Tree 0 0 0 

 Naïve Bayes 0 0 0 
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 SVM 0 0 0 

 RN-enhanced Bagging PU    

 KNN 0 0 0 

 Decision Tree 0 0 0 

 Naïve Bayes 0 0 0 

 SVM 0 0 0 

SG+GloVe     

 Most-similar words 0.01 0.06 0.03 

 Supervised Learning    

 KNN 0 0 0 

 Decision Tree 0 0 0 

 Naïve Bayes 0 0 0 

 SVM 0 0 0 

 Bagging PU    

 KNN 0 0 0 

 Decision Tree 0 0 0 

 Naïve Bayes 0 0 0 

 SVM 0 0 0 

 RN-enhanced Bagging PU    

 KNN 0.01 0.05 0.02 

 Decision Tree 0.01 0.05 0.02 

 Naïve Bayes 0.01 0.05 0.02 

 SVM 0.01 0.05 0.02 
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Table 6.2. Domain-specific word embedding method performance 

Embedding Classifier Precision Recall 𝐹1 

SG     

 Most-similar words 0.05 0.17 0.08 

 Supervised Learning    

 KNN 0.07 0.17 0.10 

 Decision Tree 0.03 0.07 0.04 

 Naïve Bayes 0.09 0.28 0.13 

 SVM 0.08 0.24 0.11 

 Bagging PU    

 KNN 0.07 0.21 0.10 

 Decision Tree 0.07 0.21 0.11 

 Naïve Bayes 0.09 0.28 0.13 

 SVM 0.09 0.28 0.14 

 RN-enhanced Bagging PU    

 KNN 0.08 0.24 0.11 

 Decision Tree 0.08 0.24 0.12 

 Naïve Bayes 0.09 0.27 0.13 

 SVM 0.09 0.28 0.14 

GloVe     

 Most-similar words 0.06 0.20 0.09 

 Supervised Learning    

 KNN 0.07 0.21 0.11 

 Decision Tree 0.27 0.07 0.04 

 Naïve Bayes 0 0 0 

 SVM 0.06 0.17 0.09 

 Bagging PU    

 KNN 0.06 0.17 0.09 

 Decision Tree 0.08 0.24 0.12 

 Naïve Bayes 0.05 0.14 0.07 
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 SVM 0.06 0.17 0.08 

 RN-enhanced Bagging PU    

 KNN 0.06 0.17 0.08 

 Decision Tree 0.10 0.31 0.15 

 Naïve Bayes 0.08 0.24 0.19 

 SVM 0.08 0.24 0.12 

SG+GloVe     

 Most-similar words 0.08 0.28 0.12 

 Supervised Learning    

 KNN 0.07 0.21 0.10 

 Decision Tree 0.05 0.14 0.07 

 Naïve Bayes 0 0 0 

 SVM 0.09 0.28 0.13 

 Bagging PU    

 KNN 0.06 0.17 0.08 

 Decision Tree 0.09 0.28 0.13 

 Naïve Bayes 0.09 0.28 0.13 

 SVM 0.07 0.24 0.11 

 RN-enhanced Bagging PU    

 KNN 0.05 0.17 0.08 

 Decision Tree 0.11 0.34 0.17 

 Naïve Bayes 0.09 0.27 0.13 

 SVM 0.09 0.27 0.13 
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6.7 Discussion and Conclusion 

6.7.1 Robustness Check 

We also test our proposed model on different settings. First, after reading the drug 

street name candidates generated by the proposed model as well as benchmark models, we 

manually examine all these words by reading corresponding Reddit threads and comments. 

We then labeled a new ground truth dataset that is composed of the original Google Search 

results and terms identified from Reddit. This ground truth set is used to evaluate our 

proposed method. The results are shown in Table 6.3. Note that we only listed the best 

classifier for each of the learning approaches. 

Table 6.3. Robustness check 1 – ground truth supplemented by Reddit text 

Embedding Classifier Precision Recall 𝐹1 

SG     

 Most-similar words 0.08 0.16 0.11 

 Supervised Learning 0.20 0.30 0.24 

 Bagging PU 0.21 0.38 0.27 

 RN-enhanced Bagging PU 0.24 0.41 0.30 

GloVe     

 Most-similar words 0.16 0.33 0.21 

 Supervised Learning 0.14 0.24 0.18 

 Bagging PU 0.15 0.27 0.19 

 RN-enhanced Bagging PU 0.18 0.33 0.23 

SG+GloVe     

 Most-similar words 0.23 0.47 0.31 

 Supervised Learning 0.18 0.34 0.24 

 Bagging PU 0.19 0.35 0.25 

 RN-enhanced Bagging PU 0.27 0.49 0.35 

We can see that our proposed RN-enhanced Bagging PU model has the best 

performance in all embedding settings. The SG+GloVe embedding with RN-enhanced 

Bagging PU method achieves 0.27 precision, 0.49 recall and 0.35 𝐹1 measure value. 
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We also tested the performance of drug name detection on other drugs. Another 

commonly mentioned drug is cocaine in this subreddit. We evaluate the performance of 

our proposed model on cocaine drug detection. The results are listed in Table 6.4. 

Table 6.4. Robustness check 2 – cocaine 

Embedding Classifier Precision Recall 𝐹1 

SG     

 Most-similar words 0.01 0.02 0.01 

 Supervised Learning 0.05 0.10 0.07 

 Bagging PU 0.04 0.08 0.06 

 RN-enhanced Bagging PU 0.08 0.14 0.10 

GloVe     

 Most-similar words 0.02 0.03 0.03 

 Supervised Learning 0.05 0.10 0.07 

 Bagging PU 0.06 0.12 0.09 

 RN-enhanced Bagging PU 0.08 0.14 0.10 

SG+GloVe     

 Most-similar words 0.04 0.08 0.05 

 Supervised Learning 0.06 0.12 0.08 

 Bagging PU 0.08 0.14 0.10 

 RN-enhanced Bagging PU 0.08 0.14 0.10 

6.7.2 Drug Street Names Cases 

Based on the proposed method, we identified a list of heroin street names that are 

not included in the NIH list, which accumulates important health knowledge for public 

health researchers to conduct future research and for policymakers to evaluate regulatory 

science surveillance and make evidence-based decisions. We summarize these street names 

in Table 6.5 and categorize them based on their features. 

Table 6.5. Heroin Street Names and Categories 

Color-based bth, black tar heroin, tar, black tar, china white, white lady, 

brown powder, gray ecp, diesel 

Origin-based ecp, east coast powder, mexican, afghan 

Shape-based gun powder, gunpowder, rock 

Feeling-based fire, fuego, speedball 

Component-based number 3, number 4, #3, #4 
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6.7.3 Contributions 

This paper contributes to the IS literature from two perspectives. First, from a 

theoretical and methodological perspective, the innovation in information technologies 

provides unique opportunities for IS researchers to conduct public health informatics 

surveillance. However, since social media data collection and pre-processing processes are 

heavily keyword-based, to consider data inclusion criteria and to choose appropriate terms 

should never be neglected. This work is the very first study to appeal for research attention 

in this field and strives to answer a practical question: how to detect drug street names used 

on social media platforms? The difference between drug street name detection, and 

synonym detection, morph detection are systematically reviewed. Compared to the latter 

two tasks, the sensitivity of drug use increases the difficulty as well as the significance of 

drug street name detection. In this paper, we formalize this problem as a PU learning 

problem and propose an RN-enhanced bagging PU algorithm to solve the problem utilizing 

insights from psychological theories and linguistic patterns.  

Second, from a practical perspective, we combine distributed word representation 

techniques, i.e., word embedding, with the PU learning model in a binary text classification 

problem with a limited labeled dataset. The proposed DWR-PUL model could be extended 

and applied to any similar tasks in social media analytics and text mining. Our experiment 

results indicate that using field-specific word embeddings, concatenation of different 

embedding methods, or appropriate machine learning methods that fitting the definition of 

problems can improve the performance of PU text mining. The insights could be further 

evaluated for future research in this domain. In addition, the identified drug street names 

enrich the understanding of the regulatory science informatics domain and could be further 
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used by other IS and public health informatics researchers and be used as evidence for data-

driven decision support in public health. 

6.7.4 Limitations and Future Research 

There are three future research directions due to the limitations of this paper. First, 

the embedding methods (SG, GloVe) and learning methods (KNN, decision tree, naïve 

Bayes, SVM) are standard methods. With the fast development of deep learning in recent 

years, innovative deep neural network-based word embedding techniques and learning 

methods has been proposed on a daily basis. How to use these models to capture deep 

semantic meanings in social media user-generated contents for drug street name detection 

remains an open but significant research question for both IS and public health informatics 

researchers. Second, our extracted embedding vectors are data-based. These vectors are 

now only used on the learning task on itself. Specifically, we used Reddit extracted word 

vectors to identify street names used on Reddit. A much more interesting question is, 

however, since Reddit has a specific sub-community for drug use detection, can we use 

these vectors to identify drug-related postings on other social media platforms (for example, 

Twitter)? Consider Reddit serve as a knowledge base to learn vector representations of 

drug use semantics, this problem is a promising direction to conduct some transfer learning 

explorations. Third, we treat each word as either “is” or “is not” a drug street name. 

However, each word can have different meanings, or senses, under different context. A 

natural question to extend this research is to distinguish word sense and map the sense, 

instead of the word, to the use of drug street names. 
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7. CONCLUSION AND FUTURE DIRECTIONS 

7.1 Dissertation Summary and Contribution 

With the adoption and customization of novel information technologies in the 

healthcare domain, health IT is realizing its great potential in academia and practices. The 

nature of this interdisciplinary domain raises both opportunities and challenges for IS 

scholars to explore and investigate. My dissertation focuses on a subdomain of health IT, 

public health informatics surveillance, and develops a research framework to 

systematically study this field with information and evidence from social media data. As 

an emerging and fast developing technique used in everyday lives, social media generates 

large-scale, but unstructured user-generated content that might contain valuable nuggets 

for directing public health practices. However, data extraction and interpretation need 

calibrated guidance from IS perspectives. This dissertation takes a very first step in 

applying IS innovations to PHI surveillance problems, specifically, regulatory science 

applications. Five essays are developed to gain a deeper understanding of regulatory 

science from different IS perspectives. The contribution of each essay to PHI and to IS is 

summarized in Table 7.1. Essay I aims to provide a basic understanding of social media 

user-generate content on regulated products. This essay explores text mining and social 

network analysis techniques to gain a systematic understanding of the characteristics of e-

cigarette use of a special population group. Essay II focuses on the user-level analysis by 

using social media text to infer e-cigarette user stages. I develop a Recurrent Neural 

Network-based New User Classification model with the use of long short-term memory 

deep learning techniques. Essay III focuses on network structures of social media and 

develops an innovative approximation method to speed up the maximum likelihood 
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estimation process of network autocorrelation model. The proposed method is tested with 

simulation data and two real public health datasets. Essay IV aims to validate the use of 

social media dataset by combining survey and social media data. The goal of this study is 

to identify who are social media-active e-cigarette users, to compare the use patterns from 

both survey and social media data for data triangulation, and to jointly use both datasets to 

conduct a comprehensive analysis on e-cigarette future use intentions. Finally, essay V, 

motived by the keyword-based social media data collection processes, seeks to 

automatically and accurately detect opioid drug street names, utilizing rich text information 

in the ever-changing linguistic environment on social media. A Distributional Word 

Representation based Positive-Unlabeled Learning model is proposed to process social 

media text to identify drug street name candidates. This method could benefit future IS and 

PHI research by providing guidance on expanding the scope of social media data collection 

with proper keyword inclusion criteria. 
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Table 7.1. Contribution of each essay to PHI and to IS domains 

Essay Research Question IT Artifact Public Health Contributions IS Contributions 

I What content exists 

within regulated 

products' social 

media platforms? 

Content Analysis 

framework to analyze 

regulated product 

online community 

- Use patterns, user features, 

and online social network 

community features of 

underage JUUL users 

 

- Systematic content analysis 

methods that jointly using 

human-based and machine-

based approaches, on a 

specific regulated product 

social media community 

II How to effective 

extract social media 

user features from 

textual contents of 

regulatory science? 

Recurrent neural 

network-based new 

user classification 

model 

- Vaping stages of different e-

cigarette users 

- Different use pattern and 

behavior of different stages of 

e-cigarette users 

- Method to aggregate text 

information to user-level 

features 

 

III How to estimate the 

network effect within 

large-scale regulatory 

science social 

networks? 

Large-Scale Network 

Autocorrelation 

Model 

- Existence of social influence 

on doctor shopping behavior 

among prescription opioid 

users 

- Existence of social influence 

on sentiment belief of users in 

online suicide forum 

community 

- Algorithm to conduct NAM 

model on large-scale social 

networks 

 

IV Can we compare and 

combine the user 

features and use 

patterns extracted 

from survey data and 

social media data? 

Social Media Data 

Triangulation 

- Consistent use patterns, and 

users features between survey 

and social media data 

- Approach to utilizing social 

media data to estimate missing 

values of survey data 

- Approach to conduct 

comparison between social 

media and survey data to 

establish the validity of 

analysis research from 

social media-drive 

approaches 
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V How to correctly 

identify relevant 

keywords used in 

social media? 

Distributional Word 

Representation-based 

Text Positive-

Unlabeled Learning 

- List of opioid drug street 

names 

- PU learning in text mining 

problems 

- Proposed RN-enhanced 

DWR-PUL algorithm 
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7.2 Future Research Directions 

To the best of my knowledge, this is the first dissertation that aims to address public 

health surveillance problems in regulatory science by utilizing innovative IS techniques on 

social media data. The proposed research framework shown in Figure 1.3 indicates this is 

a broad domain and waits for future IS scholars to extend the work presented in this 

dissertation. To provision possible research initiatives in this domain, I hereby propose 

several future research directions that might deepen the understanding of PHI and generate 

valuable health managerial insights. 

(1) Social media analytics, user-generated content: Two possible approaches could 

be taken by future research. First, as Essay I does, with the emergence of new regulated 

products, focusing on the use pattern of a specific group of people on a target product can 

generate valuable public health insights. For example, the opioid crisis calls for use pattern 

analysis on prescription opioid use and misuse. Online forums such as Drugs-Forum, Blue 

Light has fine-grained drug use self-reported data concerning different types of drugs. By 

analyzing the text data and extracting the use conditions, symptoms, or causes of these 

users can benefit the public health decision support and policy-making processes. Second, 

the fusion of content analysis on different platforms is another interesting topic to explore. 

Other than focusing on a specific platform, how to combine results generated from multiple 

sources, from different text mining and data mining methods, and from multi-media data 

formats (text, video, picture) still remains an open question to be answered in public health 

informatics.  
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(2) Social media analytics, user level features: Essay II analyzes whether an e-

cigarette user is a new user or an established user. A much more similar analysis could be 

done to understand the profiling of users, including age and gender. The generalizability 

of public health results is a significant aspect to consider. Thus, by clearly identify the user 

demographic features, what we learned from social media can be generalized to the target 

group of people in reality. Another interesting domain to explore is to portrait the regulated 

product use trajectories. Unlike survey-based data collection, it is difficult to collect the 

use trajectory of social media users. A natural question is, given the large amount of social 

media data, can we “crowdsource” the use pattern of other users to compensate for the 

missing values of a specific user? If so, how can we diminish the biases? 

(3) Social media analytics, network: A natural way to extend my current research 

is to use parallel computing techniques such as Map-Reduce to apply the proposed NAM 

algorithm on even much larger social networks. Other than that, the current NAM can only 

measure the existence of social influence but cannot determine whether it is peer influence 

or homophily. To incorporate temporal data for formally establish causal relationships 

remains an open question to be explored. Recently, network embedding is an emerging 

technique that is broadly used in data mining and social network analysis. Enlightened by 

the word embedding, network embedding tries to map a node, edge, or even the whole 

network to a low-dimensional vector in preparation for downstream data mining tasks, 

while pertaining certain network topological features. Public health social media has its 

unique features and should be taken into the consideration if network embedding methods 

are used on these networks. 
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(4) Social media intelligence: the content related to social media intelligence in this 

dissertation is separately distributed in each essay. However, to develop a social media-

enhanced health intelligence system is an interesting topic to be explored in the future. 

Specifically, questions such as how to not only conduct pattern analysis on existing data, 

but also perform active early intervention on incoming data can be considered as a future 

research direction.  

(5) Finally, by revisiting the social media data collection processes, we provide two 

possible directions as well. First, after learning street names from Reddit dataset, how can 

we use these learned street names to detect implicit mentions of drugs on Twitter is an 

interesting question. Transfer learning techniques might be used to solve this problem. 

Second, this paper does not touch the field of data privacy. Although all data collected on 

social media is publicly available, however, how to preserve social media user privacy 

remains an open question. 
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