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ABSTRACT 

Chronic diseases are the leading causes of decreasing quality of life, hospitalization, disability 

and death in the United States (US) and all over the world. For a long time, researchers have 

been seeking ways that promote management and prevention of chronic conditions, (i) to save 

time, money and energy, (ii) to support evidence-based health care decisions and (iii) to 

customize individual patients’ disease management plans. Healthcare related Big Data Analytical 

tools have the potential to leverage data from large-scale longitudinal sources for population-

level chronic disease prevention, as well as to capture trends and propose models for individual-

level proactive self-management. Nonetheless, the exact role of Big Data Analytical tools in the 

area of chronic disease management has not been fully studied. To take full advantage of Big 

Data, there is an urgent need to enrich our understanding of Big Data and use it to provide 

insights for researchers, patients, and health providers. By choosing asthma, one of the most 

serious chronic diseases in the US, as a research case, this dissertation addresses three research 

questions:  

(I) How can we use Big Data for asthma surveillance to enable health providers to respond 

promptly?  

(II) How can we apply Big Data for asthma risk factors analysis and enhance chronic disease 

self-management and population-level interventions?  

(III) By identifying smoking as one of the highest population-attributable risk factors, can we use 

Big Data in evaluating possible substitutes like e-cigarettes?  
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The dissertation comprises of four essays. The first essay seeks to provide an efficient 

framework to extract signals from social media and make social media data available to answer 

these questions. The second essay focuses on building robust Big Data based population-level 

surveillance models that enable health providers to respond to chronic conditions, like asthma, in 

real time. In the third essay, a framework for comprehensive asthma risk factors analysis is 

proposed. In the fourth essay, we examine behaviors for alleviating chronic disease risks such as 

smoking. Models, frameworks, and design principles proposed in these essays advance not only 

healthcare research, but also more broadly contribute to design science and predictive modeling 

research domains. 
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1 INTRODUCTION 

1.1 Motivation 

Chronic diseases, for instances, arthritis, obesity, type 2 diabetes, heart diseases, chronic 

obstructive pulmonary disease (COPD), and cancer, often lead to reduced life quality, 

hospitalization, long-term disability, and mortality. In the US, about half of all adults have at 

least one chronic condition; their treatments account for 86% of the healthcare costs (CDC 

2016).  

However, the debilitating and costly effects of chronic conditions can often be prevented, 

delayed or mitigated (Strong et al. 2005). From the perspective of health providers, attaching a 

high priority to patient supervision and population-level health management can significantly 

reduce the average costs of chronic diseases and hospital readmissions (Mattke et al. 2015). 

From the perspective of patients with chronic diseases, proactive self-management could 

remarkably improve clinical outcomes and reduce the costs of improved care (Bodenheimer et al. 

2002).  

Over the past two decades, data has explosively increased in various domains. These 

heterogeneous data sources (a.k.a., Big Data) need to be leveraged to reveal patterns, trends, and 

associations (Chen et al. 2014), that would otherwise be hidden. The impact of Big Data on 

healthcare analytics has increased remarkably (Bates et al. 2014), starting with the immensely 

increased supply of data, e.g., digitized patient records, data from clinical trials and information 

on patients covered under public insurance plans. Its potential for chronic disease management 
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has aroused researchers’ attention because of (i) fiscal concerns of health care systems, (ii) move 

toward evidence-based medicine and (iii) need for timely customized chronic disease 

management.  

However, the promise of Big Data is not without its challenges. First, the accuracy of data-driven 

medical decisions depends on the appropriateness of the data being used. It is difficult to identify 

the right data and determine how best to use it. Second, the data are fraught with noise and 

extracting the right signals from them can be obstacles. Finally, security and privacy concerns 

are major barriers preventing researchers from taking full advantage of Big Data Analytics in 

healthcare.  

In light of these facts, using Big Data for chronic disease management is now one of the fastest 

growing areas with interesting research challenges (Lim et al. 2012). By choosing asthma, one of 

the most serious chronic diseases in the US, as a research case, this dissertation is seeking to 

further explore the role of Big Data in healthcare analytics by investigating its utility and 

efficacy in population-level surveillance, individual- & population-level risk factor analyses and 

to determine if healthier behavior can substitute for certain chronic disease risk behaviors. 

1.2 Related Work  

1.2.1 Using Asthma as A Research Case 

We use asthma as a research case because it is one of the most prevalent and costly chronic 

conditions in the US and all over the world. 
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Asthma is a chronic lung disease that inflames and narrows the airways which can affect people 

of all ages. In the US, more than 25 million people are affected or at risk (Akinbami et al. 2011). 

More than 39.5 million people (12.9%), including 10.5 million children (14.0%) have been 

diagnosed with asthma in their lifetime. Of these people, 18.9 million adults (8.2%) and 7.1 

million children (9.5%) are currently plagued by persistent asthma (CDC 2013). 

At the same time, asthma accounts for about two million Emergency Department (ED) visits, 

half a million hospitalizations, and 3,500 deaths (Akinbami et al. 2011; CDC 2013). It incurs 

more than 50 billion dollars in direct medical costs annually (CDC 2011). Moreover, by causing 

repeated symptoms such as wheezing, chest tightness, shortness of breath and nighttime or early 

morning coughing, asthma is considered as a leading cause of lost productivity with nearly 11 

million missed school days and more than 14 million missed work days every year (Akinbami et 

al. 2011). The estimated cost of asthma to society from loss of productivity is about $4 billion 

annually (Barnett and Nurmagambetov 2011). 

Asthma and the many issues associated with it have a significant impact on public health. It is an 

ideal research case for the study of understanding the role of Big Data in the research area of 

healthcare analytics, especially for chronic disease prevention and management.  

1.2.2 Big Data Analytics 

Big Data defines as data with large-volume and autonomous sources with distributed and 

decentralized control, that can be used to explore complex and evolving relationships (X. Wu et 

al. 2014). We attempt to find the role of Big Data in healthcare analytics. For this purpose, we 
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collect data from autonomous and heteronomous data sources at different resolutions with 

divergent spatial and temporal scales.  

Big Data Analytics can be considered as an important tool for healthcare analytics because: (i) it 

can substantially improve decision-making to improve the development of the next generation of 

products and service (Manyika et al. 2011); (ii) data-driven decisions can augment or 

occasionally overrule human judgment (Walker 2014); (iii) Big Data brings new opportunities 

for discovering new relations, helping us gain an in-depth understanding of the hidden value of 

data from different perspectives (Chen et al. 2014). Also, drawing insights from Big Data can be 

important to chronic disease prevention and management because: (i) we can collect and 

interrogate data from complete sources rather than traditional sampling methods (Walker 2014); 

(ii) in consideration of the heterogeneity, scalability, and complexity of real-time data, we can 

examine the data during the analysis and modeling to reveal specific properties and improve 

decision making (Chen et al. 2014). 

1.2.3 Healthcare and Big Data Analytics 

Healthcare-related Big Data Analytics requires that we process massive amounts of structured 

and unstructured data. Past research in this area has investigated this problem from three 

perspectives.  

(1) The first perspective concerns utilizing information from Electronic Health Records (EHR). 

An enormous amount of EHR, including patient’s medical history, diagnostics and medications 

are captured in real-time. Mining information from EHR is an effective way to improve chronic 
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disease management by focusing on specific conditions (Andreu-Perez et al. 2015). For instance, 

Sun et al. (2014) use EHR to predict changes in hypertension while Bates et al. (2014) analyzed 

EHR to identify high-risk patients and adverse events. Hagar et al. (2014) use EHR for chronic 

kidney disease analysis.  

(2) The second perspective is extracting information from social networks interactions to connect 

patients and health providers beyond the clinic. Twenty-five percent of patients with chronic 

condition share their experience on social media sites (Andreu-Perez et al. 2015). As a result, 

social media data has opened up new possibilities to promote chronic disease control. Since 

multiple chronic diseases can be caused by smoking, Christakis and Fowler (2008) evaluate the 

collective dynamics of smoking in a large social network. Antibiotics are commonly used in the 

management of chronic respiratory diseases. Scanfeld et al. (2010) use Twitter datasets to 

explore the misuse of antibiotics. Eichstaedt et al. (2015) predict county-level heart disease 

mortality by analyzing language on Twitter.  

(3) The third perspective relates to connecting and using information about lifestyle and 

environmental factors, such as wearables datasets, weather, and air quality data. Studies showed 

that environmental or behavioral factors may cause long-term, gradual damage to health in many 

different ways (Ben-Shlomo and Kuh 2002). Recent studies demonstrate the use of remote 

sensing datasets to enhance chronic disease management. Kovats and Hajat (2008) study 

increase in heat-related mortality caused by heat waves. Eurowinter Group (1997) investigate 

exposure to cold weather and related mortality for heart and respiratory diseases. Ramachandran 
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et al. (2013) examine prevention of type 2 diabetes by monitoring lifestyle changes using 

wearable devices. 

1.3 Research Questions  

The causes of suffering and death from chronic diseases are complicated to understand. 

Individual risk factors include: biological and demographic characteristics (e.g., race and genetic 

composition), behavior (e.g., smoking), and related conditions (e.g., obesity); In populations, risk 

factors include: social and economic conditions (e.g., poverty), environment (e.g., air quality), 

and urbanization (e.g., access to health services). However, to date, data-driven studies of 

chronic disease management have mostly focused on either a single data source or a limited set 

of chronic disease risk factors. There is a limited body of research on the integration of various 

types of data resources and comprehensive chronic disease risk factor analysis is lacking. We 

believe, a unique opportunity for chronic disease management lies in the integration of 

traditional medical informatics, social media data, lifestyle and environmental factors (Andreu-

Perez et al. 2015), to address both the management and the prevention of chronic diseases. 

Therefore, by using Big Data (i.e., integrating data from multiple heterogeneous and autonomous 

sources) and focusing on asthma (one of the most common chronic diseases in the US), we 

propose to examine the following research questions.  

(I) How can we make use of Big Data for asthma surveillance to enable health providers to 

respond promptly?  
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(II) How can we use Big Data for asthma risk factor analysis to enhance chronic disease self-

management and population-level interventions?  

(III) By identifying smoking as one of the highest population-attributable risk factors, can we use 

Big Data in evaluating possible substitutes like e-cigarettes?  

Before we examine these questions, one big challenge is to extract signals from notoriously 

noisy social media data. A large percentage of data from social media, such as Twitter, are 

focused on advertising (Huang et al. 2014); linguistic noise is difficult for machine 

interpretation. There is no existing framework for extracting health-related signals from social 

media without time-consuming and labor-intensive tasks like data annotation. Hence we make a 

strong methodological contribution by developing a domain adaptation method based on feature 

augmentation for efficient social media signal extraction. 

1.4 Dissertation Framework 

This dissertation comprises of four studies.  

In the first essay, we propose a domain adaptation based framework for extracting signals from 

social media data. There has been increasing interest in using social media data for quantitative 

research in many different domains. Although using these datasets in different areas has 

significant promise, mounting evidence suggests that many of the results being produced could 

be misrepresented because of various types of noises. We introduce novel and efficient 

techniques combining Natural Language Processing (NLP) and Machine Learning (ML) 
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techniques to extract signal from social media text. The proposed framework makes a significant 

methodological contribution by developing a feature augmentation and sample reweighting 

based domain adaptation method. It reduces the training effort for signal extraction by re-using 

previously annotated data. The proposed framework is tested using several large real-world 

datasets from social media and outperforms other baseline methods by a large margin. The 

framework described in essay 1 can be used for a variety of purposes to yield improved analyses 

of social media and contributing to predictive analytics. 

Essay 2, essay 3 and essay 4 answer each of the research questions mentioned in section 1.3 

respectively. 

In essay 2, we use Big Data for asthma-related ED and hospital visits prediction. Asthma is one 

of the most prevalent and costly chronic conditions in the US, which cannot be cured. However, 

accurate and timely surveillance data can allow for timely and targeted interventions at the 

community or individual level. Current national asthma disease surveillance systems can have 

data availability lags of up to two weeks. Rapid progress has been made in gathering 

nontraditional, digital information to perform disease surveillance. Essay 2 introduces a novel 

method of using multiple data sources for predicting the number of asthma-related ED and 

hospital visits in a specific area. Twitter data, Google search interests, and environmental sensor 

data are collected for this purpose. The preliminary findings show that the proposed model can 

predict the number of asthma ED and hospital visits based on near-real-time environmental and 

social media data with approximately 70% precision. The results can be helpful for public health 

surveillance, ED preparedness, and targeted patient interventions. 
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In the third essay, we use Big Data for asthma risk factor analysis to enhance asthma self-

management and population-level interventions. Asthma is a common chronic health condition 

affecting millions of people in the US. Fortunately, it can be controlled using personalized 

management plans to mitigate triggers and risk factors that cause exacerbations. Yet, this is 

challenging because there are many triggers and risk factors that may cause asthma 

exacerbations and there are limitations to current mainstream approaches for identifying them. 

The recent availability of massive amounts of heterogeneous and autonomous data sources has 

opened up new possibilities for asthma risk factor analysis. In essay 3, we introduce a data-

driven framework and perform an empirical analysis to (i) identify self-reported asthma patients 

and derive their characteristics from social media, (ii) make full use of various readily available 

heterogeneous data sources and repurpose them to identify asthma risk factors, (iii) and discover 

their interconnecting relations, and their relative importance. This essay makes several 

contributions to research and practice. From the perspective of design science, we propose a 

comprehensive framework for asthma triggers and risk factors analysis that includes: (i) a new 

Two-Stage-Model to derive characteristics of self-reported asthma patients from social media. It 

may serve as a substitute or complement to traditional questionnaires or survey-based data 

collection methods. (ii) A Geometric Inference algorithm that enables integration and 

repurposing of highly heterogeneous data from multiple open sources. (iii) A Sequential Pattern 

Mining method to uncover the sequential patterns of asthma triggers and risk factors, and an 

enhanced Random Forest method to identify the relative importance of asthma triggers and risk 

factors, both of which are difficult to achieve via retrospective cohort-based studies. Thus, the 

proposed methods can be used as a complement to such studies. From a perspective of chronic 
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disease management, we are able to extract and interpret asthma triggers and risk factors that 

have been evaluated by asthma specialists and found to be valuable complements to extant 

retrospective cohort based asthma studies reported in the medical literature. Our empirical results 

can provide guidance for developing asthma management plans and interventions for specific 

subpopulations and eventually, have the potential to reduce the societal burden of asthma. 

In essay 4, by identifying smoking as one of the highest population-attributable risk factors, we 

use Big Data to evaluate possible substitutes like e-cigarettes. Researchers believe one of the 

largest risk factors for asthma is smoking. Studies have determined that smoking cessation has 

been associated with improved asthma control. However, smoking is one of the most difficult 

addictions to break. Electronic Nicotine Delivery Systems (ENDS) may be considered as a low-

risk substitute for tobacco products among asthmatic patients. Yet, the results of current studies, 

regarding the health effects of ENDS on asthmatic smokers, are controversial and inconclusive. 

Meanwhile, these studies rely on traditional survey-based methods, making large-scale research 

prohibitively expensive and slow. In essay 4, we develop an Information Extraction framework 

to identify if ENDS are safer substitutes for tobacco products, especially for asthmatic patients. 

Multiple NLP techniques are adapted and combined to analyze social media users’ ENDS using 

experience. The findings show that 61% asthmatic smokers on social media believe that ENDS 

can reduce their asthma symptoms - a possible implication is that ENDS can be safe substitutes 

for cigarettes for asthmatic patients who cannot quit smoking. The findings of this study are 

important for (i) understanding the health effects of ENDS on asthmatic smokers and (ii) 

extracting evidence that may direct clinical interventions. 
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Table 1.1 shows the overview of the four essays in the research. 

Table 1.1 Overview of the Four Essays in the Research 

Study 
Research 
Paradigm 

Research Objective Methodology Algorithms 

Essay1 

Design Science 
& Prescriptive 
Analytics 

Extract signal from social 
media textual data by using 
Domain Adaptation 

Natural Language Processing, 
Machine Learning, Transfer 
Learning 

Feature extraction, Domain adaptation, 
Feature augmentation 

Essay2 
Asthma surveillance using 
Big Data 

Machine Learning, ETL 
Processes 

Associative Classification for Prediction 

Essay3 
Asthma risk factor analysis 
using Big Data  

Text Mining, Machine Learning, 
Deep Learning, Factor Analysis 

Distant supervision, CNN, Sequential 
pattern mining, Random forest 

Essay4 
Safer substitute for cigarettes 
for asthma patients 

Text Mining, Machine Learning, 
Network Analysis 

Semi-supervised named entity 
recognition, Causal relation extraction, 
Propagation analysis 

ETL: Extract, Transform and Load 
CNN: Convolutional Neural Network 
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2 ESSAY I: DOMAIN ADAPTATION FOR SIGNAL EXTRACTION 

FROM LARGE SOCIAL MEDIA DATASETS 

2.1 Introduction 

Social media are changing the way information is generated around the world. The rapid spread 

of social media (e.g., discussion forums, microblogs, blogs, status posts, collaboratively-authored 

content, and multimedia sharing sites) and its wide application in people’s daily life (e.g., 

interacting with others, sharing breaking news, and participating in online activities) have paved 

the way for researchers in a variety of disciplines to understand people’s behavior patterns and 

latent population structure that are previously hidden. The availability of massive social media 

datasets has given rise to a growing body of research work that investigates insights and trends at 

an unprecedented scale. 

However, mounting evidence suggests that many of the produced results misrepresent the real-

world (Ruths and Pfeffer 2014). One of the major challenges arises from various types of noise 

in the social media text, including (i) use of  loosely structured informal languages, such as 

abbreviations, misspellings, punctuation errors, non-dictionary slang, and wordplay; (ii) 

anomalous media spikes (Yin et al. 2012): taking social media based asthma surveillance system 

as an example, people may include asthma-related terms in their social media posts, however, 

some of these may be from users who post asthma-related news – these do not reflect actual 

disease affliction; and (iii) use of misleading terms and phrases (Broniatowski et al. 2013): e.g., 

social media posts indicating awareness of asthma or using asthma as rhetoric, e.g., “Hope I 
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won’t get asthma”, “You gave me asthma, cause you take my breath away” – clearly about 

asthma or its symptoms but not about infections. The first type of noise, i.e., linguistic noise, is 

challenging for machine-interpretation (Eisenstein 2013). The latter two types of noise tend to 

overestimate population characteristics. Figure 2.1 shows examples of different types of social 

media noises.  

 

 

 

Figure 2.1 Types of Noise Embedded in Tweets 

A proper signal extraction process is essential for producing robust analytical results because all 

of these types of noise need to be identified and removed. However, usually, researchers either 

skip the signal extraction process; or just report on a process without detailing its effectiveness 

and performance. Meanwhile, social media texts are usually short and do not provide sufficient 

word occurrences, thus using existing NLP and ML methods may have limitations. There is a 

Informal Language 

Media Mention 

Misleading Term 
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lack of systematic studies that examine the effectiveness of different types of NLP features to 

remove noise. Also, none of these studies have examined the effectiveness of different ML 

algorithms that can lead to identifying and removing noise. In addition, automated noise removal 

techniques are necessary because manual processing is extremely time-consuming and is not 

scalable. We need techniques that can be generalized across different research domains without 

repeated and labor-intensive data annotation tasks.  

In this essay, we present a framework for extracting signal from social media texts, which 

consists of a combination of techniques, including NLP and Machine Learning, to clearly and 

automatically distinguish relevant text on a specific topic from the irrelevant text that merely 

includes topic keywords. The proposed framework makes a significant methodological 

contribution by developing a feature augmentation and sample reweighting based domain 

adaptation method for efficient signal extraction. It can be used for generating robust datasets for 

a variety of purposes including the development of various types of analytical and predictive 

models. 

2.2 Related Work  

2.2.1 Social Media for Quantitative Research 

By using datasets obtained from social media, a lot of interesting research findings have been 

reported in different areas. For examples, in the area of education, the effect of social media on 

student engagement is analyzed (Junco et al. 2011); in disaster management, social media data 

are used to build real-time disaster event detectors (Vieweg et al. 2010); in marketing, word-of-
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mouth advertising on social media are widely studied (Jansen et al. 2009); in the area of finance, 

researchers show that sentiments on social media could predict the stock market (Bollen et al. 

2011); in politics, social media data are used to understand the political landscape (Tumasjan 

2010); in disease control, social media based surveillance models play an important role 

(Signorini et al. 2011). These studies are important for demonstrating the significance of social 

media as a promising new data source for quantitative analysis.  

However, the accuracy and precision of these studies have been challenged by scholars (Castillo 

et al. 2011; Ruths and Pfeffer 2014). Commonly used techniques, typically keyword matching or 

linear regression, can widely overestimate the latent population characteristics or misrepresent 

the facts due to the omnipresent noise in the social media text. The resulting errors are rarely 

corrected within the datasets drawn from social media platforms. For building robust quantitative 

models, it is necessary to extract signals from social media text accurately. 

2.2.2 Signal Extraction from Social Media 

Social media data are notoriously noisy. First, linguistic noise is challenging for machine-

interpretation (Eisenstein 2013), hampering its utility for research. Baldwin et al. (2013) 

analyzed these widely-acknowledged types of noise and showed that NLP techniques can be 

applied to reduce them. Han et al. (2013) proposed a method for normalizing lexical variants. 

While these studies addressed the linguistic challenges of social media text, social media data 

still suffer from other types of noise such as anomalous media spikes and use of misleading 

phrases. Machine Learning techniques are introduced to solve these problems. Sriram et al. 
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(2010) developed integrated methods for extracting signals by using text classification. 

Broniatowski et al. (2013) built a pipeline of supervised models to determine if social media 

texts are relevant for understanding actual disease infection. Barbosa and Feng (2010) proposed 

an approach to detect sentiment from noisy social media data by leveraging the characteristics of 

texts and meta-information of the words that compose these texts. 

These studies are promising but limited. First, social media texts are usually short and do not 

provide sufficient word occurrences. Certain NLP methods such as “Bag-of-Words” may have 

limitations, however, there are rarely systematic studies that examine the effectiveness of 

different types of NLP features to remove noise. Moreover, there is no systematic study that 

examines the effectiveness of different Machine Learning techniques to generalize them across 

different research settings. Most importantly, the majority of these studies adopted supervised 

approaches, which are based on annotated datasets (or ground truth) labeled by domain experts. 

The manual data annotation process is time-consuming and labor-intensive. The learning bias of 

these systems may increase if the number of annotated data samples is highly disproportional to 

the number of data records in reality. Automated techniques are hence necessary for scalable 

studies. This motivates us to investigate an alternative paradigm, Domain Adaptation in Transfer 

Learning. 

2.2.3 Domain Adaptation 

Domain Adaptation is a class of Transfer Learning. This scenario arises when we aim at learning 

a well-performing Machine Learning model from a source domain with large-scale annotated 
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data and using it on a target domain with little or no annotated data (Ben-David et al. 2010; Pan 

and Yang 2010). With proper use, Domain Adaptation may substantially improve the 

performance of learning by avoiding much expensive data-annotation effort.  

Domain Adaptation methods can be categorized by their underlying assumptions of the data and 

the learning goal of interest. Some of the existing methods include reweight/instance based 

methods (Huang et al. 2006; Sugiyama et al. 2007; Bickel et al. 2007), model adaptation 

methods (Duan et al. 2009; Duan et al. 2012), feature adaptation and projection (Blitzer et al. 

2006; Daumé III 2009; Hoffman et al. 2013; Long et al. 2013), dictionary learning based 

methods (Shekhar et al. 2013; Ni et al. 2013; Tommasi and Caputo 2013), deep learning based 

methods (Donahue et al. 2014; Oquab et al. 2014), iterative adaptation and detection (Bruzzone 

and Marconcini 2010; Lim et al. 2011) and boosting based methods (Yao and Doretto 2010).  

2.3 Research Questions  

Based on the review of related work, we note that prior studies mainly adopted a supervised 

learning approach to extract signal from social media texts. Such extant studies have inherent 

limitations. Given the wide variety of possible research topics using social media data and the 

large volume of these datasets, the data annotation task for supervised learning methods could be 

extremely expensive. Based on the characteristics of social media texts, in this study, we focus 

on feature projection based Domain Adaptation methods. This is because social media texts 

collected by keywords normally consists of topic-related text, media mentions, and advertising 

posts. Even for different topics/domains, the latter two can have lots of similarities. We are 

motivated to develop an improved feature augmentation and sample reweighting based 
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technique to reduce the training effort of signal extraction by re-using annotated media 

mentions or advertising posts from previously annotated data. We propose the following research 

questions:  

(I) How can we develop a framework for extracting signal from social media texts?  

(II) How can we leverage existing annotated data to improve the performance of the learning 

model by employing the Domain Adaptation method? 

2.4 Research Design 

Figure 2.2 shows the proposed research framework for extracting signal from social media texts. 

Components of the framework are elaborated in the following section. 

 

Figure 2.2 Framework for Signal Extraction from Social Media Text 
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2.4.1 Social Media Textual Data Collection 

Many social media sites make it convenient to collect large datasets for research. Sites, such as 

Twitter and Facebook, provide Application programming interfaces (APIs) to access large 

volumes of user-filled text as well as automatically generated information (e.g., content creation 

time, users’ geo-location). Also, web crawlers are wildly used to collect data from other social 

media sites like discussion forums. For a specific research purpose, a list of keywords needs to 

be compiled by domain experts based on topic related terms to issue appropriate queries to social 

media sites. Such a list can be used to generate a large social media textual dataset on specific 

topics albeit with a lot of noise embedded in it. 

2.4.2 Text Preprocessing and Feature Reduction 

Text preprocessing can effectively reduce lexical noise and maintain a reasonable feature size 

for the textual data. Text preprocessing includes:  

(a) Tokenization: We apply social media texts specific tokenization (note: only consider English 

text in this study). Abbreviations (e.g., U.S.A.), words with optional internal hyphens (e.g., no-

questions-asked), numbers, currency and percentages (e.g. $12.40), emoticons (e.g., ), user 

names (e.g., @alex_smith), hashtagged words (e.g., #happy) and URLs (e.g., https://twitter.com) 

are separated as single tokens.  
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(b) Lowercase conversion: Tokens are transformed to lowercase characters. It allows a reduction 

in the number of tokens while retaining useful information, e.g., “Good” will be identified as 

“good”. 

(c) Stemming: Words with the same stem are families of derivationally related words with 

similar meanings. Stemming reduces inflectional forms and derivational forms of a word to a 

common base form. In this work, tokens are stemmed by applying Porter stemming algorithm1. It 

is a process for removing the more common morphological and inflexional endings from words 

in English (Sparck Jones and Willett 1997), e.g., “run” and “running” are recognized as one 

token.   

(d) Negation: Consider two different text sentences: “I get the flu.” and “I haven’t had the flu for 

the last 10 years”. To differentiate between these two sentences, negation needs to be analyzed. 

We prefix all words between the negation word (“not”, “didn’t”, etc.) and the first punctuation 

sign following the negation word with the tag (NOT_) (Pang et al. 2002), e.g., “haven’t had the 

flu” will be identified as “haven’t NOT_have NOT_the NOT_flu”. 

 

As for feature reduction, the morphology and syntax of social media text have special 

properties which can be exploited to reduce the feature space. This step is important because it 

                                                 

1 https://tartarus.org/martin/PorterStemmer/ 
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can decrease the size of the effective vocabulary and classification accuracy can be increased by 

eliminating noisy features.  

(a) Usernames: Social media users often include usernames in their texts to direct their messages 

by using the “@” symbol before the username. A single token (_USERNAME) is used to replace 

all usernames (Go et al. 2009).  

(b) Numbers: All the numbers (e.g., #PollenCount for Monday, July 9, 2018.), currency (e.g., I 

just bought an asthma inhaler that costs $467), and percentages (e.g., Children exposed to 30% 

more air pollution than adults because they are shorter) are replaced with the token 

(_NUMBER).  

(c) URLs: Users often include links in their texts (e.g., People who eat a healthy diet experience 

fewer asthma symptoms and better control of their condition https://bit.ly/2zx99uZ). A single 

token (_URL) is used for replacing all URLs.  

(d) Duplicate character removal: Social media users often repeat letters to stress emotions. For 

example, “happy” with an arbitrary number of a’s in the middle, e.g., “haaaappy”. Any letter 

occurring more than three times in a row is replaced with two occurrences. In the example above, 

it would be converted into the token “haappy”. This is a practical solution to keeping the feature 

space reasonable. 
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2.4.3 Feature Extraction 

Feature extraction is a process used to transform textual data into numerical vectors for 

classification using Machine Learning techniques. Following the state-of-art techniques 

(Mohammad et al. 2013), we explore the use of the following feature groups and their 

combinations.  

(a) Token-based feature: Including (i) the number of hash-tagged words, (ii) the number of 

words with all characters in upper case, (iii) the number of repeated punctuation signs and (vi) 

the number of elongated words. Advertisement posts on social media tend to have more hash-

tagged words. Words with all characters in upper case, repeated punctuation signs, and elongated 

words are signs of strong emotions (Lewenberg et al. 2015).  

(b) The length of the text: Most of the long social media texts are news or advertisements; texts 

with only one or two words contain very little information for analysis. Hence, we consider the 

length of the text as a feature group. Instead of using the actual text length, we convert the length 

from a numerical to a categorical value, i.e., (_LONG), (_MEDIUM), or (_SHORT), based on 

the first and third quartiles of text length obtained from a training dataset. Figure 2.3 is an 

example of text length analysis. 



 

44 

 

 
Based on asthma training data set described in Table 2.2 

Figure 2.3 Tweets Length Analysis  

(c) Word n-grams (n∈[1,4]) and character n-gram (n∈[3,5]): Word n-grams are contiguous 

sequences of 𝑛 words from a given sequence of texts. Character n-grams are contiguous 

sequences of 𝑛 characters, which can help with detecting linguistic noise. Especially, when 𝑛 =

1, the features are unigrams. Unigram is essentially an individual token in a text. When 𝑛 = 2, 

the features are bigrams. Bigrams are contiguous sequences of two items from a given sequence 

of texts. Bigrams can help with phases, i.e., a group of words carrying a special meaning, e.g., 

“asthma attack”. The feature space of bigrams tends to be sparse as compared to unigram 

features. 

(d) Part-of-Speech (POS) analysis as the lexical feature: including (i) the number of each POS 

type and (ii) keywords based POS trigram (as every text string contains a topic related keyword, 

a window of one word to the left and right of the keyword and its part-of-speech (POS) tag 

(Santorini 1990) are added). Relevant and irrelevant texts tend to have very different lexical 

features. Figure 2.4 shows an example of a lexical feature with POS tag. 

Long (length > 25) 
Medium (10 ≥ length ≥ 25) 
Short (length < 10) 



 

45 

 

 

Figure 2.4 Lexical Feature (Part-of-Speech Tag) 

(e) Topic distribution from Latent Dirichlet Allocation (LDA) as document level representation. 

To find the optimal number of topics, the elbow method (Ketchen and Shook 1998) is applied. (i) 

Run LDA on the dataset for a range of values of k. (ii) For each value of k, calculate the topic 

coherence (Röder et al. 2015). (iii) Choose a number of topics so that adding another topic 

doesn't give much better modeling of the data. 

2.4.4 FASR Domain Adaptation for Signal Extraction from Social Media Texts 

In essay 1, as stated earlier, we focus on domain adaptation for signal extraction from social 

media texts. Building upon existing techniques (Daumé III 2009), we develop a new feature 

augmentation and sample reweighting based domain adaptation (FASR) algorithm for efficient 

signal extraction. Our contribution and innovation consist of adapting the original method by 

reweighting samples and tackling the data imbalance problem introduced by the feature 

augmentation process itself. 

We first introduce the notations used in our method.  

 

Text: I got an asthma attack. 
Part-of-Speech tag: 
Tokens Part-of-speech Tags 
i List item marker LS 
got Verb, past tense VBD 
an Determiner DT 
asthma Noun, singular or mass NN 
attack Noun, singular or mass NN 

Feature extracted:  
an_DT \ asthma_NN \ attack_NN 
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DS: denotes source domain dataset with large-scale annotated data;  

DT: is the target domain dataset with little or no annotated data.  

DS is a collection of N samples and DT is a collection of M samples (N ≫ M).  

Domain adaptation methods follow the supervised learning paradigm, the goal is to learn a 

mapping function  

𝒇(𝜲): 𝜲 → 𝒀   ( 2-1 ) 

with a low expected loss  

𝐿(𝑿, 𝒀, 𝜃)  ( 2-2 ) 

on the target domain DT. Χ and Y denote the input and output space respectively.  

Social media texts collected by keywords normally consists of topic relevant texts and topic 

irrelevant texts (i.e., texts include topic keywords but not of interest to scholars). Topic relevant 

texts are the output of the signal extraction framework, i.e., robust social media datasets that can 

be used for a variety of purposes.  

In this study, we define DS as the large-scale annotated media mentions or advertising posts from 

previously annotated data; DT as the social media dataset of interest. The output space is defined 

as below. 

𝒀 =  {−𝟏: 𝑡𝑜𝑝𝑖𝑐 𝑖𝑟𝑟𝑒𝑙𝑒𝑣𝑎𝑛𝑡, +𝟏: 𝑡𝑜𝑝𝑖𝑐 𝑟𝑒𝑙𝑒𝑣𝑎𝑛𝑡}   ( 2-3 ) 
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Naturally, we assume the morphologies and structures of “topic relevant” texts from different 

research domains have substantial differences. However, even from different topics/domains, the 

media mentions and advertising posts can have lots of similarities. This assumption helps to 

explain two fundamental aspects of the proposed method.  

(1) The relation between DS and DT relies on the similarities in the media mentions and 

advertising posts.  

(2) Given a small amount of annotated DT, we can combine it during training with a large 

amount of annotated DS to achieve lower 𝐿(𝑿, 𝒀, 𝜃)  ( 2-2 ) on DT.  

 

The proposed method consists of two parts. The first part is feature augmentation and the 

second part is sample reweighting. 

For feature augmentation, the first step is to generate three feature spaces: 𝑹𝑺 from DS, 𝑹𝑻 

from DT, and combine DS and DT to make the general feature space 𝑹𝑮, where 

𝑹𝑮 = 𝑹𝑺 ∪ 𝑹𝑻 .  ( 2-4 ) 

Second, define feature augmentation mappings Φ𝑺 and Φ𝑻 on DS and DT respectively. 

Φ𝑺 = [𝒙𝑮, 𝒙𝑺, 𝟎𝑻]   ( 2-5 ) 

where 𝒙𝑮 ∈ 𝑹𝑮, 𝒙𝑺 ∈ 𝑹𝑺, and the zero vector 𝟎𝑻 ∈ 𝑹𝑻. 
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Φ𝑻 = [𝒙𝑮, 𝟎𝑺, 𝒙𝑻]   ( 2-6 ) 

where 𝒙𝑮 ∈ 𝑹𝑮, 𝒙𝑻 ∈ 𝑹𝑻, and zero vector 𝟎𝑺 ∈ 𝑹𝑺.  

The augmented training input space is 

𝑿 =
𝒙𝑵×𝑮 𝟎𝑵×𝑺 𝒙𝑵×𝑻

𝒙𝑴×𝑮 𝒙𝑴×𝑺 𝟎 × ( )×( )

.    ( 2-7 ) 

The feature augmentation mappings are expected to represent the unique features of the target 

domain DT by 
𝒙𝑵×𝑻

𝟎 ×
 , to filter out distinctive features from the source domain DS by 

𝟎𝑵×𝑺

𝒙𝑴×𝑺
 , 

and to represent informative features shared by both DS and DT by 
𝒙𝑵×𝑮

𝒙𝑴×𝑮
. Hence a Machine 

Learning model trained on the augmented input space can be expected to perform well on DT.  

A potential disadvantage of this method is when N ≫ M, the generated training dataset is 

imbalanced. Especially in the signal extraction research setting, the output space is “topic 

relevant” and “topic irrelevant”. The imbalance problem is exacerbated because the augmented 

samples from DS are all “topic irrelevant”. This motivates us to improve this method by 

introducing the sample reweighting technique.  

For the sample reweighting part, we introduce the reweighting factor 𝜷(𝛾) and reweight every 

sample from DS such that overrepresented samples can be down-weighted.  

Before we give the formal definition of 𝜷(𝛾), we first introduce the 𝒜-distance (Ben-David et 

al. 2006; Blitzer et al. 2007). The feature spaces of different domains can be characterized by 
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their distributions. The 𝒜-distance can measure the domain adaptability by the divergence of the 

two domains. The more different the domains, the more divergent the distributions. The 𝒜-

distance calculates the differences between domains that affect classification accuracy. Follow 

Blitzer et al. (2006), we use the modified Huber Loss (Zhang 2004) as a proxy for the 𝒜-

distance, where 

 𝑑𝒜(𝐷 , 𝐷 ) = 1 − ∑ 𝐿(𝑦, 𝑓(𝑥)) .  ( 2-8 ) 

The calculation procedure is as follows:  

(1) Train a linear classifier to separate DS from DT on a dataset consists of two samples US and 

UT, each of size 𝒎 from DS and DT respectively.  

(2) Then compute the empirical average per-sample Huber Loss and subtract it from 1. When 

 𝑑𝒜(𝐷 , 𝐷 ) =1, DS and DT are completely distinct;  𝑑𝒜(𝐷 , 𝐷 ) = 0 indicates DS and DT are 

indistinguishable. Based on the 𝒜-distance, we define 

𝜷(𝛾) =
 𝒜 ,

,    ( 2-9 ) 

with hyper-parameter 𝜸 chosen by cross-validation. So the more DS and DT are distantly related, 

samples from DS are more down-weighted by 𝜷(𝛾). 
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2.4.5 Evaluation 

We evaluate our methodology in two ways: using stratified k-fold cross-validation and ground 

truth based evaluation.  

(1) Stratified k-fold cross-validation is a variation of k-fold cross-validation which ensures each 

fold is representative of the class proportions in the training dataset. In the research setting of 

signal extraction, it yields better bias and variance estimates in cases of unequal class 

proportions. The goal of stratified k-fold cross-validation is threefold: (i) to examine the 

performance of various Machine Learning algorithms, (ii) to study the effectiveness of different 

types of NLP feature groups, and (iii) to evaluate the performance of proposed feature 

augmentation and sample reweighting based domain adaptation method.  

(2) For the ground truth based evaluation, we collect ground-truth data to test how effectively the 

extracted signal data can mirror the real world. 

2.5 Results and Discussions 

2.5.1 Data Collection and Preprocessing 

We used three large datasets collected using Twitter Streaming API to evaluate our framework 

(Table 2.1).  

(1) Asthma dataset: Originally collected for examining the feasibility of using Twitter data for 

asthma surveillance.  
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(2) E-cigarette dataset: Originally collected for understanding the public health impact of 

Electronic Nicotine Delivery Systems (e-cigarette).  

(3) Vector-borne dataset: Originally collected for monitoring vector-borne diseases.  

Dataset # of tweets Collection period 
Geographical 
area 

# of 
keywords 

Keywords 
examples 

Asthma dataset 9,648,394 11/1/2013~12/30/2014 

All over the 
word 

18 
asthma, inhaler, 
wheezing  

E-cigarette dataset 921,173 5/1/2014~5/31/2014 50 
e-cigarette, e-
juice, e-vapor 

Vector-borne dataset 26,422,695 4/15/2016~9/20/2016 64 
mosquito, bone 
pain, fever  

Table 2.1 Datasets Description 

Three annotated datasets (Table 2.2) are also created. They are subsets of asthma, e-cigarette and 

vector-borne datasets respectively and labeled by domain experts. 

Annotated Dataset  # of tweets Classes # of relevant # of irrelevant 

Asthma 3,626 
 Asthma relevant 
 Asthma irrelevant 

814 (22%) 2,812 (78%) 

E-cigarette 4,617 
 E-cigarette relevant 
 E-cigarette irrelevant 

2,323 (50%) 2,294 (50%) 

Vector-borne 5,543 
 Vector-borne relevant 
 Vector-borne irrelevant 

1,537 (28%) 4,006 (72%) 

Table 2.2 Annotated Datasets 

The data preprocessing steps mentioned previously are conducted on all datasets. They are 

effective in preparing data for Machine Learning and reducing the feature space with improved 

discriminating power. The feature space is shrunk down to 47% of its original size while 

keeping the most important features in the original dataset. 
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2.5.2 Stratified K-Fold Cross-Validation 

2.5.2.1 Experiment 1: Test Different Classifiers 

The first experiment is to test different Machine Learning classifiers. There is hardly a single 

classification model enjoys superiority. We hence examine the performance of different types of 

classifiers on the annotated asthma and e-cigarette datasets. The e-cigarette dataset is not used 

during classifier tuning. It provides a mechanism for dealing with the overfitting problem. All the 

proposed feature groups are used. Typically, social media data based studies tend to skip the 

signal extraction process, or just report on a process without detailing its performance. In a 

recent study (Ram et al. 2015), a similar Twitter dataset is processed using some preliminary 

signal extraction methods. We adopted it as a baseline for the evaluations (Table 2.3; These 

results can also be found in section 3.3.1).  

The results of Experiment 1 are presented in Table 2.4. For the asthma dataset, Random Forest 

and Deep Neural Networks (DNN) match or outperform the baseline method in terms of the 

accuracy. Since the dataset is unbalanced, only 22% data belong to the class “asthma relevant”, 

the per-class precision and recall are significantly lower than the class “asthma irrelevant”. 

However, the precision for “asthma relevant” class is still as good as the baseline, the recall for 

this class is much higher (from 19.7% to 76.6%) than the baseline. For the e-cigarette dataset, all 

classifiers achieved good results. On this balanced dataset, the per-class precision and recall are 

closer for each class. 
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Classifier Accuracy 
(%) 

Asthma relevant Asthma irrelevant 
Precision(%) Recall(%) F1(%) Precision(%) Recall(%) F1(%) 

MultilayerPerceptron 
(DNN) 
Feature set: Unigram 

86.7 66.7 19.7 30.4 86.7 98.1 92 

Table 2.3 Performance of Baseline Method  

 

Classifier Accuracy 
(%) 

Asthma relevant Asthma irrelevant 
Precision(%) Recall(%) F1(%) Precision(%) Recall(%) F1(%) 

SVM 85.6 67.7 69.2 68.3 91.0 90.4 90.7 
MultinomialNB 79.1 52.4 76.6 62.1 92.2 79.9 85.6 
LogisticRegression 85.8 70.3 63.7 66.7 89.7 92.2 90.9 
DecisionTree 82.8 61.7 62.0 61.6 89.0 88.9 88.9 
RandomForest 86.6 62.2 47.1 53.5 90.1 94.4 92.2 
AdaBoost 
(base=DecisionTree) 

83.9 66.2 58.1 61.7 88.2 91.4 89.8 

MultilayerPerceptron 
(DNN) 

88.6 66.7 60.3 63.3 92.4 94.1 93.2 

 Accuracy 
(%) 

E-cigarette relevant E-cigarette irrelevant 
Precision(%) Recall(%) F1(%) Precision(%) Recall(%) F1(%) 

SVM 87.6 84.0 85.9 84.9 90.2 88.8 89.5 
MultinomialNB 88.9 86.6 85.9 86.3 90.4 90.9 90.7 
LogisticRegression 86.7 82.1 85.9 84 90.1 87.2 88.6 
DecisionTree 86.9 85.3 81.9 83.5 87.9 90.3 89.1 
RandomForest 88.3 85.5 85.9 85.7 90.3 90.0 90.2 
AdaBoost 
(base=DecisionTree) 

86.7 82.1 85.9 84 90.1 87.2 88.6 

MultilayerPerceptron 
(DNN) 

89.0 87.2 85.6 86.4 90.3 91.4 90.8 

Stratified 10-Fold Cross-Validation 

SVM: Support vector machine 
MultinomialNB: Multinomial Naive Bayes 
AdaBoost: Adaptive Boosting 

Table 2.4 Classifiers Performance Evaluation  

2.5.2.2 Experiment 2: Test Feature Groups  

The second experiment is to gain some insights about the contribution of different feature 

groups. We carry out a greedy feature selection procedure on the asthma dataset. First, initialize 

the feature selection process with a single feature with the best performance. Then incrementally 

add a single feature that provides the highest accuracy improvement to the feature set. Note the 
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results needs to be interpreted with care: for example, if two features are highly correlated, the 

algorithm chooses one at random and discards the other. Therefore, if a feature is missing from 

the selection process it means that it is either useless, or strongly correlated with other features in 

the list. We implemented similar processes for DNN (best performing classifier in the first 

experiment) and SVM (widely adopted in NLP), to guarantee that the results are not biased by a 

particular learning model. 

Table 2.5 summarizes the outcome of this feature selection process. The results show that, 

although the selected features span all the five feature groups, the vast majority are taken from 

the word and character n-grams (FG 3) features. Lexical features (FG 4) also contribute a lot to 

the accuracy improvement. Also, the length of tweets (FG 2) adds value to the feature set, 

resulting in significant accuracy improvement. Since the number of features only increased by 

three (as the length of tweets is labeled as (_LONG), (_MEDIUM) and (_SHORT)), tweets 

length is a useful feature for signal extraction. 

Classifier Iteration Feature set Group Accuracy (%) 

SVM 

0 +    word ngram (n=1) FG3 77.45 
1 +    word ngram (n=2) FG3 82.71 
2 +    char ngram (n=4) FG3 84.09 
3 +    pos_ngram (n=3) FG4 84.58 
4 +    # of hash-tagged words FG1 85.02 
5 +    LDA topic distribution FG5 85.30 
6 +    text length FG2 85.45 
7 +    char_ngram (n=5) FG3 85.56 
8 +    word_ngram (n=3) FG3 85.58 

9 
+    # of words with all characters in 
upper case 

FG1 85.60 

- ALL  85.60 
 Iteration Feature set Group Accuracy (%) 

MultilayerPerceptron 
(DNN) 

0 +    word ngram (n=1) FG3 77.21 
1 +    char ngram (n=4) FG3 82.71 
2 +    word_ngram (n=2) FG3 85.63 
3 +    pos_ngram (n=3) FG4 87.16 
4 +    text length FG2 88.07 
5 +    word_ngram (n=3) FG3 88.36 
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6 +    char_ngram (n=5) FG3 88.56 
7 +    LDA topic distribution FG5 88.60 
- ALL  88.60 

Stratified 10-Fold Cross-Validation 
FG: Feature Group 
FG1: Token based feature; FG2: Text length; FG3: Word and Character n-grams; FG4: Lexical feature; FG5: LDA 
topic distribution 

Table 2.5 Summary of the Feature Selection Process Using SVM-and DNN 

2.5.2.3 Experiment 3: Performance of FASR Method  

The third experiment is to examine the performance of proposed feature augmentation and 

sample reweighting based domain adaptation (FASR) method. The source and target domain 

datasets are presented in Table 2.6. Based on the feature selection (Experiment 2) results, only 

word n-grams (n∈[1,4]) and character n-gram (n∈[3,5]) are adopted for the domain adaptation 

methods.  

Dataset # of tweets Category 

Source dataset 
Irrelevant tweets from the 
Vector-borne annotated data 

4,006 
 Media mentions (64%) 
 Advertising posts (36%) 

Target dataset Asthma annotated data 3,626 
 Asthma relevant (22%) 
 Asthma irrelevant (78%) 

Table 2.6 Domain Adaptation Datasets 

The results are summarized in Figure 2.5. The results show that the proposed feature groups 

outperform the baseline (Results also in Table 2.4). With Domain Adaptation by feature 

augmentation (Daumé III 2009), the accuracy improved significantly. It indicates that the 

similarities in the media mentions and advertising posts among different research domains can 

help with signal extraction from social media texts. However, due to the imbalance issue, 

algorithms that rely on class prior probabilities such as MultinomialNB (Multinomial Naive 

Bayes) do not show good performance. Finally, the proposed method outperforms other baseline 
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methods by a large margin, which suggests the proposed method can effectively extract signals 

from social media texts and alleviate the data imbalance problem. 

 
Stratified 10-Fold Cross-Validation 

■  The proposed feature augmentation and sample reweighting based Domain Adaptation (FASR);  
     Feature set: Word n-grams (n∈[1,4]) and character n-gram (n∈[3,5]) 
▲ (Daumé III 2009) Domain Adaptation by feature augmentation;  
     Feature set: Word n-grams (n∈[1,4]) and character n-gram (n∈[3,5]) 
 Signal Extraction without Domain Adaptation (Results also in Table 2.4);  
     Feature set: All the proposed feature groups  
●  (Ram et al. 2015) Baseline; Feature set: Unigram 

 

Figure 2.5 Performance of Proposed FASR Domain Adaptation Method  

2.5.3 Ground Truth Based Evaluation 

To test how effectively the extracted signals mirror the real-world, we obtained aggregate data 

on the US adult asthma prevalence in 2013 and 2014 as ground truth (CDC 2017a).  

For the asthma dataset, after using the signal extraction framework described above, asthma 

relevant tweets are aggregated by states. The geographic location of each tweet is identified via 

two fields: coordinates (e.g., {"coordinates": [-97.510, 35.465]}) and location (self-reported 
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locations where the users, who posted tweets, reside, e.g., {"location": "San Francisco, CA"}). 

For the latter, there is considerable ambiguity, e.g., “I am somewhere on the earth”. Geo-location 

extraction is performed by using (i) latitude and longitude mapping and (ii) regular expressions 

analysis for the location description, i.e., matching state names or postal abbreviations on the US 

states (e.g., Texas or TX), followed by matching city names (e.g. Dallas). Users’ self-reported 

time zones are used to distinguish different cities with the same city names. Based on the results 

(Table 2.7) asthma-related tweets in different US states correlates strongly with the Centers for 

Disease Control and Prevention (CDC) asthma prevalence data. The correlation to the actual 

asthma prevalence is significantly improved from ~30% to ~70% after using our signal 

extraction framework. These results demonstrate that our signal extraction framework is very 

effective. 

 After signal extraction  Before signal extraction 

Asthma Prevalence 2013 
Pearson Correlation 0.692** 0.303* 
Sig. 0 0.029 
N 52 52 

Asthma Prevalence 2014 
Pearson Correlation 0.701** 0.312* 
Sig. 0 0.028 
N 52 52 

Table 2.7 Correlation Between Asthma Prevalence and Twitter Asthma Dataset 

2.6 Conclusion 

The importance of using social media data as a research source is no longer debated. However, 

such data normally contain a lot of noise which may bias research results. In this study, we 

proposed a comprehensive NLP and Machine Learning based framework to efficiently identify 

noise and effectively extract signals from social media texts. The proposed framework makes a 

significant methodological contribution by developing a feature augmentation and sample 
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reweighting based domain adaptation method to reduce the training effort for signal extraction 

by re-using previously annotated data. The proposed methods are systematically evaluated using 

several large real-world datasets. The experimental results show that, first, various mainstream 

Machine Learning classifiers are applicable and can achieve good performance by using our 

proposed feature groups. Moreover, the performance of our methods is good on both balanced 

and unbalanced datasets. Lastly, the proposed feature augmentation and sample reweighting 

based domain adaptation method outperforms other baseline methods by a large margin, which 

suggests it can effectively extract signals from social media texts. We believe our work is 

applicable to various social media domains and can significantly improve the quality of social 

media datasets. 
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3 ESSAY II: USING BIG DATA FOR ASTHMA EMERGENCE 

DEPARTMENT AND HOSPITAL VISITS PREDICTION 

© 2015 IEEE. Reprinted, with permission, from Sudha Ram, Wenli Zhang, Max Williams, and 

Yolande Pengetnze, Predicting Asthma-Related Emergency Department Visits Using Big Data, 

IEEE Journal of Biomedical and Health Informatics, February 2015. 

© 2016 ACM. Reprinted, with permission, from Wenli Zhang, Sudha Ram, Mark Burkart, and 

Yolande Pengetnze, Extracting Signals from Social Media for Chronic Disease Surveillance, DH 

'16 Proceedings of the 6th International Conference on Digital Health Conference, April 2016. 

3.1 Introduction 

Although asthma cannot be cured, many of its adverse events can be prevented by appropriate 

medication use and avoidance of environmental triggers (NIH 2007). The prediction of the 

population- and individual-level risk for asthma adverse events using accurate and timely 

surveillance data could guide timely and targeted interventions, to reduce the societal burden of 

asthma. 

At the population level, current national asthma disease surveillance programs rely on weekly 

reports to the CDC of data collected from various local resources by state health departments 

(CDC 2010). Notoriously, such data have a lag-time of weeks, therefore providing retrospective 

information that is not amenable to proactive and timely preventive interventions. At the 

individual level, known predictors of asthma ED visits and hospitalizations include past acute 
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care utilization, medication use, and sociodemographic characteristics (Pesola et al. 2004; Schatz 

et al. 2006; Tolomeo et al. 2009). Common data sources for these variables include electronic 

medical records (EMR), medical insurance claims data, and population surveys, all of which, 

also, are subject to a significant time lag. In an ongoing quality improvement project for asthma 

care, Parkland Center for Clinical Innovation (PCCI) researchers have built an asthma predictive 

model relying on a combination of EMR and claims data to predict the risk for asthma-related 

ED visits within three months of data collection [Unpublished reports from PCCI]. Although the 

model performance (C-statistic 72%) and prediction timeframe (three months) are satisfying, a 

narrower prediction timeframe potentially could provide additional risk-stratification for more 

efficiency and timeliness in resource deployment. For instance, resources might be prioritized to 

first serve patients at high risk for an asthma ED visit within 2 weeks of data collection, while 

being safely deferred for patients with a later predicted high-risk period.  

Novel sources of timely data on population- and individual-level asthma activities are needed to 

provide additional temporal and geographical granularity to asthma risk stratification. Short of 

collecting information directly from individual patients (a time- and resource-intensive 

endeavor), readily available public data will have to be repurposed intelligently to provide the 

required information. 

There has been increasing interest in gathering non-traditional, digital information to perform 

disease surveillance. These include diverse datasets such as those stemming from social media, 

internet search, and environmental data. Twitter is an online social media platform that enables 

users to post and read 140-character messages called “tweets”. It is a popular data source for 
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disease surveillance using social media since it can provide nearly instant access to real-time 

social opinions. More importantly, tweets are often tagged by geographic location and time 

stamps potentially providing information for disease surveillance (Broniatowski et al. 2013; Kim 

et al. 2013). Another notable non-traditional disease surveillance system has been a data-

aggregating tool called Google Flu Trends which uses aggregated search data to estimate flu 

activity (Ginsberg et al. 2009; Cook et al. 2011). Google Trends was quite successful in its 

estimation of influenza-like illness. It is based on Google’s search engine which tracks how often 

a particular search term is entered relative to the total search-volume across a particular area. 

This enables access to the latest data from web search interest trends on a variety of topics, 

including diseases like asthma. Air pollutants are known triggers for asthma symptoms and 

exacerbations (Trasande and Thurston 2005). The US Environmental Protection Agency (EPA) 

provides access to air quality data collected at outdoor sensors across the country which could be 

used as a data source for asthma prediction. Meanwhile, as health reform progresses, the quantity 

and variety of health records being made available electronically are increasing dramatically 

(Bates et al. 2014). In contrast to traditional disease surveillance systems, these new data sources 

have the potential to enable health organizations to respond to chronic conditions, like asthma, in 

real time. This, in turn, implies that health organizations can appropriately plan for staffing and 

equipment availability in a flexible manner. They can also provide early warning signals to the 

people at risk for asthma adverse events, and enable timely, proactive, and targeted preventive 

and therapeutic interventions.  
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Our research objective is to leverage social media, internet search, and environmental air quality 

data to estimate ED and hospital visits for asthma in a relatively discrete geographic area (a 

metropolitan area) within a relatively short time period (days). To this end, we have gathered 

asthma-related ED and hospital visits data, social media data from Twitter, internet users' search 

interests from Google and pollution sensor data from the EPA, all from the same geographic area 

and time period, to create models for predicting asthma related ED and hospital visits.  

This work is different from extant studies that typically predict the spread of contagious diseases 

using social media such as Twitter. Unlike influenza or other viral diseases, asthma is a non-

communicable health condition and we demonstrate the utility and value of linking big data from 

diverse sources in developing predictive models for non-communicable diseases with a specific 

focus on asthma. 

3.2 Related Work 

A number of research studies have explored the use of novel data sources to propose rapid, cost-

effective health status surveillance methodologies. Some of the early studies rely on document 

classification suggesting that Twitter data can be highly relevant for early detection of public 

health threats (Collier et al. 2011).  Others employ more complex linguistic analysis, such as the 

Ailment Topic Aspect Model (Paul and Dredze 2011) which is useful for syndrome surveillance. 

This type of analysis is useful for demonstrating the significance of social media as a promising 

new data source for health surveillance. 
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Other recent studies have linked social media data with real-world disease incidence to generate 

actionable knowledge useful for making health care decisions. These include (Krieck et al. 2011) 

which analyzed Twitter messages related to influenza and correlated them with reported CDC 

statistics. Similarly, a study by Chew and Eysenbach (2010) during the 2009 H1N1 flu 

pandemic, validated Twitter as a real-time content, sentiment, and public attention trend-tracking 

tool. Collier et al. (2011) employed supervised classifiers (SVM and Naive Bayes) to classify 

tweets into four self-reported protective behavior categories. This study adds to evidence 

supporting a high degree of correlation between pre-diagnostic social media signals and 

diagnostic influenza case data.  

While these disease surveillance systems, including Google Flu trends (Ginsberg et al. 2009), 

based on novel data sources have shown significant promise, other studies have challenged the 

accuracy of these systems for two reasons (Lazer et al. 2014).  

(1) Anomalous media spikes: People searching flu terms may have had symptoms - but many 

users might have been simply looking for news stories about an anomalous season. Media 

attention might increase tweets about specific diseases but may not necessarily reflect actual 

disease affliction.  

(2) Misleading information: tweets indicating awareness of the disease, e.g., “Hope I don’t get 

asthma,” or using disease as rhetoric, e.g., “He is so cute I think I got asthma,” are clearly about 

a specific disease but are not about actual disease affliction.  
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These kinds of signals can be misleading and can mask signs of actual disease affliction. These 

issues and challenges are being addressed by several studies including (Myslín et al. 2013) and 

(Lazer et al. 2014). For instance, Google Flu Trends engineers announced a redesign of their 

algorithm by dampening media attention and using Elastic Net, rather than regression, for 

estimation (Lazer et al. 2014). Commonly used Twitter techniques such as keyword matching or 

linear regression can widely overestimate the prevalence of disease. Broniatowski et al. (2013) 

have specifically addressed this issue and built models to determine if tweets are relevant to 

health, influenza, or an actual infection. In addition, they use geographic information associated 

with tweets for influenza surveillance. 

 

Building on these techniques, our work uses a combination of data from multiple sources to 

predict the number of asthma-related ED and hospital visits in near real-time. In doing so, we 

exploit geographic information associated with each dataset. We describe the techniques to 

process multiple types of datasets, to extract signals from each, integrate, and feed into a 

prediction model using Machine Learning algorithms, and demonstrate the feasibility of such 

predictions. 

3.3 Methods 

We examine the feasibility of using multiple data sources for predicting the number of asthma-

related ED and hospital visits. Preliminary prediction models are built for this purpose. 

Supervised classification models are applied on data streams stemming from Twitter to 
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distinguish tweets indicating asthma affliction from tweets just including keywords related to 

asthma. We also process air quality data obtained from sensors, historical electronic health 

records indicating asthma-related visits to an emergency room or a hospital, and Google search 

trends, all from the same specific geographic area, during the same time period. 

3.3.1 Data Collection and Processing 

3.3.1.1 Emergency Department Visits Data 

De-identified aggregate data on ED visits for asthma as a primary diagnosis (International 

Classification of Disease Ninth [ICD9] code 493.00 to 493.99) to the Children’s Medical Center 

(CMC) of Dallas are collected between October 2013 and December 2013 for a Quality 

Improvement initiative (see Figure 3.1). Additional data are collected between November and 

December 2013 on ED visits for constipation (ICD9 564.00 to 564.09) or abdominal pain (ICD9 

789.00 to 789.09) to serve as controls for background variations in the number ED visits 

unrelated to asthma activity. The two control conditions are chosen because they affect a 

different organ system than asthma and are unlikely to be related to asthma. The study is 

approved by the CMC Institutional Review Board. 

 
Dallas, TX, 1 Oct 2013 ~ 24 De, 2013 
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Figure 3.1 Hospital Administrative Data on ED Visits for Asthma  

It should be noted that the average and standard deviation of the ED visits data from December 

(ave = 81, std = 40) are significantly different from the first two months’ data (ave = 94, std = 

25). So we excluded December’s ED visits data from one of our correlation analyses. 

3.3.1.2 Twitter Data 

Twitter offers streaming APIs to give developers and researchers low latency access to its global 

stream of data. Public streams, which can provide access to the public data flowing through 

Twitter, are used in this study. Studies have estimated that using Twitter’s Streaming API, 

researchers can expect to receive 1% of the tweets in near real-time. Two different Twitter data 

sets are collected in this study.  

(1) The general twitter stream: a simple collection of JSON grabbed from the general Twitter 

stream. The general tweet counts are used to estimate the Twitter population and further 

normalize asthma tweet counts.  

(2) The asthma-related stream: to collect only tweets containing any of 19 related keywords (i.e., 

asthma, asthma attack, inhaler, wheezing, sneezing, runny nose, albuterol, xolair, montelukast, 

nebulizer, flovent, singulair, advair, bronchodilator, bronchodilators, short of breath, chest tight, 

difficulty breathing, trouble breathing) that are suggested by our clinical collaborators from 

PCCI. The asthma stream is limited to 1% of full tweets as well.  

Figure 3.2 shows the number of tweets in our asthma stream for some of the keywords used in 

data collection. Our Twitter dataset for this study are collected from Oct 11, 2013, through Dec 
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31, 2013, and contains 464,845,785 general tweets and 1,315,390 asthma-related tweets. On 

average, 15,000 asthma-related tweets are generated from all over the world per day. This 

demonstrates that Twitter is a promising data source for asthma surveillance and should be 

explored further. 

 
Asthma stream, 11 Oct 2013 – 31 Dec 2013 

Figure 3.2 Examples Of Keywords and Frequency of Tweets 

The geographic location of each tweet is identified via two fields: coordinates and location. 

Coordinates indicate the longitude and latitude of the tweet’s location. Unfortunately, only a 

small percentage of tweets expose their coordinates. Among all the asthma-related tweets we 

collected, 2% (35152 / 1315390) of the tweets revealed their coordinates as shown in Figure 3.3. 

Most of these tweets are from English-speaking countries and approximately 60% of them are 

from the US (see Figure 3.4). 
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Asthma stream, 11 Oct 2013 – 31 Dec 2013 

Figure 3.3 Global Asthma-Related Tweets 

 
Asthma stream, 11 Oct 2013 – 31 Dec 2013 

Figure 3.4 Asthma-Related Tweets, United States 

We further analyzed these tweets based on a subset of our keywords (see Figure 3.5 and Figure 

3.6). 
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■ runny nose ■ sneezing ■ wheezing ■ inhaler ■ asthma 
Asthma stream, 11 Oct 2013 – 31 Dec 2013 

Figure 3.5 Global Asthma-Related Tweets Based on Keywords 

 

 
■ runny nose ■ sneezing ■ wheezing ■ inhaler ■ asthma 
Asthma stream, 11 Oct 2013 – 31 Dec 2013 

Figure 3.6 Asthma-Related Tweets Based on Keywords, United States 

Locations indicate the cities and states where the users, who posted tweets, reside, e.g., 

{"location": "San Francisco, CA"}. This information is collected from Twitter users’ public 

biographic profiles. To estimate the prevalence of asthma-related tweets in a geographic region, 

we only included tweets from that particular region. We confined our analysis to the Twitter 
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streaming data collected from the Dallas-Fort Worth Metropolitan area in Texas, to closely 

match the geographical origins of patients in our clinical data sample. The boundary of the 

region and geographical “coordinates” are shown in Figure 3.7. 

As previously mentioned, not many people divulge their location in their tweets; consequently, 

in our dataset, only 892 asthma-related tweets are actually identified to fall within the geographic 

boundaries of interest to our study. Hence, we examine the dataset in more detail and collect 

profiles of users tweeting about asthma. By examining these user profiles, we are able to extract 

users’ locations from their profile information and identified additional tweets stemming from 

our location of interest. We are thus able to identify 3,768 additional tweets from the asthma 

stream in the area of interest, and a total of 1,953,402 tweets from the general stream in the same 

area. 

 
Coordinates of Twitter asthma stream. Northwest: Decatur, TX, 33.228426, -97.597020; 
Northeast: Greenville, TX, 33.131878, -96.105626; Southwest: Lake Granbury, 
32.446121, -97.767308; Southeast: Cedar Creek Reservoir, 32.353360, -96.171544 

Figure 3.7 Geo Boundaries 
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One of the challenges we needed to address is to extract signals from the noisy Twitter dataset 

i.e., to distinguish tweets that are relevant to asthma from tweets that mentioned asthma in an 

irrelevant context. Figure 3.8 shows the process used for cleaning the Twitter dataset. First, non-

English tweets and retweets are excluded. The exclusion of non-English tweets is not expected to 

have a major impact on the analysis as 95% of tweets originating in the USA, including our 

geographical region of interest, are in English (Mocanu et al. 2013). We transformed tweets to 

lower case, e.g., removing all the special characters, targets (@), hashtags (#), URLs, and 

emoticons. Each tweet is then tokenized by splitting based on non-letter characters. The tokens 

are used to generate a vector numerically representing each tweet. TF-IDF (term frequency-

inverse document frequency) (Salton and McGill 1986) is used for this purpose. All the words 

are stemmed by applying Porter's algorithm1 and English stop-words (Fox 1989) are filtered out. 

We then employ Artificial Neural Networks (ANN) (a Machine Learning classifier) to accurately 

identify relevant tweets, using the process shown in Figure 3.8.  

ANN is a supervised classification technique requiring a training dataset. First, we extracted a 

dataset containing 4,500 tweets from our asthma stream described earlier, i.e. each tweet in the 

training dataset contained at least one asthma-related keyword. This dataset is divided into three 

parts and each tweet is manually labeled by three researchers as “asthma relevant” or “asthma 

irrelevant”. The annotation criteria for "asthma relevant" tweets included: a statement that the 

individual has had asthma; and supporting criteria included: (i) severe difficulty in breathing as 

part of a discrete attack, (ii) shortness of breath - triggered by exercise, stress, smoke, or irritants, 
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(iii) nighttime coughing duration greater than 1 month, (iv) family history or childhood history of 

asthma, or (v) use of an inhaler. 

The classifier is trained on this dataset. A 10-fold-cross validation is executed to evaluate the 

performance. The results showed a high overall accuracy of 85.78%, whereas the precision for 

"asthma irrelevant" class is 86.71% and the precision for "asthma relevant" class is 66.67%. The 

recall for "true asthma irrelevant" class is as high as 98.15%, however, the recall for "true asthma 

relevant" class is 19.72%, indicating that there is a lot of noise in the data. However, we do not 

consider this to be a problem since our prediction model is based on a large Twitter dataset, so 

the number of asthma-related tweets in our dataset is sufficient for analysis and prediction. 

 

Figure 3.8 Extracting Signal from Noisy Twitter Dataset 

This cleaning process resulted in a dataset from which we are able to extract a sufficient number 

of asthma-related tweets in the geographic area of interest along with their specific timestamps. 
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3.3.1.3 Google Data 

Google Trends analyzes its search engine traffic to determine the usage frequency of specific 

search-terms by individual users as compared to the total number of Google searches performed 

during a specific time period. To make it easier to compare data on different keywords, results in 

Google Trends are normalized using their total search traffic. Using the keywords from our 

Twitter asthma stream collection process, we extract data from Google Trends. To align with the 

ED visits data, Google search interests are accessed for the same time period and in the same 

location as the Twitter data (see Figure 3.9).  

We retrieve Google search interest data by accessing the Google Trends website2 on three 

specific dates, Dec 10 2013, Feb 21, 2014 and Sep 20, 2014 with the same query. For reasons 

unknown to us, the results are different on each of the three days. We used each of the 3 datasets 

for our analysis as described later. 

 

Figure 3.9 Google Search Trends for Asthma Related Keywords 

                                                 

2 www.google.com/trends 
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3.3.1.4 Sensor Data 

Air pollution data are collected from the EPA3 databases. The dataset contains measures of six 

types of pollutants, i.e., particulate matter (PM2.5 and PM10), ground-level ozone (O3), carbon 

monoxide (CO), sulfur oxides (SO2), nitrogen oxides (NO2), and lead (Pb). The air quality 

indexes (AQI) associated with these pollutants are used in our model. The higher the AQI value, 

the greater the level of air pollution and the greater the health concern. Along with the AQI, we 

are able to get the AQS-SITE-ID (Air Quality System, site id) from the EPA database. A Site ID 

is associated with a specific physical location and address. The site latitude and longitude are 

also provided. Using this information, we are able to identify and include AQI data from a 

specific geographic region. In this study, we collect pollution data from 27 air quality sites 

around the Dallas area. We selected sites closest to the zip codes of the ED asthma patients in 

our ED visits dataset. Using this data, we calculate the daily average AQI for our model. 

3.3.2 Emergency Department Visits Prediction Model 

We first analyze the association between the asthma-related ED visits and data from Twitter, 

Google trends, and Air Quality sensors, using the Pearson correlation coefficient.  We also 

examine the association between asthma-related tweet counts and ED visit counts for abdominal 

pain/constipation patients, to control for non-asthma-specific variations in ED visit counts. Then, 

                                                 

3 www.epa.gov 
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we design and implemented a prediction model to estimate the incidence of asthma ED visits at 

CMC using a combination of independent variables from the above data sources.  

Since each dataset is from a different source and has different levels of granularity with respect 

to time and location, we first performed some transformations on each dataset to make them 

compatible. An important transformation is to normalize each dataset using a standard 

normalization technique i.e. z-score 

𝑧 =   ( 3-1 ) 

where: u  is the mean;   is the standard deviation. 

For the prediction model, we employ four different classification methods: Decision Tree, Naive 

Bayes, SVM, and Artificial Neural Networks, and compared their classification accuracy. We 

also used techniques called adaptive boosting and stacking, to reduce classification errors. The 

ED visit counts are converted from numerical to categorical values based on the z values, where 

the observations are labeled as High, Medium, or Low. The model is used to classify the 

predicted variable i.e., the number of daily ED visits into one of three mutually exclusive classes 

– High, Medium, or Low. The Naive Bayes technique requires nominal data; hence another 

transformation is used to convert all numerical data values into categorical values based on the z 

values similar to the transformation used for ED visit counts. 



 

76 

 

3.3.3 Hospital Visits Prediction Model 

This section extends the previous two sections to examine the usefulness of unstructured textual 

data from social media streams for asthma surveillance and prediction at multiple spatial 

locations for a longer time period. 

We collected data from a number of different sources for the time period from November 2013 

thru June 2014. These include: (i) Hospital visits: de-identified aggregate data on hospital visits 

for asthma as a primary diagnosis (International Classification of Disease Ninth [ICD9] code 

493.00 to 493.99) from 28 hospitals/health organizations in the Dallas–Fort Worth area 

collected for a quality improvement initiative were obtained. (ii) Social Media: A large dataset 

of more than 5 million asthma-related tweets is collected over a period of approximately 8 

months (The number of tweets collected: 5,513,368; collection period: 11/1/2013 – 6/30/2014). 

We apply a more advanced signal extraction process on the collected datasets (see section 2).  

We then examined the correlation between de-identified aggregate data on hospital visits (for 

asthma as a primary diagnosis from 28 hospitals/health organizations in the Dallas–Fort Worth 

area) and our Twitter asthma dataset. 

Next, we designed and implemented prediction models to estimate the incidence of asthma 

hospital visits using a combination of regression and classification prediction models. Previous 

1/2/3/7 days’ average asthma tweets were aggregated respectively to predict next 1 day’s/next 7 

days’ average number of asthma hospital visits. Linear regression models were used to estimate 

the average number of asthma-related hospital visits: 
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𝐴𝐻𝑉 =  𝛽 + 𝛽 𝐴𝑇 + 𝜀  ( 3-2 ) 

where 𝐴𝐻𝑉 is asthma related average hospital visits from 28 hospitals/health organizations in the 

Dallas–Fort Worth area. Here, 𝐴𝐻𝑉 refers to the next one day’s asthma hospital visits or next 7 

days’ average hospital visits. 𝛽 is the expected baseline value of asthma hospital visits for these 

hospitals. 𝛽 is the average change in the asthma-related hospital visits for each additional 

asthma-related tweet. 𝐴𝑇 is the number of asthma-related tweets from the Dallas–Fort Worth 

area. 𝐴𝑇 refers to previous 1/2/3/7 days’ average. 𝛽 + 𝛽 𝐴𝑇 estimates the expected value of 

asthma hospital visits.  is a random deviation from the expected value of asthma-related 

hospital visits. 

For the classification prediction model, the hospital visit counts were converted from numerical 

to categorical values based on the median, where the observations were labeled as High or Low. 

Our model was used to classify the predicted variable i.e., number of hospital visits into one of 

two mutually exclusive classes – High or Low. 

3.4 Analysis and Results 

3.4.1 Relationship between ED Visits and Individual Types of Data 

We first report on the relationship between asthma ED visits and each individual type of dataset, 

i.e., Twitter, Google trends and Air Quality sensors. 

Table 3.1 Correlation Results Between Twitter Data and Asthma ED Visits (74 
Observations) 
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  # of asthma affiliation tweets # of normalized tweets 

# of ED visits 

Pearson 
Correlation 

0.328** 0.378** 

Sig.  0.004 0.001 
N 74 74 

74 Observations 
**. Correlation is significant at the 0.01 level 

Recall that our Twitter dataset is collected starting from Oct 11, 2013, so Twitter observations at 

the very beginning of October are not available. Also, ED visits data are not available after Dec 

24, 2013. We, therefore, exclude those days from our correlation analysis based on 74 days of 

data. Our results indicate that absolute asthma tweets count is correlated with the asthma ED visit 

counts (r=0.328, p<0.01) (see Table 3.1). After normalization of the number of asthma tweets 

using the daily number of general tweets, the correlation coefficient improved (r=0.378, p<0.01) 

(see Table 3.1). 

Table 3.2 Correlation Results Between Twitter Data and Asthma ED Visits (50 
Observations) 

  # of Asthma Tweets # of Normalized Asthma Tweets 

# of ED Visits 

Pearson 
Correlation 

0.409** 0.363** 

Sig.  0.003 0.009 
N 50 50 

50 Observations 
**. Correlation is significant at the 0.01 level 

Given that the average and standard deviation of the asthma ED visits data for December 2013 

(ave = 81, std = 40) are significantly different from the first two months’ data (ave = 94, std = 

25), we apply a sensitivity analysis excluding data from December, which left us 50 

observations. The 50 observations showed further improvement of correlation between the 

number of asthma tweets and asthma ED visit counts (see Table 3.2). 
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Meanwhile, as a control, we also examine the relationship between asthma tweets count and 

abdominal pain/constipation ED visit counts. The absence of correlation speaks to the specificity 

of the association between asthma-related tweets and asthma ED visits. (See Table 3.3). 

We next report on the correlation between the pollutant indexes and asthma ED visits (pollutant 

data after December 24, 2013 are removed since there is no ED visits data available after that 

date). Three pollutant indexes, i.e., CO, NO2, and PM2.5 show significant correlation with 

asthma ED visits (see Table 3.4 and Figure 3.10). 

Table 3.3 Correlation Results Between Twitter Data and Abdominal Pain ED Visits 

  # of Asthma Tweets # of Normalized Asthma Tweets 

# of Abdominal Pain 
/ Constipation 
Patients ED visits 

Pearson 
Correlation 

0.084 0.075 

Sig.  0.697 0.729 
N 24 24 

Note: We are only able to get the abdominal pain/constipation ED visits data from Dec 01 – Dec 24, 2013. 

Table 3.4 Correlation Results Between Air Pollution Data and Asthma ED Visits 

  CO NO2 PM2.5 

# of ED Visits 
Pearson Correlation 0.332** 0.316** 0.239* 
Sig.  0.002 0.003 0.027 
N 85 85 85 

**. Correlation is significant at the 0.01 level 
*. Correlation is significant at the 0.05 level 
 

 

Figure 3.10 Air Pollution Data, Twitter Data and Asthma ED Visits 

Table 3.5 Correlation Results Between Google Data and Asthma ED Visits 

Weekends 
  

Holidays 
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Google 
12/10/2013 

Google 
02/21/2014 

Google 
09/20/2014 

# of ED visits 
Pearson Correlation 0.298** 0.049 0.049 
Sig.  0.002 0.654 0.658 
N 61 85 85 

**. Correlation is significant at the 0.01 level 

As stated earlier, we have three different datasets collected from Google trends. We examine the 

relationship between each dataset and asthma ED visits (Table 3.5). The asthma ED visits are 

only correlated with one of the Google datasets, hence Google data are not included in the final 

prediction model. 

3.4.2 Asthma ED Visits Prediction Results 

Based on the results from the correlation analysis, asthma tweets, CO, NO2, and PM2.5 are 

selected as inputs into our prediction model. We are only reporting results for the Decision Tree 

and Artificial Neural Networks (ANN) techniques, as the Naive Bayes and SVM techniques do 

not yield good prediction results. 

First, backward feature selection algorithm is used to examine if the addition of Twitter data 

would improve the prediction. As shown in Table 3.6, combining air quality data with tweets 

results in higher prediction accuracy.  

In addition to accuracy, we also evaluated prediction precision. Given that our prediction task is 

for a three-way classification, each technique resulted in different prediction precision on 

different classes (see Table 3.7). Decision Tree performed well in predicting the High class, 

while ANN, after Adaptive Boosting, worked well for the Low class. Stacking the two 

techniques performed well for the Medium class. 
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Table 3.6 Backward Feature Selection to Demonstrate Usefulness of Attributes 

Classification Methods 
Attributes 

CO+NO2+PM2.5 Tweets ALL 

Decision Tree  65.18% 63.93% 65.18% 
ANN 61.25% 62.68% 66.25% 

ANN (Adaptive Boosting )  62.50% 62.14% 66.43% 

Stacking  (ANN + Decision Tree )  61.07% 64.86% 66.25% 

Evaluation metric: Accuracy; Design: 10-fold cross validation 

Table 3.7 ED Visits Prediction Results 

Classification Methods Class Class Precision 

Decision Tree High 72.73% 

ANN Low 71.43% 

ANN (Adaptive Boosting ) Low 72.73% 

Stacking (ANN + Decision Tree ) Medium  75.00% 

Evaluation metric: Precision; Design: 10-fold cross validation 

The results of our analysis are promising because they perform with a fairly high level of 

accuracy overall. As noted in the introduction, traditional asthma ED visit models are useful for 

predicting events in a three months’ window and have an accuracy of approximately 70%. It is to 

be noted that “traditional models” estimate a risk score for asthma ED visit for each individual 

patient, whereas our “Twitter/ Environmental data model” predicts the risk for a daily number of 

ED visits being High, Low, or Medium. The former is an individual-level risk model, while the 

latter is a population-level risk model. Our population-level asthma risk prediction model has the 

potential for complementing current individual-level models, and may lead to a shorter time 

window and better accuracy of prediction. This, in turn, has implications for better planning and 

proactive treatment in specific geo-locations at specific time periods. 
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3.4.3 Asthma Hospital Visits Prediction based on Social Media Data 

We use a statistical regression model (see section Error! Reference source not found.), and 

report on the values of 𝛽  and its significance for different predictor variables (Table 3.8) to 

examine the usefulness of social media data for asthma hospital visits prediction. In this model, 

the independent variable is the number of average asthma-related tweets from the Dallas–Fort 

Worth area) and response variable is the average number of asthma-related hospital visits from 

28 hospitals/health organizations in the Dallas–Fort Worth area). 

Table 3.8 Regression Results for the Number of Average Asthma Related Hospital Visits 
and Number of Average Asthma Related Tweets 

# asthma hospital visits # asthma related tweets Estimate (β1) Standard Error P (>|t|)  

Next 1 day 

Previous 1 day 0.3677 0.07858 <0.0001  **** 
Previous 2 days average 0.3248 0.09811 0.00109 ** 
Previous 3 days average 0.2635      0.1164 0.0247 *   
Previous 7 days average 0.6778 0.1651 <0.0001  **** 

Next 7 days average 

Previous 1 day 0.1826      0.0544    0.000939 *** 
Previous 2 days average 0.2627     0.06618     0.000101 *** 
Previous 3 days average 0.3562     0.07626    <0.0001 **** 
Previous 7 days average 0.5801      0.1069    <0.0001 **** 

****. significant at the 0.0001 level  ***. significant at the 0.001 level  
**. significant at the 0.01 level   *. significant at the 0.05 level 

Our analysis shows that the predictor variables - the number of asthma-related tweets – at 

different levels, all have a significant linear association with the response variables – the number 

of hospital visits. To predict the next day’s asthma hospital visits using the previous 7 days’ 

average number of tweets, it can be stated with 95% confidence that the asthma hospital visits 

increased by somewhere between 0.35 and 1 for each additional tweet (previous 7 days’ 

average). To predict the next 7 day’s average asthma hospital visits with the previous 7 days’ 

average number of tweets, it can be stated with 95% confidence that the asthma hospital visits 
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increased by somewhere between 0.36 and 0.79 for each one additional tweet (previous 7 days’ 

average). 

We also use Machine Learning classification to predict whether there would be a High or Low 

number of hospital visits on a given day.  Since the average number of the previous 7 days’ 

tweets had the largest regression coefficient (from our earlier results), we chose to use it as the 

predictor variable in our classification models. The results of our classification indicate that our 

prediction model results in a reasonable precision and recall (Table 3.9). This is especially 

promising for those days when the number of visits is expected to be high. Such a prediction can 

provide at least 1 to 7 days’ advance notice to enable hospitals to be better prepared in case of a 

surge in asthma-related visits. 

Table 3.9 Hospital Visits Prediction Results 

# asthma hospital visits  Accuracy 
Low High 

Precision Recall Precision Recall 

Next 1 day 
ANN 0.663 0.688 0.642 0.642 0.688 
Decision Tree 0.586 0.605 0.575 0.568 0.598 

Next 7 days average 
ANN 0.580 0.527 0.419 0.609 0.706 
Decision Tree 0.633 0.600 0.484 0.650 0.748 

10-fold cross validation 
Predictor variable: # previous 7 days’ average asthma related tweets 

3.5 Conclusion 

In this essay, we have provided evidence that social media and environmental data can be 

leveraged to accurately predict asthma ED and hospital visits at a population level. Although 

preliminary, the findings of this study are very promising for many reasons. As asthma 

prevalence continues to rise, novel and coordinated strategies are required at the public health 

and clinical levels to curb the societal burden of asthma adverse outcomes. Readily available, 
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real-time or near-real-time, environmental and internet-based data offer a unique opportunity for 

early identification of clusters of patients or communities at high risk for severe asthma events at 

a given time. Interventions would be prioritized in time and place to reduce the risk for asthma 

ED visits. For instance, public health resources could be used to reach out to patients from high-

risk clusters or communities at any given time, and direct them towards less costly and more 

efficient care sites such as their primary care provider offices. Moreover, predicted risks could be 

spatially and temporally visualized, and made available to community stakeholders through 

various media sources.  Clinical resources could be prioritized to offer earlier clinic 

appointments to patients with impending risk for failure, and later slots to patients with deferred 

risk. Additionally, hospitals and EDs could use such risk-stratification for optimal resource 

planning, such as ED staffing or opening observation units.  

The limitations of this essay include: First, the current study is limited to English tweets, which 

might not accurately represent the Twitter activity of non-English speakers, although, the latter 

are likely represented in our ED sample. However, we do not expect this to have a significant 

impact on the final results given that non-English tweets represent less than 5% of tweets in the 

USA, as discussed in Methods. Second, this study is limited to ED visits data from one hospital 

only which did not allow us to examine variations around different clinical care sites. A larger 

study is underway to validate these preliminary findings in a larger clinical sample spanning a 

wider geographical area over a longer timeframe. Third, the current model is designed for a non-

communicable disease (asthma) with a significant prevalence in the community. Although 

similar models could be developed for other non-communicable diseases such as diabetes and 
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COPD, this model might not be suitable for communicable diseases or for diseases with low 

prevalence and high social media activity reflecting public awareness rather than actual disease 

activity. 

 

  



 

86 

 

4 ESSAY III: A COMPREHENSIVE ANALYSIS OF TRIGGERS AND 

RISK FACTORS FOR ASTHMA: BASED ON MACHINE LEARNING 

AND LARGE HETEROGENEOUS DATA SOURCES 

4.1 Introduction 

Asthma has received a lot of attention from many medical and health researchers. However, the 

causes of asthma are still not completely understood and there is no cure for asthma (WHO 

2017). Fortunately, now we have improved understanding of asthma as an inflammatory disease 

- it can be controlled with proper diagnosis, appropriate care, and personalized medication 

management plans to avoid triggers (i.e., momentary events that may immediately bring on 

symptoms, e.g., weather conditions) and risk factors (i.e., constant or chronic factors in one’s 

life that may cause asthma exacerbation, e.g., race and smoking habits). In essay 3, we focus on 

asthma triggers and risk factors contributing to asthma exacerbations.  

 
Node size is based on degree centrality - defined as the number of edges incident upon a node. 
Node color is based on modularity – which is a structural measure of a network i.e., how well a network decomposes 
into modular communities. 
Edges show relations between asthma exacerbation and its major triggers and risk factors. 
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Nodes and edges relations: summarized from literatures (O’Byrne et al. 1982; Hong et al. 1994; Szczeklik et al. 
2000; Rundell et al. 2001; Galant et al. 2004; Chen and Miller 2007; Barnes 2008; Almqvist et al. 2008; Salam et al. 
2008; Arif et al. 2009; Kurai et al. 2013; Zacharasiewicz 2016). 

Figure 4.1 Major Asthma Triggers and Risk Factors 

Identification of these triggers and risk factors is fraught with several challenges.  

(1) The first major challenge lies in the complexity of asthma. As with many chronic diseases, 

asthma triggers and risk factors are complex and varied (Figure 4.1), including multiple 

biological, demographic, behavioral, environmental, social, psychological, and infectious 

determinants. In addition to appropriate medication management, asthma patients must have 

logistical, financial, and cultural access to environments that foster avoidance of asthma triggers 

and risk factors and encourage good asthma management practices (Herman 2011). In view of 

this, a comprehensive analysis is required to provide guidance for developing asthma 

management plans and population-level asthma interventions.  

(2) The second challenge is that most existing studies focus on one or a few triggers or risk 

factors (see Table 4.1): and therefore, first, fail to notice components critical to asthma 

prevention nor do they identify any sequential patterns in these factors; second, existing studies 

do not identify the relative importance of risk factors, and thus are not sufficient to direct the 

development of asthma management strategies.  

(3) The third challenge is the limitations of current mainstream approaches for asthma trigger 

and risk factor analysis. Most of these studies are conducted via cohort studies mostly relying on 

surveys (59.12%, see Table 4.1), which are limited by time, funding or access to large 

populations.  
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Due to the limitations of current studies, there is imminent need to turn to additional sources of 

knowledge to economically identify asthma triggers and risk factors in a timely manner, that can 

be used to instruct asthma patients and health providers.  

Over the past two decades, data has explosively increased in various domains. These 

heterogeneous data sources (a.k.a., Big Data, see definition in section 1.2.2 Big Data Analytics) 

can be leveraged to reveal patterns, trends, and associations, that would otherwise be hidden. The 

impact of Big Data on healthcare analytics has increased remarkably (Bates et al. 2014), starting 

with the increased supply of data. A data-driven solution holds great promise for helping analyze 

asthma risk factors from a more comprehensive perspective.  

In this study, following the design science paradigm (Hevner et al. 2004), we propose a new 

data-driven approach to answer the following two research questions:  

(1) How can we identify asthma patients on social media and derive characteristics of 

asthma patients from social media, instead of traditional data collection methods (e.g., 

questionnaires or surveys)? The implication is that the proposed characteristics identification 

methods will provide a new way to collect the background and demographic information from a 

large targeted population and may serve as a substitute or complement to traditional 

questionnaires or survey-based data collection methods.  

(2) How can we leverage existing knowledge of asthma and make full use of Big Data by 

repurposing and integrating multiple open data sources to identify asthma triggers and risk 

factors, their interconnecting relations, and their relative importance? The implication is that 
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the proposed framework is a new way to understand the triggers and risk factors for chronic 

conditions and can be used as a complement to retrospective cohort studies on chronic 

conditions. 

The contributions of this study are twofold. First, from the perspective of design science: (i) we 

propose a new Two-Stage-Model to derive characteristics of self-reported asthma patients from 

social media. We propose the use of image recognition to enhance asthma patients’ background 

information extraction. The proposed model outperforms the state of art methods. (ii) We 

incorporate Geometric Inference algorithm (i.e., Ray casting algorithm) into our proposed 

framework, which enables us to integrate and repurpose highly heterogeneous data from multiple 

open sources. (iii) We adapt Sequential Pattern Mining to uncover the sequential patterns of 

asthma triggers and risk factors. We propose a modified method based on the Random Forest 

algorithm to uncover the relative importance of asthma triggers and risk factors. Both of these 

are difficult to achieve using retrospective cohort studies, and hence can be used as a 

complement to such studies. Second, from the perspective of chronic disease management: (i) we 

propose a framework for asthma triggers and risk factor analysis from a comprehensive point of 

view. (ii) We use a novel data source for deriving characteristics of self-reported asthma patients 

and provide a substitute for traditional survey-based data collection methods. (iii) The proposed 

framework is able to extract information from various open data sources with diverse spatial-

temporal resolutions. A system based on the proposed framework has the potential to deliver 

guidance to stakeholders to curb the societal burden of asthma. 
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In the rest of this essay, we first discuss the challenges associated with analyzing the asthma 

trigger and risk factor and the shortcomings of existing studies; we then provide a brief review of 

the design science methodology. Next, a new data-driven framework for conducting 

comprehensive asthma risk factors analysis is developed and described. We implement and 

evaluate the proposed framework and demonstrate its feasibility and value. Finally, we conclude 

our work with a summary and directions for future research. 

4.2 Related Work  

4.2.1 Asthma Triggers/Risk Factors and Limitations of Current Studies 

Asthma and its associated triggers and risk factors have been a research focus for decades. An 

asthma trigger or risk factor is a momentary event or constant factor, including any attribute, 

characteristic or exposure of an individual, that increases the likelihood of exacerbating 

symptoms of asthma (WHO 2017). Medical theories indicate that asthma triggers and risk factors 

include:  

(1) Biological and demographic factors: Biological and demographic factors are essential to 

understanding asthma exacerbation. For instance, immune cells have been found to play roles in 

allergic asthma (Barnes 2008). Studies have shown gender differences in the prevalence of 

asthma (Almqvist et al. 2008). The relationship between racial groups and asthma morbidity has 

been examined, reflecting the potential genetic causes (Galant et al. 2004).  
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(2) Environmental factors: Environmental factors have continuously been the focus of 

attention. Air pollution is suggested to be linked to asthma prevalence (Salam et al. 2008). 

Weather, especially cold air, could be a significant factor in asthma exacerbation (O’Byrne et al. 

1982).  

(3) Behavioral factors: The interaction effects of behavioral factors on asthma exacerbation 

have been outlined by researchers (Hong et al. 1994). In particular, smoking has consistently 

been shown to increase the risk of asthma in different study settings (Zacharasiewicz 2016). 

Asthma patients who smoke appear to have an impaired response to the beneficial effects of anti-

asthma drugs (Chaudhuri et al. 2003). Others behavioral factors include exercise (Rundell et al. 

2001), irregular rest schedule (Kozyrskyj et al. 2009) and taking medications such as aspirin 

(Szczeklik et al. 2000).  

(4) Social and psychological factors. A number of studies highlight the importance of both 

social (e.g., social position or status; quality of social relationships) (Wright et al. 1998) and 

psychological exposures (e.g., life stress; extreme emotional such as anger or fear) (Chen and 

Miller 2007) in the exacerbation of asthma symptoms, which are important in understanding the 

rising asthma burden. In addition, certain occupational hazards and exposures are found related 

to asthma (Arif et al. 2009).  

(5) Inflammatory and infectious factors. Researchers indicate that infections by respiratory 

bacteria and/or viruses are the main triggers of asthma exacerbations (CDC 2017b; Smith et al. 

2017). For example, both rhinovirus (which causes the common cold) and influenza A (which 

causes the flu) can cause asthma exacerbations (Kurai et al. 2013). Nicholson et al. (Nicholson et 
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al. 1993)  noted that about 25% of laboratory-confirmed viral acute upper respiratory infections 

are associated with almost half of the most severe asthma exacerbations.  

Though important, these extant studies have substantial limitations.  

(1) First, asthma triggers and risk factors consist of many interconnecting parts. But most current 

studies focused on one or two types of triggers or risk factors (Table 4.1, 84.7% of current 

studies focused on one type of asthma triggers or risk factors, 9.5% analyzed two types and only 

5.8% of them studied more than two types of asthma triggers or risk factors), and therefore failed 

to discover the potential connections, especially the sequential patterns among them.  

(2) Moreover, existing studies mostly depend on simple methods, e.g., regression models with 

statistical significance (i.e., p-value) reported. They lack detailed assessment of risk factors (i.e., 

relative importance), and thus are not sufficient to direct the development of asthma management 

strategies.  

(3) Most importantly, survey-based data collection methods and retrospective cohort studies 

(Table 4.1, 59.12%) are still the most pervasive methods for asthma trigger and risk factor 

analysis. Although they have some important advantages, such as facilitating the control of 

factors, they have many disadvantages including: limited access to the population of concern; 

lack of time and funding necessary to conduct large-scale studies; are not convenient for 

following trends; and respondents may not feel encouraged to provide honest answers to 

lifestyle-, psychology- and/or demography-related questions. 

Table 4.1 Existing Asthma Risk Factors / Triggers Studies 
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Methods Cat. References 
Risk factors / 

Triggers 

Case-control study 
(13.87%) 

1 
(Wang et al. 2001; Lødrup Carlsen et al. 2004; Whu et al. 2007; Bener et al. 2007; Malling et al. 2010; 
Ownby et al. 2015; Ardura-Garcia et al. 2015)  

Risk factors 

(Lakhanpaul et al. 2017) Triggers 
2 (Armentia et al. 2001; Boneberger et al. 2010) 

Risk factors 3 (Falliers 1973; Fredrickson et al. 2004; Mai et al. 2012) 

5 
(Sutherland et al. 2004) 
(Webley and Aldridge 2015) Triggers 

1 & 2 & 3 (Kamran et al. 2015) Risk factors 
1 & 2 & 3 & 4 (Mo et al. 2003) 

Triggers 
2 & 3 & 5 (Sarafino et al. 2001) 

Clinical trial study 
(1.46%) 

2 (Krieger et al. 2005) 
3 (Valizadeh et al. 2014) 

Cohort study 
(59.12%) 

1 

(Kühni and Sennhauser 1995; Collaborating group ISRDCE 1997; Sims et al. 1999; Klinnert et al. 
2002; Kozyrskyj et al. 2003; Del-Rio-Navarro et al. 2006; Lara et al. 2006; Gonzales et al. 2007; 
Arnedo et al. 2007; Dumanovsky and Matte 2007; Agache and Ciobanu 2010; Loisel et al. 2011; 
DeBaun et al. 2014; Ergöz et al. 2014; Seo et al. 2015; Rolfsjord et al. 2015; Xu et al. 2016; Greenblatt 
et al. 2017)  

Risk factors 

(Sarafino and Goldfedder 1995; Luskin et al. 2014; Braman 2017) Triggers 

2 

(Sotir et al. 2003; Quiralte et al. 2005; Uthaisangsook 2010; Andrusaityte et al. 2016; Jackson et al. 
2017) 

Risk factors 

(Weiss et al. 2001; Cabana et al. 2004; Martin et al. 2006; Shendell et al. 2007; Göksel et al. 2009; 
O’Leary et al. 2012; Banda et al. 2013; Martin et al. 2013; Dong et al. 2018) 

Triggers 

3 

(Maher et al. 2004; Kelley et al. 2005; Li et al. 2005; Devereux and Seaton 2005; Kozyrskyj et al. 2007; 
Beuther and Sutherland 2007; Acosta et al. 2008; Kozyrskyj et al. 2009; Ross et al. 2009; Hung et al. 
2010; Björkstén et al. 2011; Gudelj et al. 2012; Zedan et al. 2012; Debley et al. 2012; El-Zein et al. 
2017; Hollams et al. 2017)  

Risk factors 

(Peterson et al. 2012; Gruber et al. 2016; Alhekail et al. 2017) Triggers 

4 

(Akpinar-Elci et al. 2002; Delclos et al. 2007; Horner 2008; Kozyrskyj et al. 2008; Wendt et al. 2012; 
Hovland et al. 2015) 

Risk factors 

(Takaro et al. 2004; Ritz, Kullowatz, Bobb, et al. 2008; Turyk et al. 2013; Ritz et al. 2014; Ritz et al. 
2016; Kakumanu et al. 2017; Vazquez et al. 2017)  

Triggers 

5 
(Lukkarinen et al. 2017; Pereira et al. 2007) Risk factors 
(Sarafino and Dillon 1998) Triggers 

1 & 2 (Peroni et al. 2009) 
Risk factors 

1 & 2 & 3 (Agrawal et al. 2013) 
2 & 3 (Ritz et al. 2006; Washington et al. 2012; Price et al. 2014; Janssens and Harver 2015)  

Triggers 
2 & 3 & 4 (Ritz, Kullowatz, Kanniess, et al. 2008; Reddy et al. 2017) 

2 & 4 (Harris et al. 2017) 
2 & 4 & 5 (Chipps et al. 2018) 

2 & 5 (Janssens et al. 2017) 
3 & 4 (Warman et al. 2006) Risk factors 

Cross-sectional 
study 

(5.11%) 

1 (Higgins et al. 2005; Stridsman et al. 2017) 
Risk factors 

Triggers 
2 (Rojas Molina et al. 2001; García-Marcos et al. 2005) Risk factors 
4 (Mohammad et al. 2017) Triggers 

1 & 2 (Bener et al. 1996) Risk factors 
3 & 5 (Rank et al. 2010) Triggers 

Experiment 
(2.19%) 

1 (Polley et al. 2017; Worgall 2017) 
Risk factors 

2 
(Redlich 2010) 
(Dautel et al. 1999) Triggers 

Literature review 
(14.60%) 

1 (Howell 2008; Subbarao et al. 2009; Holt and Sly 2011; Durham et al. 2011) Risk factors 

2 
(Horner et al. 2002; Dietert 2011) Risk factors 
(Crocker et al. 2011; Gautier and Charpin 2017) Triggers 

3 
(Farber et al. 1998; Peroni et al. 2002; Reisman et al. 2006; Forno et al. 2014) Risk factors 
(Covar et al. 2005) Triggers 

4 
(Cullinan 2005; Gergen and Togias 2015) Risk factors 
(Janssens and Ritz 2013) Triggers 

1 & 2 (Toskala and Kennedy 2015; Guibas et al. 2015) Risk factors 
2 & 3 & 5 (Vernon et al. 2012) Triggers 

3 & 5 (McCarty and Ferguson 2014) Triggers 
Modeling analysis 

(2.19%) 
2 

(Liu et al. 2016) Risk factors 
(Myatt et al. 2008; Brown et al. 2014) Triggers 

Cat. = Category: 1: Biological and demographic factors; 2: Environmental factors; 3: Behavioral factors; 4: Social and psychological 
factors; 5: Inflammatory and infectious factors. 
84.7% of current studies focused on one type of asthma triggers or risk factors, 9.5% analyzed two types and only 5.8% of them studied 
more than two types of asthma triggers or risk factors. 
PubMed. Keywords: “asthma trigger(s)” or “asthma risk factor(s)”. Accessed on April 2018. 
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4.2.2 Asthma Trigger and Risk Factor Detection Using Novel Data Sources and Machine 

Learning   

In recent years, asthma-related research has broadened to include novel data sources and various 

Machine Learning techniques to deliver methods that integrate with our existing knowledge on 

asthma. Lee et al. (2011) proposed a pattern based sequential mining framework by considering 

both biological and environmental factors. This is one of the first studies that applied the 

Machine Learning paradigm in this area. Sadat et al. (2015) proposed a spatial association rule 

mining method to analyze the effect of air pollutants on asthma exacerbation. The novelties of 

this work are: adopting environmental sensing data and taking their spatial relations into account. 

Jalali et al. (2015) and Tang et al. (2015) pushed this research area forward by proposing an 

Events (i.e., life events) model to examine the effect of environmental and demographic factors 

on asthma exacerbations. Their contributions are: incorporating social media data to obtain 

patients’ life events data, adding the temporal relations of factors into the discussion, and 

computing the relative importance of asthma risk factors.  

Though interesting and promising, the results of these studies are still preliminary. They also 

share some known issues and limitations.  

(1) First, they rely heavily on traditional data collection methods (e.g., surveys or/and literature 

review) to obtain patients’ background information needed to analyze asthma triggers and risk 

factors, which can be expensive and constrained by the original/principal purpose of the data 

being collected.  
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(2) Second, there is still no comprehensive study (i.e., focus on multiple types of factors 

contributing to asthma exacerbations) and the sequential patterns of various risk factors are not 

fully understood.  

4.2.2.1 Design Science Paradigm 

The deficiencies of existing asthma trigger and risk factor analysis, coupled with the challenges 

associated with building more effective methods motivate our current work to develop a new 

data-driven framework (Lopez et al. 2006). The Design Science paradigm provides a foundation 

on which this study can be conducted and evaluated. Design Science is an outcome-based 

research methodology (Nunamaker et al. 1990). According to its definition, a design is both a 

product and a process (Hevner et al. 2004). The product is an artifact which can be broadly 

defined as a construct, method, model, or instantiation (Simon 1996). The process is a sequence 

of expert activities which is composed of the procedures taken to develop and evaluate the 

artifact (March and Smith 1995). In this study, the artifact we intend to deliver is a framework 

consisting of methods and instantiations which can be used to (i) target self-reported asthma 

patients and derive their characteristics from social media instead of using traditional survey-

based data collection methods and (ii) propose a new framework that can be used as a 

complement to traditional retrospective cohort studies and make full use of Big Data by 

integrating and repurposing data from diverse sources to help identify asthma triggers and risk 

factors, their interconnecting relations, and their relative importance. 
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4.2.2.2 Deriving User Characteristics from Social Media  

One focus of this study, as mentioned earlier, is to extract characteristics (e.g., demographic, 

behavioral, social, and psychological characteristics) of self-reported asthma patients from social 

media datasets instead of using traditional survey-based data collection methods.  

Social Media is defined as web-based services (e.g., Twitter), where users (i) have unique user 

profiles; (ii) have access to and/or provide digital content; (iii) can articulate a list of other users 

with whom they share a relational connection (Boyd and Ellison 2007; Kane et al. 2014). In this 

study, we have a particular interest in Social Media user profiles - Social Media platforms 

typically provide a unique user profile that is constructed by the user, by the members’ networks, 

and by the platform (Kane et al. 2014). Social Media user profile data have the potential for 

estimating population characteristics that may otherwise be challenging to identify.  

The availability of massive social media datasets has given rise to a growing body of work that 

uses various techniques for the measurement of population characteristics at an unprecedented 

scale (Ruths and Pfeffer 2014). This is because, despite the possible privacy issues, a lot of users 

still tend to have high self-presentation (i.e., in social interactions, people have a desire to 

control the impressions other people form of them; and people wish to create an image that is 

consistent with one's personal identity (Derlaga and Berg 1987)) and high self-disclosure (i.e., a 

process of communication by which one person consciously or unconsciously reveals personal 

information, that is consistent with the image one would like to give, about himself/herself to 

another (Dindia 2001)) on social media sites (Kaplan and Haenlein 2010). This is driven by (i) 

the desire to present themselves in cyberspace (Schau and Gilly 2003); (ii) the development of 
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close relationships (Gibbs et al. 2006); and (iii) the wish to influence other users to gain rewards 

(Andrade et al. 2002). Researchers have shown that a large proportion of social media users tend 

to show authentic, unique and stable demographic attributes that could explain their disparate 

online behaviors (Kane et al. 2014; Xiang et al. 2017).  

Hence, it is reasonable to assume that we can derive attributes of self-reported asthma patients 

from social media datasets. For example, (i) Many studies have explored ways to extract users’ 

demographic attributes from social media, including geolocation, gender, age, race/ethnicity, and 

occupation (Rao et al. 2010; Burger et al. 2011; Mislove et al. 2011; Sloan et al. 2015; Huang et 

al. 2015; Chen et al. 2015). (ii) Mounting studies show that social media data can be used as a 

source to disclose a range of behavioral patterns, for examples, work & rest schedule, eating and 

smoking habits etc. (Jamison-Powell et al. 2012; Myslín et al. 2013; Abbar et al. 2015). (iii) 

Social media users’ psychological status identification, is another interesting area of research, 

including sentimental analysis, depression detection, and satisfaction with life (Mohammad et al. 

2013; Ferguson et al. 2014; Nesi and Prinstein 2015; Fang et al. 2015). These studies 

demonstrate that social media has the potential to be a valuable source for uncovering underlying 

population characteristics. 

4.2.2.3 Identifying Asthma Risk Factors from Heterogeneous Data Sources 

As stated earlier, another focus of this study is to recognize risk factors for asthma from 

heterogeneous data sources. Because of the complexity of the asthma triggers and risk factors, 

the proposed method requires features from various different data sources - that can represent 

multiple biological, demographic, behavioral, environmental, social, psychological and 
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infectious determinants. Big Data Analytics (see definition in section 1.2.2 Big Data Analytics) 

can be considered as an important way for asthma trigger and risk factor analysis.  

4.3 Research Questions 

Based on a review of extant literature, we note that asthma trigger and risk factor analysis 

remains an open research area with many challenging issues, such as, (i) providing a 

comprehensive view of asthma triggers and risk factors, (ii) uncovering the sequential patterns 

and the relative importance of different triggers and risk factors, and (iii) deriving characteristics 

of self-reported asthma patients from novel data sources instead of using a traditional survey-

based data collection method. Given the need for advanced analysis methods and the lack of 

systems that address these challenges, an obvious necessity arises. On the basis of current 

understanding of asthma, we build on previous work to identify asthma triggers and risk factors 

using heterogeneous data sources and Machine Learning techniques. More specifically, we 

develop a new data-driven approach to examining triggers and risk factors contributing to asthma 

exacerbations. Accordingly, we propose the following research questions:  

(I) How can we identify self-reported asthma patients and derive their characteristics from social 

media, instead of using traditional survey-based data collection methods? 

(II) How can we leverage existing knowledge of asthma and make full use of Big data by 

repurposing and integrating multiple open data sources to identify asthma triggers and risk 

factors, their interconnecting relations, and their relative importance? 
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4.4 Research Design and Framework for Asthma Trigger and Risk Factor 

Analysis 

Based on our review of asthma risk factors, limitations of current studies, and the potential of 

employing heterogeneous data sources in advancing asthma trigger and risk factor analysis, we 

propose four important properties that a data-driven asthma trigger and risk factor analysis 

framework should possess. It should (i) leverage existing knowledge regarding asthma and 

identify multiple types of asthma triggers and risk factors; (ii) exhibit the ability to determine 

their relative importance; (iii) incorporate heterogeneous and autonomous data sources that 

contain useful information; (iv) derive characteristics of self-reported asthma patients from novel 

data sources instead of using traditional survey-based data collection methods.  

In this study, we propose a new method to build a comprehensive asthma trigger and risk factor 

analysis system which encompasses a framework for heterogeneous data processing, asthma 

trigger and risk factor extraction, and factor importance determination. We report on an 

empirical study using 3 years of social media, environment sensor, socioeconomic and outpatient 

illness surveillance data from the US. Figure 4.2 shows the proposed research framework and its 

comparison with retrospective cohort studies. Components of the framework are elaborated in 

the following subsections. 
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Figure 4.2 Asthma Trigger and Risk Factor Analysis Framework 

4.4.1 Heterogeneous and Open Data Sources  

The data for this study come from four sources: social media data, environmental sensor data, 

socioeconomic census data, and outpatient illness surveillance data. Here we list the data sources 

used and explain our choice of datasets. These datasets are collected for a period of 3 years from 

January 2013 to December 2016. In the following subsections, we describe the features extracted 

from these data sources, and how they are used. 
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4.4.1.1 Social Media Data   

Asthma-related Twitter Stream Data: Twitter makes it convenient to collect data by providing 

APIs to access large volumes of user-filled text as well as automatically generated data (e.g., 

content creation time and geolocation). We collect a large dataset from Twitter using its 

streaming API to include tweets containing one or more of 19 asthma-related keywords (e.g., 

asthma, inhaler and wheezing etc.) that are suggested by medical asthma specialists (see section 

3.3.1.2 Twitter Data). 

Self-reported Asthma Patients’ Twitter Data: Self-reported asthma patients (e.g., those who 

stated they had asthma attacks or asthma-related problems or report the use of inhalers) are 

identified from the asthma-related streaming datasets (described in a later section). For each 

individual, two types of data are collected. (i) User profiles, from which we extract users’ 

demographic information (Table 4.2 and Figure 4.3). (ii) Archived tweets, the entire set of tweets 

for each individual, from which we derive users’ behavior information. 

Table 4.2 Twitter User Profile Fields  and Tweet Fields  Description 

Profile Field  Type Description 
id Int The unique identifier for a user. 
name String The name of the user, as they’ve defined it. 
screen_name String The screen name or handle that users identify themselves with. 
url String A URL provided by the user in association with their profile. 
description String The user-defined UTF-8 string describing their account.  
location String The user-defined location for this account’s profile.  
time_zone String A string describing the Time Zone.  

coordinates 
Longitude, 
Latitude 

The geographic location reported by the user or client application. 

profile_image_url String A HTTP-based URL pointing to the user’s profile image. 
created_at String UTC time when a Tweet is created. 
text String The UTF-8 text of the Tweet status update. 
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Figure 4.3 Twitter User Profile Example 

4.4.1.2 Environmental Sensor Data  

Local air quality and weather conditions affect how people live and breathe. The effects of 

environmental factors on asthma exacerbations have consistently been identified in previous 

studies.  

Local Weather Data: The daily average weather conditions, including: temperature, dew point, 

humidity, winds, sky condition, weather type, atmospheric pressure and more are collected from 

the US National Centers for Environmental Information (NCEI) database4. This database 

provides a record of values for a specific weather station over a specific day (Menne et al. 2012). 

                                                 

4 https://www.ncdc.noaa.gov/data-access/quick-links 
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A weather station can be recognized by its identifier: WBAN5 (with location, latitude, longitude).   

Outdoor Air Quality Data: Air quality (or air pollution) data are collected from the US 

Environmental Protection Agency (EPA) databases6. This database contains measures of six 

types of pollutants, i.e., particulate matter (PM2.5 and PM10), ground-level Ozone (O3), carbon 

monoxide (CO), sulfur oxides (SO2), nitrogen oxides (NO2), and lead (Pb). Indicators, such as 

air quality indexes (AQI) and Concentration values, associated with these pollutants are 

collected. The data are available as hourly/daily average values. The higher the indicator value, 

the greater the level of air pollution and the greater the health concern (EPA 2014). Also, we are 

able to get the Air Quality System Site ID. A Site ID is associated with a specific location (with 

latitude and longitude).  

4.4.1.3 Socio-Economic Census Data 

A number of studies call our attention to the relationship between people’s social position and 

asthma exacerbation. To prevent an asthma attack, individuals should have logistical, financial, 

and cultural access to environments that encourage good asthma management practices. Hence 

we also included a number of social economic data sources in our study. 

Economic Research Service Data: US Economic Research Service (ERS) is a principal agency 

                                                 

5 WBAN stands for Weather-Bureau-Army-Navy, a five-digit station identifier used at NCEI for digital data storage 
and general station identification purposes 

6 https://www.epa.gov/outdoor-air-quality-data/download-daily-data 
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which provides nationwide censuses on various socioeconomic topics. In this study, we are 

interested in several vital social and economic factors, including unemployment rate, median 

household income, education levels, and poverty rate estimates. We collect these data from the 

ERS database7, along with county-level rural/urban codes (with polygon coordinates). 

County Health Rankings & Roadmap: County Health Rankings & Roadmap provides a 

summary of diverse health-related census data8. We collect population-level data on health 

behavior that may have a relationship with asthma exacerbation, including tobacco use, diet & 

exercise, alcohol & drug use, and others. Also, we identify critical health care indicators, which 

reveal accessibility to health services and the quality of healthcare in a particular geographic 

region. Along with these data, the Federal Information Processing Standards (FIPS) codes, which 

uniquely identify counties in the US (i.e., polygon coordinates), are also collected.  

4.4.1.4 Outpatient Illness Surveillance Data 

Rhinovirus and influenza virus infection can be more severe for asthmatic patients, even if their 

asthma is properly controlled by medication. Previous studies show that respiratory infections 

can trigger asthma exacerbations and worsen asthma symptoms. 

                                                 

7 https://www.ers.usda.gov/data-products/ 

8 http://www.countyhealthrankings.org/ 
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Influenza-Like Illness Surveillance Data: The US Outpatient Influenza-like Illness 

Surveillance Network (ILINet)9 collect and share influenza-like illness (ILI, i.e., possible 

influenza or other illness causing a set of common symptoms) information on patient visits to 

health-care providers. We are especially interested in the ILI activity level (i.e., a proportion of 

outpatient visits to healthcare providers) within a state. The data is provided on a weekly basis 

and state name is given for geolocation identification. 

Weekly US Influenza Surveillance Report: The CDC Weekly Influenza Surveillance Report10 

provides an outline of the National and Regional Summary of Select Surveillance Components. 

We collect the percentage of respiratory specimens of outpatients that are positive for flu in 

clinical laboratories. The collected data distinguish between influenza infections and other 

illness. The data is reported on a weekly basis and organized by 10 regions15.  

4.4.2 Identifying Self-Reported Asthma Patients on Social Media 

As we described in the previous section, we use a list of asthma-related keywords to generate a 

large asthma Twitter stream dataset albeit with a lot of noise embedded in it. There are mainly 

three types of noise (see section 2.1 and examples in Figure 2.1).  

To identify potential asthma patients, a proper signal extraction process is essential for producing 

                                                 

9 https://gis.cdc.gov/grasp/fluview/main.html 

10 https://www.cdc.gov/flu/weekly/index.htm 
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robust results because all of these types of noise need to be identified and removed. In essay 1 

(section 2), we propose an efficient framework combining Natural Language Processing, 

Machine Learning and Domain Adaptation techniques to extract signal from social media text 

(Figure 2.2).  

The proposed method is tested using several large real-world datasets from social media and 

outperforms other baseline methods by a large margin. After using this method, the correlation 

between aggregated asthma stream data and the actual US adult asthma prevalence (CDC 2017a) 

is significantly improved from 30.3% to 69.2% (Table 2.7), which demonstrated the 

effectiveness of proposed framework. So it is reasonable to assume that the extracted signals do 

reflect actual self-reported asthma afflictions. In this work, after applying the signal extraction 

process, we identify potential asthma patients from this cleaned dataset. The following criteria 

are developed to identify Twitter users as self-reported asthma patients: (i) Required condition: 

the tweets need to state that the individual has asthma or had an asthma attack recently; 

Supporting conditions: tweets need to indicate severe difficulty in breathing as part of a discrete 

attack, shortness of breath, night time coughing with duration greater than one month; family 

history, or childhood history. Or, (ii) Required condition: the tweets indicated the use of an 

inhaler. Supporting condition: tweets indicate no illicit drug use either stated or implied.  

4.4.3 Deriving Characteristics of Self-Reported Asthma Patients from Social Media 

In this section, we describe methods to analyze social media data to automatically derive 

characteristics of potential asthma patients.  
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Figure 4.4 Two-Stage Model to Derive User Characteristics from Social Media 

For many years, research has depended on traditional data collection methods (e.g., survey) to 

obtain patients’ background information needed to analyze asthma triggers and risk factors, 

making large-scale research prohibitively expensive and slow. Social media data, on the other 

hand, can reveal demographic characteristics and continuous signals of behavior. However, the 

effort associated with the cleaning and preparation is not trivial. We propose an advanced two-

stage classification model to automatically derive information that is vital for asthma trigger and 

risk factor analysis (Figure 4.4). 
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4.4.3.1 Stage 1, Distant Supervision  

 

Adapted from (Bird et al. 2009) 

Figure 4.5 Distant Supervision Learning and Prediction Process 

One of the major obstacles to extracting patients’ characteristics from social media data is the 

lack of annotated datasets that provide ground truth for classification. The annotation process is 

extremely expensive, so the number of annotated samples tend to be very small compared to the 

number of data records in reality. In Machine Learning research, Distant Supervision is a 

subclass of semi-supervised learning where a classifier is trained given a weakly labeled (i.e., 

labels are incomplete or partially known) training dataset or existing knowledge base instead of 

manually labeled data (Craven and Kumlien 1999). It generates training data automatically by 

aligning existing knowledge and predicts labels for unseen data. Although Distant Supervision 

models are trained in the presence of weak labels, they can make a prediction with competitive 

accuracy compared to supervised learning. Most importantly, they have the ability to scale well 
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for large datasets (Go et al. 2009).  

In this study, we develop new Distant Supervision models for social media user characteristics 

extraction, where the models are learned given automatically labeled training sets (i.e., weak 

labels) based on biographical characteristics to avoid labor-intensive data annotation (Figure 

4.5). We describe the knowledge base used, the weak label extracted and the learning target (i.e., 

label predicted for each characteristic of social media user).  

As stated previously, two types of data for any identified individual asthma patient are collected: 

user profile and archived tweets. We extract demographics from their social media user profile 

and behavioral information from their archived tweets. 

The following demographic attributes (i.e., the learning target of each distant supervision task) 

are gleaned from user profile data.  

(a) Geographic Location: By using Nominatim11 as the knowledge base, the geographic 

location of each self-reported asthma patient can be identified via three Twitter user profile 

fields: coordinates (e.g., {-97.510, 35.465}), location (e.g., "San Francisco, CA") and time_zone. 

For the latter two, there are considerable ambiguities, e.g., “I am somewhere on the earth”. 

Geolocation extraction is performed by using (i) latitude and longitude mapping and (ii) Distant 

Supervision using state names or postal abbreviations on the US states, e.g., Arizona or AZ), 

                                                 

11 https://wiki.openstreetmap.org/wiki/Nominatim 
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county (e.g., Pima) and city names (e.g. Tucson) as weak labels. Users’ self-reported time zones 

are used to distinguish different cities with the same name.  

(b) Gender: Studies have shown gender differences in the prevalence of asthma. We rely on two 

Twitter user profile fields to detect gender: name and screen_name, which could potentially be a 

user’s real name with high probability. The most popular given names for male and female 

babies (top 3,000), as reported by the US Social Security Administration12 (i.e., serves as the 

knowledge base), born during 1940-2016 are collected as the natural weak labels for gender 

detection (Mislove et al. 2011). We remove names that are in both male and female lists because 

they lack distinguishing capability.  

(c) Race: The genetic variants between racial groups may explain additional risk, e.g., Hispanic 

population exhibited much higher asthma admission histories (Hunninghake et al. 2006). We 

employ users’ self-reported last name to infer their racial groups (Wong et al. 2010). We collect 

weak labels from the US Census 200013 (i.e., to serve as the knowledge base), which summarizes 

the distribution of races for last names (Mislove et al. 2011). For example, the last name “Wood” 

is observed to correspond to Caucasians 90.06% of the time, African American 5.61%, Asian & 

Pacific Islander 0.51%, American Indian 0.82%, and Hispanics 1.6%. So the weak label of the 

race detection task for the last name “Wood” is assigned as “Caucasians”.  

                                                 

12 https://www.ssa.gov/oact/babynames/ 

13 https://www.census.gov/topics/population/genealogy/data/2000_surnames.html 
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(d) Age group: In this study, we classify users into two major demographic groups - below 20 or 

above 20. This binary classification is useful because studies show that asthma is more common 

among females than males after puberty (Almqvist et al. 2008). We depend on two Twitter user 

profile fields to discover their age groups: description and url. Many users include their age in 

the description field and linked their LinkedIn profiles or home pages (where one may reveal 

his/her age) in the url field (Rao et al. 2010).  

(e) Occupation: Certain occupational factors, such as chemicals used in farming and 

hairdressing are asthma risk factors. We extract one’s occupation by fuzzy searching (i.e., 

flexible matching) the description field for occupations that are included in the US Occupational 

Employment Statistics (OES) list14 (i.e., serves as the knowledge base). The description field in 

some cases may contain more than one occupation. We only include the first one assuming it 

most likely represents the primary appointment (Sloan et al. 2015). 

Next, we derive behavioral attributes from the archived tweets of identified asthma patients.  

(f) Sentiment Profile: Strong emotions and emotional reactions can be asthma risk factors. 

One’s sentiment profile can be used to monitor his/her stress level and emotional state (Liu et al. 

2017). In this study, the sentiment is defined as an individual’s positive or negative feeling. We 

use emoticons as weak labels (e.g., positive: , :D etc.; negative: , :-( etc.). A sentiment profile 

is defined as one’s collective sentiments: 𝑠 = ∑ 𝑡 − 𝑡  - for individual 𝒊, there are m 

                                                 

14 https://www.bls.gov/oes/current/oes_stru.htm#00-0000 
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tweets in day d, where 𝒕 stands for a single tweet, p is positive and n is negative.  

(g) Work-rest Schedule: Irregular work-rest rhythms may exacerbate asthma. We examine 

users’ work-rest schedule by recording their active periods on Twitter. The timestamp (i.e., the 

created_at Tweet field) associated with each archived tweet is the natural weak label for this 

task. Activities during 12:00 am to 5:00 am are recorded as an irregular rest-work status.  

(h) Other Behavioral Patterns: Other behaviors, such as smoking, excessive drinking, 

medication-taking, or physical exercise, are associated with asthma exacerbations. Related 

behavioral keywords are used as weak labels and Information Extraction techniques are used to 

detect such behaviors in the text Tweet field.   

4.4.3.2 Stage 2, Appearance-Based CNN Profile Image Classification Model  

In Machine Learning, Convolutional Neural Network (CNN) is a class of Deep Neural Network 

(DNN) and is suitable for image analysis (Lecun et al. 1998). CNN uses special architectures 

(three basic ideas: local receptive fields, shared weights, and pooling) which are particularly 

well-adapted for image classification. Facial images (e.g., social media profile images) and CNN 

have been successfully combined for demographic attributes detection (Levi and Hassner 2015; 

Liu et al. 2015). 

In this study, demographic attributes are extracted using weakly labeled data, although scalability 

and efficiency are desirable, they are not without disadvantages (see more discussion in later 

session 3.4 Analysis and Results). Hence, to take advantage of all of the useful and available 

data, we propose a CNN profile image classification model to enhance the model’s detection 
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ability to identify gender, race and age group, to significantly boost the accuracy of our proposed 

model.  

Stage 1 and Stage 2 results are linearly combined for attribute classification 

𝑦 = 𝑎𝑟𝑔𝑚𝑎𝑥
∑ ( )

   ( 4-1 ) 

where Pr – stands for probability. 

SVM classifier is employed for Distant Supervision classification. (It does not provide 

probability estimates directly; probabilities are calculated using 5-fold cross-validation). For 

gender detection 𝑦𝜖{𝑚𝑎𝑙𝑒, 𝑓𝑒𝑚𝑎𝑙𝑒}, for the age detection 𝑦𝜖{≤ 20, > 20}, and for the race 

detection 𝑦𝜖{caucasians, african american, asian & pacific islander, american indian, hispanics}  

  

Figure 4.6 Appearance-Based Profile Image Classification 

Appearance-based CNN profile image classification model consists of three steps (Figure 4.6). 

(1) Profile image collection: Over 90% of social media users display their own profile images 

CNN Image Classification Profile Image Collection 
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publicly (Strano 2008). We collect users’ Twitter profile images (400px*400px) according to the 

Twitter user profile field profile_image_url.  

(2) Face alignment. Cascade Classification from OpenCV (Bradski 2000) – an open source 

library with optimized algorithms for image analysis, is applied for facial recognition in profile 

images.  

(3) CNN image classification: Adapting state-of-the-art techniques, we build a CNN profile 

image classification model. The network architecture is elaborated in (Rothe et al. 2015). The 

model is trained on IMDB-WIKI face images dataset15 with age and gender labels (Rothe et al. 

2016). Since the dataset is derived from celebrities’ images on IMDb and Wikipedia, we further 

obtain race labels crawled from their profiles on Wikipedia when they are available. 

4.4.4 Repurposing, Integrating and Analyzing Heterogeneous Data with Varied Spatial-

Temporal Resolutions 

Due to the complexity of asthma triggers and risk factors, the proposed method requires signals 

from multiple heterogeneous data sources and the capability to process data with a wide range of 

temporal (as is shown in Table 4.3, e.g., minute, hour, day, week, month or year) and spatial 

granularities (as is shown in Table 4.3 and Table 4.4, including point and polygon coordinates). 

The following steps are taken to integrate the highly heterogeneous data.  

                                                 

15 https://data.vision.ee.ethz.ch/cvl/rrothe/imdb-wiki/ 
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(1) Spatially, the point coordinates are interpolated to polygon coordinates at the county level by 

applying Geometric Inference. Geometric Inference is a subclass of Computational Geometry. 

The question relevant to this study is the Point-in-Polygon problem, which is to ascertain if a 

discrete point lies within a particular polygon (Laurini and Thompson 1992). For instance, we 

may have a set of point coordinates representing the location of environmental sensors which 

need to be combined with socioeconomic census data that are available by areas (i.e., with 

polygon coordinates). Point-in-Polygon operation identifies which of the point coordinates fall 

into which polygon coordinates. To accomplish this, we adapt the Ray casting algorithm 

(Shimrat 1962). In this research, we define a ray 𝑅, let 𝑅 cast from the test point coordinates that 

serves as the origin of 𝑅. Define 𝑃 (𝑖 = 1, ⋯ , 𝑙) as the edges of the polygon (e.g., polygon 

coordinates of a county). Compute the intersections 𝑛 = 𝑅 ∩ 𝑃 , if 𝑛 = 2𝑘 + 1 (𝑘 ∈ 𝑁) then 

point-in-polygon is true. Figure 4.7 shows an example of Ray casting algorithm used in this 

study. 
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Adapted from (Laurini and Thompson 1992) 

Figure 4.7 Illustration of the Ray Casting Algorithm 

(2) Temporally, all data are gathered from the same time period (2013 - 2016). All data records 

are aggregated (i.e., minutely and hourly data) or decomposed by day (all other data except 

minutely, hourly and daily data).  

(3) For real-valued factors, three features are extracted when feasible: 𝑓 , 𝑓 , and  𝑓 . 

We also compute the relative differences for weather factors, e.g., 𝑓  indicates the absolute 

temperature difference between the average of the current day (a day with an asthma 

exacerbation) and the average of three days before the current day. In addition, the cumulative 

mean of pollutants and temperature are also computed, e.g., 𝑓 ( ) represents the cumulative 

mean of NO2 for three days. Besides the actual values, we also convert them from numerical to 

categorical values (high, middle and low) based on the first (Q1) and third quartiles (Q3), e.g., 

𝑓  [ ] indicates that the average temperature experienced by an asthma patient on a 
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particular day is above Q3 of the temperature (in the top 25th percentile of temperature range) 

for that patient’s county .  

In total, we extract 270 individual asthma triggers or risk factors, shown in Table 4.3. 

Table 4.3 Asthma Triggers / Risk Factors and Extracted Features 

Factor 
Data 

Type / 
Value 

Features Cat. 
Data  

Source 

Original 
Temporal 

Granularity 

Original 
Spatial 

Granularity 

Gender M;F† 𝑓  1 
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ia
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r 
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fil

e
 -  Point 

Race C;B;A;I;H§ 𝑓  1 -  Point 

Age Group <=20:>20 𝑓  1 -  Point 

Occupation {Occupations} 𝑓  4 -  Point 

Sentiment Profile {0.0-1.0} 𝑓  where 𝑥 ∈ {[ℎ𝑖𝑔ℎ, 𝑚𝑖𝑑𝑑𝑙𝑒, 𝑙𝑜𝑤]} 4 
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o
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a

l M
e
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ia

 
A
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d
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w
e

e
ts

 

Minute Point 
Irregular Work-

Rest 
True; False 𝑓  3 Minute Point 

Smoking True; False 𝑓  3 Minute Point 

Drinking True; False 𝑓  3 Minute Point 

Medication True; False 𝑓  3 Minute Point 
Exercise True; False 𝑓  3 Minute Point 

Other Behaviors - 𝑓  3 Minute Point 

Temperature Floating 
𝑓  where 𝑥 ∈

{𝑚𝑖𝑛, 𝑚𝑎𝑥, 𝑚𝑒𝑎𝑛, 1,3,5, (+1), (+3), (+5) [ℎ𝑖𝑔ℎ, 𝑚𝑖𝑑𝑑𝑙𝑒, 𝑙𝑜𝑤]} 
2 

L
o

ca
l W

e
a

th
er

 D
a

ta
 

Hour Point 

Dew Point Floating 𝑓  2 Day Point 

Sky Condition Enumerated  𝑓 _  where 𝑥 ∈ {𝑠𝑒𝑒 𝑛𝑜𝑡𝑒‡} 2 Day Point 

Humidity Floating 𝑓  where 𝑥 ∈ {𝑚𝑒𝑎𝑛, [ℎ𝑖𝑔ℎ, 𝑚𝑖𝑑𝑑𝑙𝑒, 𝑙𝑜𝑤]} 2 Hour Point 

Snow Depth Floating 𝑓  where 𝑥 ∈ { 𝑚𝑒𝑎𝑛, [ℎ𝑖𝑔ℎ, 𝑚𝑖𝑑𝑑𝑙𝑒, 𝑙𝑜𝑤]} 2 Day Point 
Snow Fall True; False 𝑓  2 Day Point 

Precipitation Floating 𝑓  where 𝑥 ∈ { 𝑚𝑒𝑎𝑛, [ℎ𝑖𝑔ℎ, 𝑚𝑖𝑑𝑑𝑙𝑒, 𝑙𝑜𝑤]} 2 Day Point 

Precipitation Flag True; False 𝑓  2 Day Point 

Temperature 
Departure 

Floating 𝑓  where 𝑥 ∈ { 𝑚𝑒𝑎𝑛, [ℎ𝑖𝑔ℎ, 𝑚𝑖𝑑𝑑𝑙𝑒, 𝑙𝑜𝑤]} 2 Day Point 

Heat (>65F)  𝑓  where 𝑥 ∈ { 𝑚𝑒𝑎𝑛, [ℎ𝑖𝑔ℎ, 𝑚𝑖𝑑𝑑𝑙𝑒, 𝑙𝑜𝑤]} 2 Day Point 
Cool (<65F)  𝑓  where 𝑥 ∈ { 𝑚𝑒𝑎𝑛, [ℎ𝑖𝑔ℎ, 𝑚𝑖𝑑𝑑𝑙𝑒, 𝑙𝑜𝑤]} 2 Day Point 

Wind Speed Floating 𝑓 _  where 𝑥 ∈ { 𝑚𝑒𝑎𝑛, [ℎ𝑖𝑔ℎ, 𝑚𝑖𝑑𝑑𝑙𝑒, 𝑙𝑜𝑤]} 2 Day Point 

Direction of Wind Enumerated  𝑓 _  2 Day Point 

PM2.5 AQI Integer 
𝑓  where 𝑥 ∈

{𝑚𝑒𝑎𝑛, (+1), (+3), (+5), [ℎ𝑖𝑔ℎ, 𝑚𝑖𝑑𝑑𝑙𝑒, 𝑙𝑜𝑤]} 
2 Day Point 

PM10 AQI Integer 
𝑓  where 𝑥 ∈

{𝑚𝑒𝑎𝑛, (+1), (+3), (+5), [ℎ𝑖𝑔ℎ, 𝑚𝑖𝑑𝑑𝑙𝑒, 𝑙𝑜𝑤]}  
2 Day Point 

O3 AQI Integer 
𝑓  where 𝑥 ∈

{𝑚𝑒𝑎𝑛, (+1), (+3), (+5), [ℎ𝑖𝑔ℎ, 𝑚𝑖𝑑𝑑𝑙𝑒, 𝑙𝑜𝑤]}  
2 
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Day Point 

CO AQI Integer 
𝑓  where 𝑥 ∈

{𝑚𝑒𝑎𝑛, (+1), (+3), (+5), [ℎ𝑖𝑔ℎ, 𝑚𝑖𝑑𝑑𝑙𝑒, 𝑙𝑜𝑤]}  
2 Day Point 

SO2 AQI Integer 
𝑓  where 𝑥 ∈

{𝑚𝑒𝑎𝑛, (+1), (+3), (+5), [ℎ𝑖𝑔ℎ, 𝑚𝑖𝑑𝑑𝑙𝑒, 𝑙𝑜𝑤]}  
2 Day Point 

NO2 AQI Integer 
𝑓  where 𝑥 ∈

{𝑚𝑒𝑎𝑛, (+1), (+3), (+5), [ℎ𝑖𝑔ℎ, 𝑚𝑖𝑑𝑑𝑙𝑒, 𝑙𝑜𝑤]}  
2 Day Point 

Pb AQI Integer 
𝑓  where 𝑥

∈ {𝑚𝑒𝑎𝑛, (+1), (+3), (+5), [ℎ𝑖𝑔ℎ, 𝑚𝑖𝑑𝑑𝑙𝑒, 𝑙𝑜𝑤]} 
2 Day Point 

PM2.5 C Floating 
𝑓  where 𝑥 ∈

{𝑚𝑒𝑎𝑛, (+1), (+3), (+5), [ℎ𝑖𝑔ℎ, 𝑚𝑖𝑑𝑑𝑙𝑒, 𝑙𝑜𝑤]} 
2 Hour Point 

PM10 C Floating 
𝑓  where 𝑥 ∈

{𝑚𝑒𝑎𝑛, (+1), (+3), (+5), [ℎ𝑖𝑔ℎ, 𝑚𝑖𝑑𝑑𝑙𝑒, 𝑙𝑜𝑤]} 
2 Hour Point 

O3 C Floating 
𝑓  where 𝑥 ∈

{𝑚𝑒𝑎𝑛, (+1), (+3), (+5)[ℎ𝑖𝑔ℎ, 𝑚𝑖𝑑𝑑𝑙𝑒, 𝑙𝑜𝑤]} 
2 Hour Point 

CO C Floating 
𝑓  where 𝑥 ∈

{𝑚𝑒𝑎𝑛, (+1), (+3), (+5), [ℎ𝑖𝑔ℎ, 𝑚𝑖𝑑𝑑𝑙𝑒, 𝑙𝑜𝑤]} 
2 Hour Point 

SO2 C Floating 
𝑓  where 𝑥 ∈

{𝑚𝑒𝑎𝑛, (+1), (+3), (+5), [ℎ𝑖𝑔ℎ, 𝑚𝑖𝑑𝑑𝑙𝑒, 𝑙𝑜𝑤]} 
2 Hour Point 

NO2 C Floating 
𝑓  where 𝑥 ∈

{𝑚𝑒𝑎𝑛, (+1), (+3), (+5), [ℎ𝑖𝑔ℎ, 𝑚𝑖𝑑𝑑𝑙𝑒, 𝑙𝑜𝑤]} 
2 Hour Point 

Pb C Floating 
𝑓  where 𝑥 ∈

{𝑚𝑒𝑎𝑛, (+1), (+3), (+5), [ℎ𝑖𝑔ℎ, 𝑚𝑖𝑑𝑑𝑙𝑒, 𝑙𝑜𝑤]} 
2 Hour Point 
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Unemployment 
Rate 

Percentage 𝑓  where 𝑥 ∈ {[ℎ𝑖𝑔ℎ, 𝑚𝑖𝑑𝑑𝑙𝑒, 𝑙𝑜𝑤]} 4 Year Polygon 

Median 
Household 

Income 
Integer 𝑓 _  where 𝑥 ∈ {[ℎ𝑖𝑔ℎ, 𝑚𝑖𝑑𝑑𝑙𝑒, 𝑙𝑜𝑤]} 4 Year Polygon 

Education 
(>College) 

Percentage 𝑓  where 𝑥 ∈ {[ℎ𝑖𝑔ℎ, 𝑚𝑖𝑑𝑑𝑙𝑒, 𝑙𝑜𝑤]} 4 
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Year Polygon 

Education (<High 
School) 

Percentage 𝑓  where 𝑥 ∈ {[ℎ𝑖𝑔ℎ, 𝑚𝑖𝑑𝑑𝑙𝑒, 𝑙𝑜𝑤]} 4 Year Polygon 

Poverty Rate Percentage 𝑓  where 𝑥 ∈ {[ℎ𝑖𝑔ℎ, 𝑚𝑖𝑑𝑑𝑙𝑒, 𝑙𝑜𝑤]} 4 Year Polygon 

Tobacco Use Percentage 𝑓  where 𝑥 ∈ {[ℎ𝑖𝑔ℎ, 𝑚𝑖𝑑𝑑𝑙𝑒, 𝑙𝑜𝑤]} 3 Year Polygon 
Food Environment 

Index 
Integer 𝑓 _  _  where 𝑥 ∈ {[ℎ𝑖𝑔ℎ, 𝑚𝑖𝑑𝑑𝑙𝑒, 𝑙𝑜𝑤]} 3 Year Polygon 

Physical Inactivity Percentage 𝑓 _  where 𝑥 ∈ {[ℎ𝑖𝑔ℎ, 𝑚𝑖𝑑𝑑𝑙𝑒, 𝑙𝑜𝑤]} 3 
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Alcohol Use Percentage 𝑓  where 𝑥 ∈ {[ℎ𝑖𝑔ℎ, 𝑚𝑖𝑑𝑑𝑙𝑒, 𝑙𝑜𝑤]} 3 Year Polygon 

Drug Use Percentage 𝑓  where 𝑥 ∈ {[ℎ𝑖𝑔ℎ, 𝑚𝑖𝑑𝑑𝑙𝑒, 𝑙𝑜𝑤]} 3 Year Polygon 

Access to Health 
Services 

Ratio 𝑓 _ _  where 𝑥 ∈ {[ℎ𝑖𝑔ℎ, 𝑚𝑖𝑑𝑑𝑙𝑒, 𝑙𝑜𝑤]} 4 Year Polygon 

Quality of 
Healthcare 

Integer 𝑓 _  where 𝑥 ∈ {[ℎ𝑖𝑔ℎ, 𝑚𝑖𝑑𝑑𝑙𝑒, 𝑙𝑜𝑤]} 4 Year Polygon 

ILI Activity Level Integer 𝑓 _ _  where 𝑥 ∈ {[1,10]}* 5 
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Week Polygon 

ILI Activity Level 
Label 

Enumerated 
𝑓 _ _  where 𝑥 ∈

{[𝑖𝑛𝑠𝑢𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 𝑑𝑎𝑡𝑎, 𝑚𝑖𝑛𝑖𝑚𝑎𝑙, 𝑙𝑜𝑤, 𝑚𝑜𝑑𝑒𝑟𝑎𝑡𝑒, ℎ𝑖𝑔ℎ]}# 
5 Week Polygon 

% Respiratory 
Specimens 

(Positive for Flu) 
Percentage 𝑓 _  where 𝑥 ∈ {[ℎ𝑖𝑔ℎ, 𝑚𝑖𝑑𝑑𝑙𝑒, 𝑙𝑜𝑤]} 5 Week Polygon 

Factors: AQI: Air Quality Indexes; C: Concentration Values; ILI: Influenza-Like Illness 
Value: †: M: male; F: female;  
§: C: Caucasians; B: African America; A: Asian & Pacific Islander; I: American Indian; H: Hispanics 
‡: Sky Condition: FG-Fog, ice fog, or freezing fog (may include heavy fog); TS-Thunder; PL-Ice pellets, sleet, snow pellets or small hail; GR-
Hail (may include small hail); GL-Glaze or rime; DU-Dust, volcanic ash, blowing dust, blowing sand or blowing obstruction; HZ-Smoke or haze; 
BLSN-Blowing or drifting snow; FC-Tornado, water spout or funnel cloud; WIND-High or damaging winds; BLPY-Blowing spray; BR-Mist; 
DZ-Drizzle; FZDZ-Freezing drizzle; RA-Rain; FZRA-Freezing rain; SN-Snow, snow pellets, snow grains or ice crystals; UP-Unknown 
precipitation; MIFG-Ground fog; FZFG-Ice fog or freezing fog 
*: The 10 activity levels correspond to the number of standard deviations, at or above the mean for the current week compared with the mean of 
the non-influenza weeks. 
#: 10 activity levels classified as minimal (levels 1-3), low (levels 4-5), moderate (levels 6-7), and high (levels 8-10) 
Cat. = Category: 1: Biological and demographic factors; 2: Environmental factors; 3: Behavioral factors; 4: Social and psychological factors; 5: 
Inflammatory and infectious factors  

4.4.5 Asthma Trigger and Risk Factors Assessment with Relative Importance 

In this section, we describe methods to discover the relationships among asthma risk factors and 

determine their relative importance.  

First, we analyze features by adapting Sequential Pattern Mining (SPM) to find the statistically 

relevant triggers and risk factors where they appear or occur in a chronological sequence. The 

extracted sequential patterns are as part of the input of Random Forest for the relative importance 

analysis of asthma triggers and risk factors (see Figure 4.8). SPM is one of the major Machine 

Learning approaches for detection of frequent subsequences in a set of data records, where all 

records are ordered events, to identify the relevant patterns (Mabroukeh and Ezeife 2010). In this 
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study, we adapt SPM for feature extraction. A feature is defined as a representative sequence of 

asthma triggers or risk factors - that appears with a frequency of no less than a specified 

threshold (Han et al. 2007). We use an efficient and state-of-the-art method called PrefixSpan 

(Pei et al. 2001). One significant advantage of this method is that it works in a recursive and 

divide-and-conquer way, making it easier for parallel implementation. 

This analysis is important because asthma patients may be exposed to multiple triggers or risk 

factors in chronological orders, therefore it is necessary to investigate the sequential effects of 

risk factors on asthma exacerbation. Here we explain the learning problem of SPM in our 

research setting. We identify an individual asthma patient as 𝑷𝒊. An asthma trigger or risk factor 

in day d is defined as 𝒇𝒕
𝒅, where 𝒕 is a feature type, e.g., 𝑓  indicates the feature: 

temperature. Let 𝑭𝑷𝒊
= { 𝒇𝒕

𝒅𝟏,  𝒇𝒕
𝒅𝟐, ⋯ ,  𝒇𝒕

𝒅𝒏}  ( 4-2 ) be a set of all risk factors associated 

with patient 𝑷𝒊,  

𝑭𝑷𝒊
= { 𝒇𝒕

𝒅𝟏,  𝒇𝒕
𝒅𝟐, ⋯ ,  𝒇𝒕

𝒅𝒏}  ( 4-2 ) 

where 𝒅𝟏 ≼ 𝒅𝟐 ⋯ ≼ 𝒅𝒏 indicates a chronological order relation of the feature values.  

A sequence database 𝓢 can be defined as below 

𝓢 = {𝑭𝑷𝟏
, 𝑭𝑷𝟐

, ⋯ , 𝑭𝑷𝒎
}.   ( 4-3 ) 

A factor-set is a subset of 𝑭𝑷𝒊
. A sequence 𝜶 is an ordered list of a factor-set. Given a positive 

number 𝝃 as the support threshold, a sequence 𝜶 is defined as a frequent sequential pattern in 

sequence dataset 𝓢. So given a sequence database and a min_support threshold 𝝃𝒎𝒊𝒏, the 
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problem of sequential pattern mining in our current research setting is to find the complete set 

of frequent sequential patterns {𝜶} in the database 𝓢.  

We use Random Forest (RF) (Breiman 2001) to measure feature importance based on the 

decrease in average feature impurity. Random Forest, an ensemble based Machine Learning 

method, is one of the most powerful algorithms for classification. Random Forest fits a number 

of Decision Tree classifiers (Han et al. 2011) on various subsamples of the dataset and uses 

averaging to improve the predictive accuracy and control over-fitting. It can combine weak 

learners with strong learners, provide improved performance, and result in better scalability 

using fewer hyper-parameters (i.e., values are set before the learning process begins). It also 

provides a natural way to measure feature importance as the average feature impurity decreases 

(Strobl et al. 2007). There are two advantages of using Random Forest in this study. (i) As shown 

in Table 4.3, asthma risk factors have a large range of values of different data types. As a tree-

based ensemble algorithm, Random Forest is helpful for integrating different data types and does 

not mandate any feature scaling. (ii) Certain features may be closely related to each other, e.g., 

the increase in precipitation (i.e., 𝑓 ) generally increases relative humidity levels (i.e., 

𝑓 ). Also, the feature space may be not linearly separable. Random Forest makes no 

assumptions regarding linearity. Following the supervised learning paradigm, we define the 

problem as a probabilistic classification problem 𝑃 (𝑌|𝑋) (𝑃  stands for probability). Χ denote 

the input space (including (i) individual features extracted from heterogeneous data sources (see 

Table 4.3) and (ii) sequential features obtained from SPM (see Table 4.6)), with the output space 

being Y = {-1: no asthma affliction, 1: asthma affliction}. For analysis, we collect an equal 
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number of Twitter users who never reported an asthma affliction to balance the data set. We first 

define 𝒏 tree classifiers, for the kth tree, a bootstrap sample of Χ is generated as 𝑋 , resulting in 

a classifier 𝑃 (𝑌|𝑋 ). The classification result of Random Forest is obtained by averaging the 

probabilistic prediction of all 𝑛 trees as 

𝑦 = 𝑎𝑟𝑔max ∑ 𝑃 (𝑌|𝑋 ),   ( 4-4 ) 

the predicted class is the one with the highest probability. The training process gives useful 

internal estimates of feature importance as the averaged feature impurity (i.e., tree node 

impurity) decreases. In this study, we adopt a widely used impurity measure - Gini index: 

𝐼 = 1 − ∑ 𝑝(𝑖|𝑡)
{ , } ,   ( 4-5 ) 

where 𝑝(𝑖|𝑡) is the proportion of samples that belong to one class for a particular node 𝑡 in a 

tree. Gini index is used for the calculation of splits during Random Forest training. The Gini 

impurity for the descendent nodes in a tree is always less than the parent node. A tree node with 

higher impurity indicates a node with higher importance.  

One thing that needs to be clarified is that though the Random Forest is a classification 

algorithm, we are actually using it in an innovative way - it is not used for classification or 

prediction purpose (Genuer et al. 2010). We have already identified self-reported asthma patients 

on social media - (see previous section: 4.4.2 Identifying Self-Reported Asthma Patients on 

Social Media). The focus of this study is to measure feature importance (i.e., to find important 

variables highly related to the response variable for interpretation purpose (Genuer et al. 2010)) 
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based on the Gini impurity. The mechanism of using Random Forest for feature importance 

assessment is explained in the work of  Strobl et al. (2007), Grömping (2009) and Genuer et al. 

(2010). Figure 4.8 illustrates the use of Random Forest in this study.  

 

Figure 4.8 Random Forest for Asthma Trigger / Risk Factor Assessment with Relative 

Importance 

4.4.6 Implementation and Evaluation  

In the design science paradigm, the evaluation of an artifact provides feedback information and a 

better understanding of the problem in order to improve both the quality of the design product 

and the design process. The evaluation plan and procedures are summarized in Figure 4.9. 

Forest Input Space X Output Space Y 

Individual features 
extracted from 
heterogeneous data 
sources (270 in total), 
e.g.,  

Sequential features 
obtained from 
sequential pattern 
mining, (88 in total) e.g., 

 ftem-mean = high, fgender=F 

 A tree node represents a 
feature (i.e., asthma trigger 
/ risk factor) 

 A node with higher impurity 
indicates a feature with 
higher importance 

Y = {-1: no affliction, 1: affliction} 

 1: affliction  self-reported 
asthma patients identified on 
social media (number of  data 
records: 9,096) 

 -1: no affliction  for analysis, 
we collect an equal number of 
Twitter users who never 
reported an asthma affliction to 
balance the data set (number of  
data records: 9,096) 
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Figure 4.9 Evaluation Plan and Procedures 

In this study, two main parts need to be evaluated.  

(1) The Two-Stage-Model proposed for deriving user characteristics of self-reported asthma 

patients from social media. We collect annotated data from two researchers as the ground truth 

for each Twitter users’ characteristics (i.e., gender, race, age group, occupation, sentiment, and 

behavior). We then use Cohen’s Kappa Coefficient (Cohen 1960) to measure the inter-rater 

agreement between human annotators and the difficulty of the classification tasks. Next, we 

compare our proposed Two-Stage-Model with state of the art baseline methods by applying K-

fold cross-validation.  

(2) Sequential Pattern Mining and Random Forest for extracting asthma triggers/risk factors, 

their interconnecting relations and their relative importance. (i) First, we work with asthma 

specialists to evaluate the meaningfulness of extracted sequential patterns (i.e., results of SPM). 

Prediction result: asthma vs 
non-asthma patients 
 K-fold cross-validation 

(Accuracy, Precision, 
Recall, F1) 

Compare with other methods: 
 Logistic Regression 
 Generalized Additive 

Models 
Evaluation: Random Forest 

Deriving User Characteristics of Self-Reported 
Asthma Patients from Social Media 

Asthma Trigger and Risk Factors Assessment 
with Relative Importance 

Evaluation: Two-Stage-Model  
 Deriving the characteristics of asthma 
patients from social media 

Ground truth data collection: 
 Data annotation: two researchers 
 Cohen’s Kappa coefficient 

o Inter-rater agreement between annotators 
o Difficulty of the classification tasks 

Comparison with baseline methods: 
K-fold cross-validation: 
 Accuracy 
 F1 

Expert evaluation: 
The sequence patterns of 
asthma triggers and risk 
factors extracted 
 
 
 
Evaluation: Sequential 
Pattern Mining 
 

Medical literature evaluation: 
 Medical data collection:  

o All medical research papers in PubMed, keywords 
“asthma risk factor(s)” and “asthma trigger(s)” 

o A corpus of asthma trigger and risk factor mentions in 
PubMed citations 

Evaluation: how the detected asthma risk triggers and factors 
can mirror the medical consensus (PubMed) 
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(ii) Second, the classification results of Random Forest for comparing asthma vs non-asthma 

patients are provided to these experts to evaluate if the relative importance of asthma triggers and 

risk factors are meaningful. Meanwhile, as Random Forest is not the only algorithm for feature 

importance assessment, to validate the choice of the method, we compare the relative feature 

importance derived from Random Forest with the ones derived from state of the art methods 

including Logistic Regression (Frank and Harrell 2015) and Generalized Additive Models 

(Wood 2006). Precision at k (P@k) is used to illustrate the comparison results which is defined 

as the proportion of same features in the top-k sets. (iii) Third, medical articles (PubMed) are 

summarized to evaluate how the detected asthma risk triggers and factors can mirror the medical 

consensus.  

We emphasize two techniques used in the evaluation process. 

(1) K-fold cross-validation is a well-known model evaluation technique. We first apply the k-

fold cross-validation to evaluate the performance of proposed Two-Stage-Model for social media 

user attributes extraction. We also use k-fold cross-validation to evaluate the Random Forest 

classification results. In k-fold cross-validation, the original training dataset is randomly split 

into 𝒌 equal sized subsamples without replacement. A single subsample is retained as the testing 

set, and the 𝒌-1 subsamples are used for model training. The process is then repeated 𝒌 times 

(i.e., folds). The final estimation can be made based on averaged testing performance. The main 

reasons for adopting this validation technique are (i) it will not lose model significance and 

testing capability when the available annotated dataset is relatively small, and (ii) it is able to 

estimate how the performance of the model can be generalized to an independent dataset. 
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(2) Medical literature evaluation. We first examine whether the extracted asthma risk factors 

agree with general medical consensus by using asthma trigger and risk factor mentioned in 

PubMed16 as a reference. This is accomplished by collecting a corpus of asthma trigger and risk 

factor mentions in PubMed citations. Moreover, we investigate if there are risk factors that 

previously have not received adequate attention and evaluate if the associated trigger and risk 

factor orderings can provide additional information on risk factors on asthma exacerbation. 

4.5 Analysis, Results and Discussion 

In this section, we discuss the implementation process and the evaluation results of the proposed 

framework.  

4.5.1 Data Collection and Processing  

We collect large datasets from social media, environmental sensors, socioeconomic census, and 

outpatient illness surveillance data for a three-year period from 2013 to 2016 (Table 4.4).  

Table 4.4 Datasets Description 

Dataset Number of Records 
Collection 

Period 
Geo Area Comments 

Coordinate 
Type 

Asthma-related 
Twitter Stream 

Data 
17,175,642 

11/1/2013~ 
12/30/2016 

Worldwide 

Twitter 
Streaming API. 

Using 18 
asthma-related 

keyword. 

Point 
coordinates 

                                                 

16  PubMed is a service of the US National Library of Medicine that provides free access to 27 million citations and 
abstracts for biomedical literature from MEDLINE, life science journals, and online books. url: 
www.ncbi.nlm.nih.gov/pubmed/ 
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Potential Asthma 
Patients’ Twitter 

Archives 
28,197,612 - US 

9,096 potential 
asthma patients 

in the US are 
identified. 

Point 
coordinates 

Local Weather 
Data 

2,496,157 
1/1/2013~ 
12/30/2016 

US 
Collected along 

with WBAN. 
Point 

coordinates 

Outdoor Air 
Quality Data 

PM2.5 1,546,319 

1/1/2013~ 
12/30/2016 

US 
Collected along 
with AQS-SITE-

ID. 

Point 
coordinates 

PM10 473,543 
O3 1,450,491 
CO 550,687 
SO2 590,148 
NO2 554,097 
Pb 71,850 

Socio-Economic 
Census Data 

Education 3,283 

2013~2016 US 
Collected along 
with rural/urban 

codes code. 

Polygon 
coordinates 

Poverty 3,194 
Unemployment 3,274 

Population  3,273 
County Health 

Rankings & 
Roadmap 

12,548 2013~2016 US 
Collected along 
with FIPS code. 

Polygon 
coordinates 

Influenza-like 
illness 

surveillance data 
14,026 2013~2016 US 

Collected along 
with state name. 

Polygon 
coordinates 

Weekly US 
Influenza 

Surveillance 
Report 

14,500 2013~2016 US 
Collected along 

with region 
number*. 

Polygon 
coordinates 

* Region classification17: 
Region 1: Connecticut, Maine, Massachusetts, New Hampshire, Rhode Island, and Vermont 
Region 2: New Jersey, New York, Puerto Rico, and the U.S. Virgin Islands 
Region 3: Delaware, District of Columbia, Maryland, Pennsylvania, Virginia, and West Virginia 
Region 4: Alabama, Florida, Georgia, Kentucky, Mississippi, North Carolina, South Carolina, and Tennessee 
Region 5: Illinois, Indiana, Michigan, Minnesota, Ohio, and Wisconsin 
Region 6: Arkansas, Louisiana, New Mexico, Oklahoma, and Texas 
Region 7: Iowa, Kansas, Missouri, and Nebraska 
Region 8: Colorado, Montana, North Dakota, South Dakota, Utah, and Wyoming 
Region 9: Arizona, California, Hawaii, and Nevada 
Region 10: Alaska, Idaho, Oregon, and Washington 

In particular, for the social media streaming data, to identify potential asthma patients, the signal 

extraction process mentioned previously is applied. By using the asthma patient identification 

criteria, we are able to identify 9,096 potential asthma patients in the US who self-reported 

asthma afflictions. Moreover, after the data cleaning process, all datasets are integrated 

temporally and spatially (Using methods we described previously in section 4.4 Research Design 

                                                 

17 https://www.cdc.gov/flu/weekly/overview.htm 



 

127 

 

and Framework for Asthma Trigger and Risk Factor Analysis). 

4.5.2 Characteristics of Potential Asthma Patients from Social Media 

As described earlier, we rely on three types of signals to infer the characteristics of potential 

asthma patients from social media data, namely social media user profile, profile image, and 

tweets. To evaluate the performance of proposed Two-Stage-Model for social media users’ 

characteristics extraction, two researchers are invited to annotate 400 Twitter users’ attributes 

(e.g., age group, gender, race etc.) based on their profiles and 600 tweets (i.e., tweets that 

including users’ sentiment status and various behaviors). We also employed the Cohen’s Kappa 

coefficient (Cohen 1960):  

𝑘𝑎𝑝𝑝𝑎 = ,   ( 4-6 ) 

where 𝑝  is the relative observed agreement among annotators (i.e., accuracy) and 𝑝  is the 

hypothetical probability of chance agreement.  

This is done (i) to measure the inter-rater agreement between two human annotators (Kappa has 

a range from 0 to 1, with larger values indicating better reliability), and (ii) to evaluate the 

difficulty of the classification tasks (as Machine Learning models is not likely to surpass human-

level performance in this research setting and the level of disagreement between human 

annotators indicates the difficulty of the classification tasks).  

Table 4.5 shows the annotation statistics. According to the Kappa interpretation of Landis and 

Koch (1977), Kappa result ranges from 0 to 1. The higher the value of Kappa, the stronger the 
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agreement between annotators (< 0.20 slight agreement; 0.21-0.40 fair agreement; 0.41-0.60 

moderate agreement; 0.61-0.80 substantial agreement; 0.81-1.00 perfect or almost perfect 

agreement). A Kappa coefficient above 0.2 is generally regarded as acceptable (Landis and Koch 

1977). We observe that the Kappa coefficients of the multi-label classification tasks (i.e., race, 

Kappa: 0.37; occupation, Kappa: 0.21; and behavior, Kappa: 0.32) are consistently lower than 

the binary classification tasks (i.e., gender, Kappa: 0.71; age group, Kappa: 0.61; and sentiment, 

Kappa: 0.74), suggesting they may be challenging for both human and machine interpretations. 

Especially, occupation detection is a difficult task even for human annotators because of missing 

values.  

We then test our Two-Stage-Model on the annotated datasets. In stage 1, the widely-used SVM 

classifier (Cortes and Vapnik 1995) is employed for Distant Supervision classification. For stage 

2, the appearance based CNN profile image classification model is trained on the IMDB-WIKI 

dataset. We adopt accuracy and F1-score as our evaluation metrics. Accuracy is a description of 

model errors, defined as 

𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦(𝑦, 𝑦) = ∑ 𝐼(𝑦 = 𝑦),    ( 4-7 ) 

where 𝐼(𝑥) is the indicator function having the value 1 if the predicted label 𝑦 match with the 

true label 𝑦. The F1-score is defined as the harmonic mean of precision and recall 

𝐹1 = ,   ( 4-8 ) 
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where precision (𝑃) is a measure of result relevancy, while recall (𝑅) is a measure of how many 

truly relevant results are returned. 10-fold cross-validation is conducted and the results are 

presented in Figure 4.10. Two baselines are adopted: (i) random choice and (ii) state-of-the-art 

performance from literature (Go et al. 2009; Chen et al. 2015; Sloan et al. 2015). The results 

show that the proposed model can produce results that are comparable or outperform the state-of-

the-art methods. 

Table 4.5 Annotation statistics (Annotated Dataset for Two-Stage-Model Evaluation) 

Attributes Gender Race Age Group Occupation Sentiment Behavior 

Annotations M; F; nan 
C;B;A;I;H; 

nan 
<=20; >20; 

nan 

Multi-labels, 
e.g., Chemists, 
Barbers, etc. 

Positive; 
Negative; 

nan 

Multi-labels, 
e.g., drinking, 
smoking, etc. 

Kappa 0.71 0.37 0.61 0.21 0.74 0.32 
Annotation Object Twitter user profile & profile images Tweets 

Number of 
Records 

400 600 

Kappa value interpretation: < 0.20 Slight; 0.21-0.40 Fair; 0.41-0.60 Moderate; 0.61-0.80 Substantial; 0.81-1.00 Almost Perfect (Landis and Koch 
1977).  
Annotations: M: Male; F: Female; C: Caucasians; B: African America; A: Asian & Pacific Islander; I: American Indian; H: Hispanics 
nan: Unknown or not available 

 

  
■  The proposed two-stage social media user attributes extraction model: stage 1 + stage 2 (stage 2 enhance model 
detection ability on gender, race and age group). 
▲ The proposed two-stage social media user attributes extraction model: stage 1. 
●  Baseline: (Go et al. 2009; Chen et al. 2015; Sloan et al. 2015); missing values: performance not found in the literature. 
 Baseline: Random choice. 

 

Figure 4.10 Two-Stage Social Media Based User Attributes Extraction Model 
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After analyzing the results in detail, it can be observed that social media users’ attributes are 

often not explicitly provided by users through their profiles which lead to a less favorable result 

in terms of accuracy and F1 scores in stage 1 of the model – which relied on Distant Supervision 

classification with weak labels. We believe the reasons for this are threefold: (i) anonymity and 

pseudonymity: social media user profiles may disconnect from real-world identities despite what 

previous studies have indicated; (ii) missing data: there are many missing values in some user 

profile fields e.g., occupation; (iii) weak labels may lack predictive power for certain tasks (e.g., 

last name as weak labels for race detection). Hence, incorporating profile images is a way to take 

advantage of all useful and available information. By combining the stage 1 (Distant 

Supervision) and stage 2 (CNN) of the Two-Stage-Model, the age group, gender, and race 

detection accuracies are improved significantly, which suggests that the profile images are good 

complementary signals for social media users’ attributes detection. We provide a part of the 

demographic information extracted from social media data (Figure 4.11). 

  
 

nan: Unknown or not available 

Figure 4.11 Demographic Information Extracted from Social Media Data 
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4.5.3 Asthma Risk Factors Assessment 

Asthma trigger and risk factor assessment, as described in previous sections, consists of two 

parts: SPM for uncovering the sequential patterns of triggers and risk factors contributing to 

asthma exacerbations as features, and Random Forest for measuring the relative importance of 

asthma risk factors.  

We first present the results of SPM regarding frequent sequential patterns of asthma risk factors. 

Two hyper-parameters (i.e., values are set before the learning process begins) need to be 

specified:  

(1) The min_support threshold 𝝃𝒎𝒊𝒏 for the PrefixSpan algorithm. We set 𝜉 = 0.05 to ensure 

that we do not miss interesting patterns when the discovered features are frequent.  

(2) The observation interval 𝝀 which represents the number of days before a self-reported asthma 

exacerbation episode. Considering how long the risk factors could linger and suggestions from 

asthma specialists, we set 𝜆 = 5 for environmental factors, 𝜆 = 90 for behavioral and 

psychological factors, 𝜆 = 365 for social factors and 𝜆 = ∞ for biological factors. The results 

reveal a number of interesting patterns. All the results are evaluated and validated by asthma 

specialists who worked with us to interpret the results. 88 sequential patterns are selected as 

features for further analysis (Table 4.6). Our asthma specialists determined that these patterns are 

meaningful and useful and extend their current understanding of asthma triggers and risk factors. 

The frequent patterns are sorted in lexicographic ascending order for better readability.  
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Table 4.6 Frequent Sequential Patterns Extracted 

Frequent Sequential Patterns Extracted Cat. Explanation 

1 f_{above_college=high},f_{cat_alcohol_impaired=high} 3 & 4 
Percent of adults with a bachelor's degree or higher is high (> Q3); 
Alcohol-impaired deaths is high (> Q3) 

2 f_{age>20},f_{gender=female} 1 Age > 20; Gender is female 

3 f_{cat_alcohol_impaired=middle},f_{exe=T} 3 
Alcohol-impaired deaths is middle (> Q1); Take exercise in the previous 90 
days 

4 f_{cat_alcohol_impaired=middle},f_{med=T} 3 
Alcohol-impaired deaths is middle (> Q1); Take medicine in the previous 
90 days 

5 f_{cat_excessive_drinking=middle},f_{cat_une_rate=middle} 3 & 4 
Percentage of adults reporting heavy drinking is middle (> Q1); 
Unemployment rate is middle (> Q1) 

6 f_{cat_excessive_drinking=middle},f_{depart_mean=middle} 2 & 3 
Percentage of adults reporting heavy drinking is middle (> Q1); Average 
temperature’s departure from normal temperature is middle (> Q1) 

7 f_{cat_excessive_drinking=middle},f_{humidity_mean=high} 2 & 3 
Percentage of adults reporting heavy drinking is middle (> Q1); Humidity 
level is high (> Q3) 

8 f_{cat_excessive_drinking=middle},f_{ili_act_label=minimal} 3 & 5 
Percentage of adults reporting heavy drinking is middle (> Q1); Influenza-
like illness activity level above the mean by 1-3 deviations 

9 f_{cat_excessive_drinking=middle},f_{sen=low} 3 & 4 
Percentage of adults reporting heavy drinking is middle (> Q1); Sentiment 
level is low (< Q1) 

10 f_{cat_food_environment_index=middle},f_{cat_alcohol_impaired=middle} 3 
Food environment index is middle (< Q3); Alcohol-impaired deaths is 
middle (> Q1) 

11 f_{cat_physical_inactivity=low},f_{cat_alcohol_impaired=middle} 3 
Percentage of adults reporting no leisure-time physical activity is low (< 
Q1); Alcohol-impaired deaths is middle (> Q1) 

12 f_{cat_physical_inactivity=low},f_{cat_med_inc=high} 3 & 4 
Percentage of adults reporting leisure-time physical activity is low (< Q1); 
Median household income is high (> Q3) 

13 f_{cat_physical_inactivity=low},f_{humidity_mean=high} 2 & 3 
Percentage of adults reporting leisure-time physical activity is low (< Q1); 
Humidity level is high (> Q3) 

14 f_{cat_physical_inactivity=low},f_{humidity_mean=low} 2 & 3 
Percentage of adults reporting leisure-time physical activity is low (< Q1); 
Humidity level is low (< Q1) 

15 f_{cat_physical_inactivity=low},f_{ili_act_label=minimal} 2 
Percentage of adults reporting leisure-time physical activity is low (< Q1); 
Influenza-like illness activity level above the mean by 1-3 deviations 

16 f_{depart_mean=middle},f_{cool_mean=middle} 2 
Average temperature’s departure from normal temperature is middle (> 
Q1); Cooling degree is middle (> Q1) 

17 f_{depart_mean=middle},f_{heat_mean=middle} 2 
Average temperature’s departure from normal temperature is middle (> 
Q1); Heating degree is middle (> Q1) 

18 f_{dew_mean=low},f_{cool_mean=middle},f_{daily_aqi_pm25_+1=high} 2 
Dew point temperature is low (< Q1); Cooling degree is middle (> Q1); 
Daily AQI pm25 previous 1 day is high (> Q3) 

19 f_{exe=T},f_{med=T} 3 
Take exercise in the previous 90 days; Take medicine in the previous 90 
days 

20 f_{exe=T},f_{med=T},f_{sen=low} 3 & 4 
Take exercise in the previous 90 days; Take medicine in the previous 90 
days; Sentiment level is low (< Q1) 

21 f_{humidity_mean=high},f_{concentration_pm25=high} 2 Humidity level is high (> Q3); Daily concentration pm25 is high (> Q3) 

22 f_{humidity_mean=high},f_{concentration_pm25_+5=high} 2 
Humidity level is high (> Q3); Daily concentration pm25 for previous 5 days 
are high (> Q3) 

23 f_{humidity_mean=high},f_{cool_mean=middle} 2 Humidity level is high (> Q3); Cooling degree is middle (> Q1) 

24 f_{humidity_mean=high},f_{depart_mean=middle} 2 
Humidity level is high (> Q3); Average temperature’s departure from 
normal temperature is middle (> Q1) 

25 f_{humidity_mean=high},f_{heat_mean=middle} 2 Humidity level is high (> Q3); Heating degree is middle (> Q1) 

26 f_{humidity_mean=high},f_{tem_mean_+5=high} 2 
Humidity level is high (> Q3); Average temperature for previous 5 days are 
high (> Q3) 

27 f_{humidity_mean=low},f_{concentration_pm25=high} 2 Humidity level is low (< Q1); Daily concentration pm25 is high (> Q3) 

28 f_{humidity_mean=low},f_{concentration_pm25_+5=high} 2 
Humidity level is low (< Q1); Daily concentration pm25 for previous 5 days 
are high (> Q3) 

29 f_{humidity_mean=low},f_{cool_mean=middle} 2 Humidity level is low (< Q1); Cooling degree is middle (> Q1) 
30 f_{humidity_mean=low},f_{daily_aqi_pm25_+1=high} 2 Humidity level is low (< Q1); Daily AQI pm25 previous 1 day is high (> Q3) 

31 f_{humidity_mean=low},f_{depart_mean=middle} 2 
Humidity level is low (< Q1); Average temperature’s departure from normal 
temperature is middle (> Q1) 

32 f_{humidity_mean=low},f_{heat_mean=middle} 2 Humidity level is low (< Q1); Heating degree is middle (> Q1) 
33 f_{humidity_mean=low},f_{seafood=T} 2 & 3 Humidity level is low (< Q1); Take seafood in the previous 90 days; 

34 f_{humidity_mean=low},f_{tem_max_+5=low} 2 
Humidity level is low (< Q1); Maximum temperature for previous 5 days are 
low (<Q1) 

35 f_{humidity_mean=low},f_{wind_speed=high} 2 Humidity level is low (< Q1); Wind speed is high (> Q3) 

36 f_{ili_act_label=minimal},f_{cat_pov_all=middle},f_{cat_pov_017=middle} 3 & 5 
Influenza-like illness activity level above the mean by 1-3 deviations; 
Estimated percent of people of all ages in poverty is middle (> Q1); 
Estimated percent of people age 0-17 in poverty is middle (> Q1) 

37 f_{ili_act_label=minimal},f_{cat_pov_all=middle},f_{heat_mean=middle} 
2 & 3 
& 5 

Influenza-like illness activity level above the mean by 1-3 deviations; 
Estimated percent of people of all ages in poverty is middle (> Q1); 
Heating degree is middle (> Q1) 

38 f_{ili_act_label=minimal},f_{cool_mean=middle} 2 & 5 
Influenza-like illness activity level above the mean by 1-3 deviations; 
Cooling degree is middle (> Q1) 

39 f_{ili_act_label=minimal},f_{cool_mean=high} 2 & 5 
Influenza-like illness activity level above the mean by 1-3 deviations; 
Cooling degree is high (> Q3) 

40 f_{ili_act_label=minimal},f_{exe=T} 3 & 5 
Influenza-like illness activity level above the mean by 1-3 deviations; Take 
exercise in the previous 90 days 

41 f_{ili_act_label=minimal},f_{humidity_mean=high} 2 & 5 
Influenza-like illness activity level above the mean by 1-3 deviations; 
Humidity level is high (> Q3) 

42 f_{ili_act_label=minimal},f_{med=T},f_{sen=low} 
3 & 4 
& 5 

Influenza-like illness activity level above the mean by 1-3 deviations; Take 
medicine in the previous 90 days; Sentiment level is low (< Q1) 

43 f_{ili_act_label=minimal},f_{positive_flu=middle} 5 
Influenza-like illness activity level above the mean by 1-3 deviations; 
Percentage of respiratory specimens positive for flu is middle (> Q1) 
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44 f_{ili_act_label=minimal},f_{tem_min_+5=middle} 2 & 5 
Influenza-like illness activity level above the mean by 1-3 deviations; 
Minimum temperature for previous 5 days are low (<Q1) 

45 f_{med=T},f_{heat_mean=middle} 2 & 3 Take medicine in the previous 90 days; Cooling degree is middle (> Q1) 
46 f_{med=T},f_{humidity_mean=low} 2 & 3 Take medicine in the previous 90 days; Humidity level is low (< Q1) 
47 f_{race=hispanics},f_{cat_med_inc=low} 1 & 4 Race is Hispanic; Median household income is low (< Q1) 
48 f_{sen=low},f_{cool_mean=middle} 2 & 4 Sentiment level is low (< Q1); Cooling degree is middle (> Q1) 

49 f_{sen=low},f_{depart_mean=middle} 2 & 4 
Sentiment level is low (< Q1); Average temperature’s departure from 
normal temperature is middle (> Q1) 

50 f_{sen=low},f_{humidity_mean=low} 2 & 4 Sentiment level is low (< Q1) 
51 f_{sky_condition=BR},f_{daily_aqi_pm25_+1=high} 2 Sky condition is Mist; Daily AQI pm25 previous 1 day is high (> Q3) 

52 f_{sky_condition=RA BR},f_{daily_aqi_pm25_+3=high} 2 
Sky condition is Rain & Mist; Daily AQI pm25 previous 3 days are high (> 
Q3) 

53 f_{sky_condition=RA},f_{daily_aqi_pm25_+3=high} 2 Sky condition is Rain; Daily AQI pm25 previous 3 days are high (> Q3) 

54 f_{tem_max=low},f_{concentration_co_+5=high} 2 
Maximum temperature is low (< Q1); Daily concentration co for previous 5 
days are high (> Q3) 

55 f_{tem_max_+1=low},f_{daily_aqi_pm25_+3=high} 2 
Maximum temperature for previous 1 day is low (< Q1); Daily AQI pm25 
previous 3 days are high (> Q3) 

56 f_{tem_max_+1=low},f_{tem_max_+5=low},f_{concentration_pm25_+5=high} 2 
Maximum temperature for previous 1 day is low (< Q1); Maximum 
temperature for previous 5 days are low (< Q1); Daily AQI pm25 previous 3 
days are high (> Q3) 

57 f_{tem_max_+1=low},f_{tem_mean_+1=low},f_{concentration_pm25=high} 2 
Maximum temperature for previous 1 day is low (< Q1); Average 
temperature for previous 1 day is low (< Q1); Daily concentration pm25 is 
high (> Q3) 

58 f_{tem_max_+3=low},f_{daily_aqi_no2_+1=high} 2 
Maximum temperature for previous 3 days are low (<Q1); Daily AQI no2 
previous 1 day is high (> Q3) 

59 f_{tem_max_+3=low},f_{tem_mean_+3=low},f_{daily_aqi_no2=high} 2 
Maximum temperature for previous 3 days are low (<Q1); Average 
temperature for previous 3 days are low (<Q1); Daily AQI no2 previous 3 
days are high (> Q3) 

60 f_{tem_max_+3=low},f_{tem_min_+3=low},f_{daily_aqi_pm25_+1=middle} 2 
Maximum temperature for previous 3 days are low (<Q1); Minimum 
temperature for previous 3 days are low (<Q1); Daily AQI pm25 previous 1 
day is middle (> Q1) 

61 f_{tem_max_+5=low},f_{daily_aqi_pm25_+3=high} 2 
Maximum temperature for previous 5 days are low (<Q1); Daily AQI pm25 
previous 3 days are high (> Q3) 

62 f_{tem_max_+5=low},f_{humidity_mean=low},f_{daily_aqi_pm25=high} 2 
Maximum temperature for previous 5 days are low (<Q1); Humidity level is 
low (< Q1); Daily AQI pm25 previous 1 day is high (> Q3) 

63 f_{tem_max_+5=low},f_{tem_mean_+5=low},f_{concentration_co_+1=high} 2 
Maximum temperature for previous 5 days are low (<Q1); Average 
temperature for previous 5 days are low (<Q1); Daily AQI co previous 1 
day is high (> Q3) 

64 f_{tem_max_+5=low},f_{tem_min_+5=low},f_{concentration_co_+3=high} 2 
Maximum temperature for previous 5 days are low (<Q1); Minimum 
temperature for previous 5 days are low (<Q1); Daily concentration co for 
previous 3 days are high (> Q3) 

65 f_{tem_mean_+1=low},f_{concentration_co=high} 2 
Average temperature for previous 1 day is low (< Q1); Daily concentration 
co for previous is high (> Q3); Daily concentration co is high (> Q3) 

66 f_{tem_mean_+1=low},f_{tem_max_+3=low},f_{concentration_no2=high} 2 
Average temperature for previous 1 day is low (< Q1); Maximum 
temperature for previous 3 days are low (< Q1); Daily concentration no2 is 
high (> Q3) 

67 f_{tem_mean_+1=low},f_{tem_mean_+3=low},f_{concentration_pm25_+3=high} 2 
Average temperature for previous 1 day is low (< Q1); Maximum 
temperature for previous 3 days are low (< Q1); Daily concentration pm25 
for previous 3 days are high (> Q3) 

68 f_{tem_mean_+1=low},f_{tem_mean_+5=low},f_{concentration_pm25_+5=high} 2 
Average temperature for previous 3 days are low (< Q1); Maximum 
temperature for previous 5 days are low (< Q1); Daily concentration pm25 
for previous 5 days are high (> Q3) 

69 f_{tem_mean_+3=low},f_{cool_mean=middle},f_{daily_aqi_co_+3=high} 2 
Average temperature for previous 3 days are low (< Q1); Cooling degree is 
middle (> Q1); Daily AQI co previous 3 days are high (> Q3) 

70 f_{tem_mean_+3=low},f_{daily_aqi_co_+1=high} 2 
Average temperature for previous 3 days are low (< Q1); Daily AQI co 
previous 1 day is high (> Q3) 

71 f_{tem_mean_+3=low},f_{tem_mean_+5=low},f_{daily_aqi_no2_+1=middle} 2 
Average temperature for previous 3 days are low (< Q1); Average 
temperature for previous 5 days are low (< Q1); Daily AQI no2 previous 1 
day is middle (> Q1) 

72 f_{tem_mean_+5=low},f_{cool_mean=middle},f_{daily_aqi_no2_+5=middle} 2 
Average temperature for previous 5 days are low (< Q1); Cooling degree is 
middle (> Q1); Daily AQI no2 previous 5 days are middle (> Q1) 

73 f_{tem_mean_+5=low},f_{daily_aqi_no2_+5=high} 2 
Average temperature for previous 5 days are low (< Q1); Daily AQI no2 
previous 5 days are high (> Q3) 

74 f_{tem_mean_+5=low},f_{humidity_mean=low},f_{daily_aqi_no2=high} 2 
Average temperature for previous 5 days are low (< Q1); Humidity level is 
low (< Q1); Daily AQI no2 is high (> Q3) 

75 f_{tem_min_+1=low},f_{cool_mean=middle},f_{daily_aqi_pm25_+3=high} 2 
Minimum temperature for previous 1 day is low (< Q1); Daily AQI pm25 
previous 3 days are high (> Q3) 

76 f_{tem_min_+1=low},f_{daily_aqi_pm25_+1=high} 2 
Minimum temperature for previous 1 day is low (< Q1); Daily AQI pm25 
previous 1 day is high (> Q3) 

77 f_{tem_min_+1=low},f_{humidity_mean=high},f_{daily_aqi_pm25_+3=middle} 2 
Minimum temperature for previous 1 day is low (< Q1); Humidity level is 
high (> Q3); Daily AQI pm25 previous 3 days are middle (> Q1) 

78 f_{tem_min_+1=low},f_{tem_mean_+1=low},f_{daily_aqi_pm25_+1=middle} 2 
Minimum temperature for previous 1 day is low (< Q1); Average 
temperature for previous 1 day is low (< Q1); Daily AQI pm25 previous 1 
day is high (> Q3) 

79 f_{tem_min_+3=low},f_{cool_mean=middle},f_{daily_aqi_pm25_+5=high} 2 
Minimum temperature for previous 3 days are low (< Q1); Cooling degree 
is middle (> Q1); Daily AQI pm25 previous 5 days are high (> Q3) 

80 f_{tem_min_+3=low},f_{daily_aqi_pm25_+3=high} 2 
Minimum temperature for previous 3 days are low (< Q1); Daily AQI pm25 
previous 3 days are high (> Q3) 

81 f_{tem_min_+3=low},f_{tem_max_+5=low},f_{daily_aqi_pm25=middle} 2 
Minimum temperature for previous 3 days are low (< Q1); Average 
temperature for previous 5 days are low (< Q1); Daily AQI pm25 is middle 
(> Q1) 

82 f_{tem_min_+3=low},f_{tem_mean_+3=low},f_{concentration_no2_+1=high} 2 
Minimum temperature for previous 3 days are low (< Q1); Average 
temperature for previous 3 days are low (< Q1); Daily concentration no2 for 
previous 1 day is high (> Q3) 
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83 f_{tem_min_+3=low},f_{tem_min_+5=low},f_{concentration_no2_+5=high} 2 
Minimum temperature for previous 3 days are low (< Q1); Minimum 
temperature for previous 5 days are low (< Q1); Daily concentration no2 for 
previous 5 days are high (> Q3) 

84 f_{tem_min_+5=low},f_{concentration_co_+1=high} 2 
Minimum temperature for previous 5 days are low (< Q1); Daily 
concentration no2 for previous 1 day is high (> Q3) 

85 f_{tem_min_+5=low},f_{cool_mean=middle},f_{concentration_no2=high} 2 
Minimum temperature for previous 5 days are low (< Q1); Cooling degree 
is middle (> Q1); Daily concentration no2 is high (> Q3) 

86 f_{tem_min_+5=low},f_{humidity_mean=high},f_{concentration_pm25_+3=high} 2 
Minimum temperature for previous 5 days are low (< Q1); Humidity level is 
high (> Q3); Daily concentration pm25 for previous 3 days are high (> Q3) 

87 f_{tem_min_+5=low},f_{tem_mean_+5=low},f_{concentration_pm25_+5=high} 2 
Minimum temperature for previous 5 days are low (< Q1); Average 
temperature for previous 5 days are low (< Q1); Daily concentration pm25 
for previous 5 days are high (> Q3) 

88 f_{toy=T},f_{sen=low} 3 & 4 Mention toys in previous 90 days; Sentiment level is low (< Q1) 

Cat. = Category: 1: Biological and demographic factors; 2: Environmental factors; 3: Behavioral factors; 4: Social and psychological 
factors; 5: Inflammatory and infectious factors 
Order: Sequential frequent patterns are sorted in lexicographically ascending order 
Q1: the 25th percentile as the first quartile; Q3: the 75th percentile as the third quartile 

 

 

United States 
1. f_{sky_condition=BR} 
2. f_{exe=T},f_{med=T},f_{sen=low} 
3. f_{ili_act_label=minimal},f_{med=T},f_{sen=low} 
4. f_{exe=T},f_{sen=low} 
5. f_{cat_alcohol_impaired=middle},f_{exe=T} 
6. f_{sen=low},f_{cool_mean=middle} 
7. f_{humidity_mean=low} 
8. f_{ili_act_label=minimal},f_{exe=T} 
9. f_{activity_level=low} 
10. f_{cat_excessive_drinking=middle},f_{sen=low} 
11. f_{depart_mean=middle},f_{cool_mean=middle} 

 

Region 1: Connecticut, Maine, Massachusetts, New Hampshire, Rhode Island, 
and Vermont 
1. f_{ili_act_label=minimal},f_{tem_min_+5=middle} 
2. f_{tem_min_+5=low},f_{concentration_co_+1=high} 
3. f_{exe=T},f_{med=T},f_{sen=low} 
4. f_{daily_aqi_so2=high} 
5. f_{age>20},f_{gender=female} 
6. f_{sen=low}, f_{humidity_mean=low} 

 

Region 2: New Jersey, New York, Puerto Rico, and the U.S. Virgin Islands 
1. f_{humidity_mean=low},f_{daily_aqi_pm25_+1=high} 
2. f_{exe=T},f_{med=T},f_{sen=low} 
3. f_{tem_mean_+1=low},f_{concentration_co=high} 
4. f_{ili_act_label=minimal} 
5. f_{cat_physical_inactivity=low},f_{cat_alcohol_impaired=middle} 
6. f_{tem_mean_+3=low},f_{daily_aqi_co_+1=high} 

 

Region 3: Delaware, District of Columbia, Maryland, Pennsylvania, Virginia, and 
West Virginia 
1. f_{sen=low},f_{depart_mean=middle} 
2. f_{concentration_pb_+5=high} 
3. f_{ili_act_label=minimal},f_{positive_flu=middle} 
4. f_{cat_excessive_drinking=middle},f_{ili_act_label=minimal} 
5. f_{cool_mean=middle} 
6. f_{exe=T},f_{sen=low} 

 

Region 4: Alabama, Florida, Georgia, Kentucky, Mississippi, North Carolina, 
South Carolina, and Tennessee 
1. f_{cat_physical_inactivity=low},f_{ili_act_label=minimal} 
2. f_{concentration_pm10_+3=high} 
3. f_{exe=T},f_{med=T},f_{sen=low} 
4. f_{cat_alcohol_impaired=middle},f_{exe=T} 
5. f_{humidity_mean=high},f_{concentration_pm25=high} 
6. f_{ili_act_label=minimal},f_{exe=T} 
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Region 5: Illinois, Indiana, Michigan, Minnesota, Ohio, and Wisconsin 
1. f_{tem_max=low},f_{concentration_co_+5=high} 
2. f_{concentration_so2=high} 
3. f_{sky_condition=BR} 
4. f_{cat_med_inc=low} 
5. f_{activity_level=low} 
6. f_{cat_excessive_drinking=middle},f_{ili_act_label=minimal} 

 

Region 6: Arkansas, Louisiana, New Mexico, Oklahoma, and Texas 
1. f_{humidity_mean=low} 
2. f_{ili_act_label=minimal},f_{exe=T} 
3. f_{sky_condition=BR} 
4. f_{cat_excessive_drinking=middle},f_{sen=low} 
5. f_{depart_mean=middle},f_{cool_mean=middle} 
6. f_{risk_race=hispanic} 

 

Region 7: Iowa, Kansas, Missouri, and Nebraska 
1. f_{access_to_health_services=low} 
2. f_{humidity_mean=low},f_{concentration_pm25_+5=high} 
3. f_{med=T},f_{humidity_mean=low} 
4. f_{tem_mean_+1=low},f_{tem_mean_+5=low},f_{concentration_pm25_+5=high} 
5. f_{sen=low},f_{cool_mean=middle} 
6. f_{exe=T},f_{sen=low} 

 

Region 8: Colorado, Montana, North Dakota, South Dakota, Utah, and Wyoming 
1. f_{ili_act_label=minimal},f_{tem_min_+5=middle} 
2. f_{ili_act_label=minimal},f_{med=T},f_{sen=low} 
3. f_{tem_min_+1=low} 
4. f_{cat_physical_inactivity=low},f_{cat_alcohol_impaired=middle} 
5. f_{humidity_mean=low},f_{concentration_pm25_+5=high} 
6. f_{depart_mean=middle},f_{cool_mean=middle} 

 

Region 9: Arizona, California, Hawaii, and Nevada 
1. f_{daily_aqi_pm25_+5=high} 
2. f_{concentration_pb_+3=high} 
3. f_{tem_min_+1=high} 
4. f_{risk_race=hispanic} 
5. f_{sen=low},f_{cool_mean=middle} 
6. f_{sky_condition=BR},f_{daily_aqi_pm25_+1=high} 
7. f_{tem_max_+3=low},f_{tem_min_+3=low},f_{daily_aqi_pm25_+1=middle} 

 

Region 10: Alaska, Idaho, Oregon, and Washington 
1. f_{ili_act_label=minimal},f_{med=T},f_{sen=low} 
2. f_{cat_excessive_drinking=middle},f_{ili_act_label=minimal} 
3. f_{cat_excessive_drinking=middle},f_{sen=low} 
4. f_{concentration_pb_+3=high} 
5. f_{age>20},f_{gender=female} 
6. f_{cool_mean=high} 
7. f_{daily_aqi_pm10_+3=high} 

Region classification15  
Feature importance: Gini Importance = Mean Decrease in Impurity 
Feature selection criteria: US: Gini Importance > 0.02; Region 1-10: Gini Importance > 0.015 
Order: Features are sorted by the descending order of the feature importance  

Figure 4.12 Asthma Triggers and Risk Factors Based on Feature Importance 

We then report the results of Random Forest for asthma trigger and risk factor relative 

importance determination. There are two major hyper-parameters (i.e., values are set before the 

learning process begins): the depth of the forest (𝒹) and the number of trees (𝑛), we set 𝒹 = 20 
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and 𝑛 = 400 by using 10 fold cross validation. The tuned model is then used to evaluate the 

importance of features. All features shown in Table 4.3 combined with frequent sequences of 

asthma triggers and risk factors obtained from the Sequential Pattern Mining process (Table 4.6) 

are the input space for the learner. 358 features are analyzed and we report on the most 

significant asthma triggers and risk factors in the US and the ten US regions (Figure 4.12). All 

the results are evaluated and validated by asthma experts who worked with us to interpret the 

results. As described in previous section, feature importance is defined by the Gini impurity. The 

most significant features are reported based on the criteria suggested by asthma specialists – for 

the entire US, we report features with Gini importance greater than 0.02; for ten US regions, we 

report features with Gini importance greater than 0.015. All reported asthma triggers and risk 

factors are sorted by Gini importance in descending order. 

As discussed in the previous section, the importance of asthma triggers and risk factors are 

determined in the Random Forest classification process given we have self-reported asthma 

patients identified on social media. Table 4.7 shows the Random Forest classification results 

(based on data from the entire US). 10-fold cross-validation is applied. The classification results 

are stable and desirable which, in turn, prove that the reported asthma triggers and risk factors 

are useful for distinguishing social media users with asthma afflictions and users without asthma 

afflictions. 

Accuracy(%) 
Affliction No-affliction 

Precision(%) Recall(%) F1(%) Precision(%) Recall(%) F1(%) 
85.6 83.7 86.6 85.1 87.4 84.7 86.1 

Table 4.7 Random Forest Classification Results 
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As Random Forest is not the only method for feature importance assessment, we also provide the 

comparison results with different feature importance assessment algorithms, including Logistic 

Regression and Generalized Additive Model (see Table 4.8). P@K shows the proportion of the 

same feature in the top-k feature sets. The results show that the feature importance derived from 

the three methods is homogeneous which validate the choice of Random Forest as the feature 

importance assessment method.  

Feature Selection compare 
with Random Forest 

P@K 

Logistic 
Regression (%) 

Generalized 
Additive 

Models (%) 
K=10 0 0 
K=20 55.0 55.0 
K=30 56.7 63.3 
K=40 60.0 75.0 
K=50 66.0 82.0 
K=60 73.3 - 
K=70 74.2 - 
K=80 80.0 - 
K=90 87.7 - 

P@K: precision at k 
Logistic Regression: Penalty: L1. Feature relative importance assessment: standardized coefficients. 
Generalized Additive Models: feature selection: p value (p < 0.05); Feature relative importance assessment: standardized coefficients. 
 

Table 4.8 Comparison Results with Different Feature Importance Assessment Algorithms 

Next, to evaluate how the detected asthma risk factors can mirror the real world - especially 

medical consensus, we collect a comprehensive set of medical research papers (Table 4.1, 137 in 

total, April 2018) which specify the keywords “asthma trigger(s)” or “asthma risk factor(s)” in 

the title or abstract from PubMed. We summarize these research articles with respect to the 

categories of asthma triggers and risk factors (Figure 4.13). By comparing the categories of 

asthma risk factors determined from our study and the summarization from the medical articles, 

we found our framework can capture almost all of the important triggers and risk factors 

contributing to asthma exacerbations, which confirms the efficacy of our framework. There is 
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also a major difference: most extracted triggers and factors in our study are environment-related 

factors, but the medical literature mainly focuses on biological and demographic factors. This 

can be explained in two ways. (i) The effect of environmental factors is not well understood 

using survey-based traditional data collection methods, hence researchers focus on fundamental 

biological and demographic factors. But in reality, weather and air quality are very influential 

factors. (ii) This observation also reveals one of the limitations of our work. Although we made 

every attempt to include all relevant data sources, it is still extremely difficult to obtain personal 

biological data and even harder to integrate them with other data sources. So such factors are 

underrepresented in our proposed framework. However, as an open framework, biological-

related data can be imported when such data are available (We are collaborating with asthma 

specialists and will add biological data in our future work).  

 

Figure 4.13 Research Articles on Asthma Triggers and Risk Factor in PubMed 

Finally, by combining the results of SPM and Random Forest, we describe our findings on 

asthma triggers and risk factors analysis:  

(1) Our asthma trigger and risk factor assessment results confirm that asthma risk factors are 
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complex and varied, including multiple biological, demographic, behavioral, environmental, 

social, psychological and infectious determinants (see Table 4.6 and Figure 4.12).  

(2) Asthma triggers and factors are interconnecting. (i) Based on the results of SPM, for 

examples, infections level based factors are associated with the environment, behavioral and 

social factors (Table 4.6, No.36-44); air quality factors interact with weather factors in asthma 

exacerbation, as shown in Table 4.6 (No. 51-87). (ii) Based on the results of Random Forest, we 

find out that a number of sequential patterns are critical in distinguishing asthma patients from 

non-asthma patients. For example, in the US, specific sequential patterns are significant asthma 

triggers and risk factors (Figure 4.12, United States, No. 2-8, 10-11).  

(3) According to our analysis, environmental factors, including weather and air quality factors, 

are the most influential asthma risk factors. 54.97% of most important asthma risk factors are 

environment-related factors. (i) In the entire US (Figure 4.12, United States), sky condition 

BR=mist (i.e., tiny water droplets suspended in the atmosphere) is one of the most important 

triggers of asthma exacerbations, which confirms that water droplets in mist or fog may affect 

attacks in asthmatic patients (Kashiwabara et al. 2003). As a population-level intervention 

strategy, outdoor activities should be restricted in such situations. (ii) Meanwhile, cold air is 

another significant trigger of asthma exacerbations as shown in Figure 4.12, United States, 

Region 2, 3, 5, 7, 8 and 9. (iii) Next, either too high or too low in humidity can trigger asthma 

exacerbations (Figure 4.12, United States, Region 1, 2, 4, 6, 7, 8). The possible reasons are: with 

low humidity, windy conditions and dry weather may spread pollutants quickly which may 

increase asthma exacerbations; with high humidity, moist air creates an ideal environment for 
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dust mites to grow and multiply which may increase asthma exacerbations. (iv) Moreover, 

according to the results, we can determine a key air pollutant that can affect asthma 

exacerbations – the particulate matter levels (i.e., PM2.5 and PM10, can be found in haze, 

smoke, including dust and pollen). When particulate matter levels are high in the environment, 

some people with asthma are more likely to exhibit exacerbations and symptoms (Figure 4.12, 

Region 2, 4, 7, 8, 9, 10). As an intervention for asthmatic patients, such pollution information 

should be spatially and temporally analyzed, and made available to community stakeholders 

through various media sources. 

(3) The Hispanic population is disproportionately affected by asthma (Figure 4.12, Region 6 and 

9) and researchers believe the reasons are yet-unidentified genetic variants (Hunninghake et al. 

2006). Our extracted frequent risk factors sequence 𝑓_{𝑟𝑎𝑐𝑒 = ℎ𝑖𝑠𝑝𝑎𝑛𝑖𝑐𝑠}, 𝑓_{𝑐𝑎𝑡_𝑚𝑒𝑑_𝑖𝑛𝑐 =

𝑙𝑜𝑤} (Table 4.6, No. 47) shows that this might be the result of the collective effect of the genetic 

factors and the socioeconomic status, e.g., there might be low-income Hispanic families with 

limited health care benefits and have barriers to healthcare access. Population-level interventions 

should be provided to help less privileged groups.  

(4) Exposure to indoor pollutants and allergens may also be important risk factors for asthma 

exacerbation. As is shown in Table 4.6 (No. 88), asthma patients may be exposed to mold 

through cotton toys.  

(5) Another interesting finding shows that effective behavior management could be an important 

way to control asthma exacerbation. For example, behavioral factors such as drinking, smoking, 

exercise and medication taken (Table 4.6, No. 3, 19, 20 etc.) are all important in asthma 
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exacerbations. It is critical to control these triggers and risk factors by including them in asthma 

management plans.  

4.6 Conclusions 

In this study, we aimed at identifying the interconnecting relations and the relative importance of 

asthma risk factors from a comprehensive point of view. More specifically, we made substantial 

effort to derive characteristics of potential asthma patients from novel data sources instead of 

traditional survey-based data collection methods. We evaluate the efficacy of our proposed 

method in identifying asthma triggers and risk factors. The meaningfulness of the results is 

validated by asthma specialists. The extracted risk factors agreed well with the general medical 

consensus. We identified many environmental and behavioral factors that may lead to asthma 

exacerbation, hence it is necessary to address them in asthma management plans. We also found 

asthma risk factors are highly interconnected, for instances, the relationship between race/culture 

groups and their socioeconomic status reflecting the potential genetic causes and latent social 

factors relating to asthma; also, air pollution interacts with weather factors leading to asthma 

exacerbation; thus pointing to effective behavior management as an important way to control 

asthma exacerbation.  

4.6.1 Limitations  

While the results are encouraging, the proposed framework is not without limitations.  
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Our first research goal is to derive characteristics of asthma patients from social media data. 

Although we find social media is a valuable source for delineating characteristics of self-reported 

asthma patients, our current method suffers from the anonymity, pseudonymity, and 

incompleteness of social media data; and the potential selection bias of social media. For the 

incompleteness of social media data, we can improve the data quality in the future by collecting 

data from self-reported patients across multiple social media sites. For the selection bias of social 

media, we propose using the proposed framework as a complement to survey-based data 

collection methods to obtain more representative samples of asthmatic population.     

The second research goal of this study is to leverage existing knowledge of asthma and make full 

use of Big data to identify asthma risk factors. We combined advanced Machine Learning 

algorithms on various heterogeneous data sources for discovering important asthma risk factors.  

Some other important data sources can be added to our set. For example, since asthma is related 

to genetic factors, heterogeneous biological data sources (e.g., experimental results, Protein 

databases, Gene Bank, etc. (Rharbi et al. 2012)) may provide valuable information. As an open 

framework, such data can be imported when available and integrated with other data sources. 

Additionally, we collected local weather and outdoor air quality data for the development of our 

model. However, the indoor environment of asthma patients could be different from the outdoor 

environmental conditions. Hence sensor data obtained from living environments may enhance 

the trigger and risk factor detection ability using our proposed methods. Additionally, medication 

adherence related behavior if available may be incorporated into future studies. 
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4.6.2 Contributions and Implications  

Our proposed framework is very promising for many reasons. Our major research contributions 

for chronic disease management are: First, we developed a framework for comprehensive asthma 

trigger and risk factor analysis by leveraging widely available open data sources about asthma 

and adapting multiple advanced Machine Learning techniques. Our framework is able to confirm 

existing understanding as well as discover new medical knowledge regarding asthma triggers and 

risk factors, such as determining the sequential patterns and relative importance of these risk 

factors. Second, we also demonstrated the use of novel data sources, such as social media, for 

deriving characteristics, including demographics and behaviors, of asthma patients, as an 

alternative to traditional survey-based data collection methods. Lastly, we developed a 

framework for integrating and repurposing highly heterogeneous data from multiple sources in 

an effort to extract information from data with varied spatial-temporal resolutions which can be 

used as a complement to retrospective cohort studies.  

The technical contribution of this study is also significant. We propose a framework with four 

components along with systematic evaluations for each component. We first propose a new Two-

Stage-Model to derive characteristics of self-reported asthma patients from social media with 

image recognition techniques to enhance asthma patients’ background information extraction. 

The proposed Two-Stage-Model outperforms the state of art methods. Then we incorporate Ray 

casting algorithm to integrate and repurpose highly heterogeneous data from multiple open 

sources and extract information from data with varied spatial-temporal resolutions. Sequential 

Pattern Mining is adapted to determine the sequential effects of asthma triggers and risk factors. 
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Random Forest is adapted and modified to uncover the relative importance of asthma triggers 

and risk factors. These are typically challenging to achieve using retrospective cohort studies, 

hence our framework and methods can be used as a complement to such studies. 

Our proposed framework can economically identify asthma risk factors in a timely manner. The 

results of this study can provide guidance for developing asthma management plans and 

population level asthma interventions. The proposed framework can be extended in the following 

directions: first, benefiting from multiple advanced Machine Learning paradigms, the proposed 

framework can use readily available, real-time or near-real-time sensor and the Internet-based 

datasets, which will enable us to follow the trends and changes in asthma risk factors as they 

evolve. Second, the proposed framework may be generalized and extended to detect patterns, 

trends, and risk factors for other chronic conditions such as type 2 diabetes and obesity. Third, 

the proposed framework can be used as a complement to prospective cohort studies because the 

conditions of self-reported asthma patients and other factors can be followed prospectively. 
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5 ESSAY VI: ARE ELECTRONIC NICOTINE DELIVERY SYSTEMS 

(ENDS) A SAFE SUBSTITUTE FOR CIGARETTES AMONG ASTHMA 

PATIENTS: A SOCIAL MEDIA BASED ANALYSIS 

5.1 Introduction 

Nowadays we have an improved understanding of asthma as an inflammatory disease - it can be 

controlled with appropriate medication management plans to avoid risk factors. Although asthma 

risk factors are complex and varied, researchers believe one of the largest risk factors is smoking. 

Smokers appear to have characteristics such as, severe respiratory symptoms, increased mortality, 

and an impaired response to the beneficial effects of anti-asthma drugs (Chatkin and Dullius 2016). 

Numerous studies have determined that smoking cessation has been associated with improved 

asthma control (Chatkin and Dullius 2016). However, smoking is one of the most difficult 

addictions to break. Only 3% of smokers achieved prolonged abstinence for 6 months after an 

attempt to quit (Hughes et al. 2004). Electronic Nicotine Delivery Systems (ENDS), e.g., 

vaporizers or e-cigarettes, usage has increased exponentially in recent years. It is believed that the 

use of ENDS may help smokers obtain relief from tobacco withdrawal symptoms and/or reduce 

cigarette consumption without causing significant side effects. Some researchers claim that ENDS 

may be considered as a low-risk substitute for tobacco for patients with asthma. Yet this argument 

is still controversial. Other studies suggest that the use of ENDS may increase the vulnerability to 

respiratory infections and hence are dangerous for asthmatic patients. To date, only a few small-

scale studies have been performed to evaluate the health effects of ENDS usage on asthmatic 
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smokers. These studies rely on traditional survey-based methods, making large-scale research 

prohibitively expensive and slow. Due to these limitations, there is a need to turn to additional 

knowledge and techniques to better understand the health effects of ENDS on asthmatic patients.  

In the past decade, research has consistently found people discussing ENDS on social media 

(Lazard et al. 2016). These discussions include a large number of self-reported adverse events, as 

well as positive comments about asthma symptoms relief based on social media users’ ENDS 

usage experience. We believe there is a unique opportunity to explore these discussions and 

conversations about ENDS usage among asthmatic patients on social media. In this study, 

following the design science paradigm, we propose an Information Retrieval framework and an 

empirical study, by combining advanced NLP techniques to (i) identify self-reported asthmatic 

patients who use ENDS, and (ii) extract the cause-effect relationships between ENDS and asthma 

symptoms relief & adverse events.  

The proposed framework can help us understand asthmatic patients’ beliefs about ENDS safety, 

evidence for symptom relief and adverse events after using ENDS. The findings of this study are 

important for (i) understanding the health effects of ENDS on asthmatic smokers and (ii) extracting 

evidence that may direct clinical interventions. 

5.2 Related Work  

ENDS use a liquid that may contain nicotine and other ingredients. By heating the liquid, ENDS 

users inhale the generated aerosol. The sales of ENDS have increased significantly over the past 

10 years due to (i) the increased restrictions on tobacco use, (ii) the inexpensiveness and 

convenience of ENDS, and most importantly (iii) the perception that ENDS are healthy 
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alternatives to cigarettes. Despite the common perception that ENDS are healthier than cigarettes, 

there is a limited number of studies on the health effects of ENDS. Often, the results of current 

studies, regarding the health effects of ENDS on asthmatic smokers, are controversial and 

inconclusive. Some researchers argue that there are significant improvements in patients’ asthma 

symptoms after they switch from cigarettes to ENDS. Polosa et al. (2014) report on asthma control 

improvements of a small group of patients (18 in total) who quit or reduced their tobacco 

consumption by switching to ENDS. Campagna et al. (2016) follow 16 ENDS users with mild to 

moderate asthma. Stable improvements in their respiratory functions are observed. On the other 

hand, lots of researchers cast doubt on whether ENDS are safe alternatives to tobacco products. Q. 

Wu et al. (2014) demonstrate that ENDS increase inflammation and infection in human airway 

cells hence are dangerous to asthmatic patients. Sussan et al. (2015) show that exposure to ENDS 

is associated with the impairment of pulmonary antibacterial defenses, thus rendering ENDS 

unsafe for asthmatic patients.  

Despite the controversy among researchers in this area, current studies also share some known 

limitations.  

(1) These studies rely heavily on traditional survey-based methods to obtain information needed 

to analyze the health effects of ENDS, which can be extremely expensive; large-scale studies are 

sparse in the literature.  

(2) There is only limited access to the human population of concern. Animal models (e.g., mouse 

model or primate model) have been used in some of these studies. The validity of these models for 
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asthma and ENDS studies is debated (Glasser et al. 2017). Due to these shortcomings, researchers 

have suggested we turn to new data sources and techniques.  

In the past decade, availability of massive social media datasets has given rise to a growing body 

of studies that use various techniques for the measurement of underlying population 

characteristics at an unprecedented scale. In particular, social media data are starting to get used 

by researchers for ENDS studies. For examples, Lazard et al. (2016) conduct a text mining 

analysis of consumer conversations of ENDS on social media; Ayers et al. (2017) determined 

reasons why people use ENDS from social media conversations. These studies demonstrate that 

social media could be a valuable source for understanding people’s opinions about the safety of 

ENDS and their ENDS using experience. Though interesting and important, none of these 

studies focus on a specific group of people – asthmatic smokers who use ENDS as alternatives to 

traditional tobacco products.  

5.3 Research Questions 

Based on the review of related work, we note that researchers’ opinions on the safety of using 

ENDS in patients with asthma are disputed. Social media data have been widely used to study 

ENDS-related questions. However, there is a lack of studies on asthmatic smokers who adopt 

ENDS. Thus, we are motivated to integrate multiple NLP techniques to determine if ENDS are 

safe substitutes for tobacco products, specifically for asthmatic patients by employing social 

media data. We attempt to answer the following research questions:  
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(I) How can we identify self-reported asthmatic patients who use ENDS on social 

media?  

(II) How can we extract the cause-effect relationships between ENDS use and asthma 

symptoms relief or adverse events? 

5.4 Research Design 

 

Figure 5.1 A Framework for Understanding the Health Effects of ENDS Among Asthmatic 

Smokers 

Figure 5.1 shows the proposed framework for examining if ENDS are safe substitutes for cigarettes 

among asthmatic smokers. Components of the framework are elaborated in the following sections. 

5.4.1 Identifying Asthmatic Patients Who Use ENDS  

5.4.1.1 Data Collection and Preprocessing  

The data for this study come from Twitter and ENDS discussion forums. To collect asthmatic 
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Asthma & ENDS 

ENDS forums  
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Personal experience 
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Between ENDS and  

ENDS-Related Medical  
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patients’ discussions about ENDS on Twitter, Twitter streaming API is used to track tweets that 

contain both asthma-related (e.g., asthma and inhaler) or/and ENDS-related keywords (e.g., vape 

and e-cig). To collect ENDS discussion forum data, a web crawler is built to collect threads that 

have the keywords asthma from the E-Cigarette Forum18. Social media data are notoriously noisy. 

To exclude various types of noise, such as news or advertisements, a proper signal extraction 

process is necessary. In this work, we first apply the signal extraction process on the collected 

datasets (see section 2). Then we identify asthmatic patients who use ENDS from the cleaned 

datasets.  

5.4.1.2 Identify Self-Reported Asthmatic Patients Who Use ENDS as Alternatives to Tobacco 

Products 

We first identify social media users as potential asthmatic patients (see section 4.4.2 Identifying 

Self-Reported Asthma Patients on Social Media).  

We then develop criteria for identifying asthmatic patients who adopt ENDS or use ENDS as 

alternatives to tobacco products if we find: (i) mentions of ENDS (e.g., e-cig, vape, e-juice, e-

cigarettes, vaporizer, vapor pen, and e-hookah etc.); (ii) remarks on major ENDS brands (e.g., V2, 

Halo, Mig Vapor, JUUL etc.) Note: news or advertisements are already removed in the signal 

extraction process (the framework described in section 2). 

                                                 

18 www.e-cigarette-forum.com/forum, the world's largest e-cigarette website 
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5.4.2 Identifying Self-Reported Adverse Events and Asthma Symptoms Relief by Using 

Semi-Supervised Medical Named-Entity Recognition 

Named-entity recognition (NER) is a subclass of Information Extraction in NLP. In this study, 

we adapt NER techniques to locate and classify named-entities (NE) in social media posts into 

two categories: (i) self-reported adverse events of ENDS exposures (e.g., trouble breathing 

from the post: my daughter suffered trouble breathing after unintentional exposure to e-cig in a 

restaurant) and (ii) self-reported asthma symptoms relief after using ENDS (e.g., relieve 

congestion from the post: I use my e-cig to relieve congestion with menthol liquid). 

Table 5.1 Example ENDS-Related Seed Medical Named-Entities 

ENDS-related adverse events  ENDS-related asthma symptoms relief reports 
Shortness of breath/worse breathing Improved lung/pulmonary function 
Heart palpitations Improved asthma/COPD symptoms 
Chest pain Less coughing/wheezing 
Allergy Better sleeping quality 
High levels of anxiety Improved memory and mood 
…… …… 

A state-of-the-art semi-supervised NER technique is adapted to process our social media datasets 

(Pasca et al. 2006). Here we define the learning problem in our research setting.  

(1) The learning process is recursive, starting with two sets of ENDS-related seed medical 

named-entities {𝒮 : adverse events} and {𝒮 : asthma symptoms relief}. 𝒮  is collected from 

the Food and Drug Administration (FDA) safety information and adverse events reporting 
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system19. 𝒮  is collected from the medical literature review (Glasser et al. 2017). Some example 

seed named-entities are shown in Table 5.1.  

(2) We define a learner 𝑓(𝑥)  that searches (fuzzy searching with flexible matching) on social 

media posts containing the seeds from 𝒮  and 𝒮  to identify their contexts < 𝒑𝒓𝒆𝒇𝒊𝒙, 𝑖𝑛𝑓𝑖𝑥,

𝒑𝒐𝒔𝒕𝒇𝒊𝒙 > , where 𝑖𝑛𝑓𝑖𝑥 is the medical named-entity defined in step 1. The 𝑝𝑟𝑒𝑓𝑖𝑥 and 

𝑝𝑜𝑠𝑡𝑓𝑖𝑥 are contiguous sequences of 𝒏 word tokens, situated to the left of the matched 𝑖𝑛𝑓𝑖𝑥 

and to the immediate right of the matched 𝑖𝑛𝑓𝑖𝑥 respectively.  

(3) Next, we look for another set of 𝑖𝑛𝑓𝑖𝑥 (i.e., ENDS-related named-entities) < 𝑝𝑟𝑒𝑓𝑖𝑥, 𝒊𝒏𝒇𝒊𝒙,

𝑝𝑜𝑠𝑡𝑓𝑖𝑥 > that appear in similar 𝑝𝑟𝑒𝑓𝑖𝑥 and 𝑝𝑜𝑠𝑡𝑓𝑖𝑥 that 𝑓(𝑥) discovered in step 2.  

(4) The learning process is re-applied to the newly found ENDS-related named-entities – we add 

all the 𝑖𝑛𝑓𝑖𝑥𝑒𝑠 found in step 3 into 𝒮  and 𝒮 , so as to discover new relevant contexts <

𝒑𝒓𝒆𝒇𝒊𝒙, 𝑖𝑛𝑓𝑖𝑥, 𝒑𝒐𝒔𝒕𝒇𝒊𝒙 > by repeating step 2.  

By repeating this process, a large number of ENDS-related named-entities are gathered. 

                                                 

19 https://www.fda.gov/tobaccoproducts/aboutctp/ucm221165.htm 
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5.4.3 Cause-Effect Relationships Extraction Between ENDS and ENDS-Related Medical 

Named-Entities 

In this section, we describe methods to discover the cause-effect relationships among ENDS usage 

and the medical named-entities (i.e., self-reported adverse events and asthma symptoms relief we 

recognized in the last section). The cause-effect relationships can be derived from asthmatic 

patients’ reports regarding ENDS-related adverse events and symptom relief. In a cause-effect 

relationship, one event (i.e., using ENDS) makes other effects happen (i.e., adverse events or 

asthma symptoms relief). A cause-effect relationship extraction task requires the detection and 

classification of causal relationships within a set of documents (i.e., social media posts).  

In this study, we adapt a Cue-Phrase Probability based method (Chang and Choi 2004) to extract 

the cause-effect relationships (cue-phrases examples: because, since, therefore etc.). The 

advantage of this method is that it requires a relatively small annotated corpus for the training 

process. Following the supervised learning paradigm, we define the problem as a probabilistic 

classification problem 𝑃 (𝑌|𝑡 ). 𝐶𝑃  denote the cue-phrase in a ternary 𝑡, where 𝑡 is defined as 

< 𝐸𝑁𝐷𝑆, 𝑁𝐸, relation > where 𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 ∈ {¬ causal, causal }. The co-occurrence of ENDS 

usage and the named-entity (NE) may express causal relationships or non-causal relationship. So 

the output space is defined as Y = {-1: ¬causal, 1: causal}. We apply the Naïve Bayes classifier 

to classify the relationships between ENDS usage and the ENDS-related named-entities:  

𝑌 = 𝑎𝑟𝑔𝑚𝑎𝑥𝑃(𝑌|𝑡 ) = 𝑎𝑟𝑔𝑚𝑎𝑥
( ) ( | )

( )
,   ( 5-1 ) 
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where 𝑃(𝑡 |𝑌) = 𝑃(𝐶𝑃 |𝑌)  is the cue-phrase ( 𝐶𝑃 ) probability which can be learned from 

annotated causal-ternary sets.  

5.4.4 Evaluation 

We evaluate our framework in two ways: k-fold cross-validation and manual evaluation.  

(1) K-fold cross-validation is a standard well-accepted model evaluation technique. We use it to 

evaluate the performance of our cause-effect relationship extraction model. The annotated 

dataset is randomly split into 𝒌 equal sized subsamples. 1 subsample is retained as the testing set, 

and the 𝒌-1 subsamples are used for model training. The process is repeated 𝒌 times (i.e., folds). 

The final estimation is made based on average testing performance. The reasons for adopting this 

method are (i) it will not lose testing capability when the available annotated dataset is relatively 

small, and (ii) it can estimate how the performance of the model can be generalized to an 

independent dataset.  

(2) In many cases, manual evaluation is the best approach for finding out whether a model is 

actually useful in the research area of NLP (Resnik and Lin 2013). The goal of manual 

evaluation is twofold: (i) to examine the performance of our semi-supervised medical named-

entity recognition method, and (ii) to test the usefulness of extracted cause-effect relationships. 
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5.5 Results and Discussions 

5.5.1 Asthmatic Patients Who Use ENDS 

Table 5.2 Summary of The Datasets 

Data Source 
Collection 
Period 

Self-reported 
asthmatic patients  

Social media posts 
with ENDS mentions 

Twitter streaming dataset  2013/11 ~ 
2016/12 

9,096 6,006 
E-Cigarette Forum dataset 503 1,507 

Table 5.2 summarizes the datasets we collected from social media platforms. First, we identify 

9,599 asthmatic patients. From these asthmatic patients, we further identify users who adopt 

ENDS or use ENDS as alternatives to tobacco products. Overall, we are able to identify 7,513 

social media posts with at least one mention of an ENDS-related term and at least one mention of 

an asthma related-term – demonstrating that social media are promising data sources for this 

study.  

5.5.2 K-Fold Cross-Validation 

To extract the cause-effect relationships between ENDS and named-entities (i.e., self-reported 

adverse events and asthma symptoms relief), we first train the relation extraction model. We 

retrieve the annotated dataset from the FDA ENDS-related adverse events reports and social 

media posts. Two experts are invited to annotate 500 records as ¬causal or causal. Table 5.3 

shows some sample annotated data. 

Table 5.3 Sample Annotated Data 
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Sample Training Data for The Cause-Effect Relationship 
Extraction Model 

Annotation 
<𝑬𝑵𝑫𝑺, 𝑵𝑬, 𝐫𝐞𝐥𝐚𝐭𝐢𝐨𝐧 𝐥𝐚𝐛𝐞𝐥 > 

Source 

After a few weeks of using the E-cigarette I ended up in the 
hospital ER on     and another time before that for ear 
congestion and hearing loss 

< E-cigarette, ear congestion, relation: 
causal> 
Cue-Phrase: after 

F 

When coworker uses electronic cigarette. I get a burning 
sensation in my lungs and irritation in my eyes. 

< electronic cigarette, burning sensation … 
lungs, relation: causal> 
Cue-Phrase: when 

F 

Kissing my partner who was using an e-cigarette caused me 
to get “pigmented contact cheilitis” which is very painful. 

< e-cigarette, painful, relation: causal> 
Cue-Phrase: cause 

F 

Stuffy nose since starting vaping 
< vaping, stuffy nose, relation: causal> 
Cue-Phrase: since 

S 

Anyone else out there vape after surgery? ¬causal S 
One week since I quit smoking and began vaping ¬causal S 

Note: F: FDA ENDS-related adverse events reports; S: Social media posts 

The results of the cause-effect relationship extraction are presented in Table 5.4. We adopt the 

following evaluation metrics: accuracy is a description of model errors; F1 is defined as the 

harmonic mean of precision and recall, where precision measures given a prediction from the 

model, how likely it is to be correct, while recall measures given n data records, how likely it is 

that the model detects them. Though straightforward, the cue-phrase probability based relation 

extraction model can capture most of the causal relationships between ENDS and medical 

named-entities on the annotated dataset. Especially for the causal class, the performance of per-

class precision, recall, and F1 are very good. This is important because the focus of this study is 

to identify the causal relationships. 

Table 5.4 Cause-Effect Relationship Extraction Performance Evaluation 

Cue-Phrase Probability 
based cause-effect 
relationship extraction Accuracy (%) 

causal ¬causal 

Naïve Bayes 
Precision 

(%) 
Recall 

(%) 
F1 
(%) 

Precision 
(%) 

Recall 
(%) 

F1 
(%) 

82.0 85.2 81.5 83.3 78.3 82.5 80.4 
5-Fold Cross-Validation 
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5.5.3 Manual Evaluation 

We first examine the extracted named-entities. 235 unique named-entities (i.e., adverse events or 

asthma symptoms relief reports) are extracted. 81.7% of these unique named-entities are adverse 

events. However, among the 7,513 social media posts we have retrieved, 5,033 (67%) are 

recognized as having at least one mention of asthma symptoms relief. The results show that (i) 

terms for adverse events are more diverse while terms for asthma symptoms relief are more 

uniform on social media; this may be because we have more accurate seed named-entities for 

adverse events from the FDA adverse events report systems, whereas the seed named-entities for 

asthma symptoms relief are from literature – the language in medical literature is more formal 

than that of social media (Table 5.5 shows some sample named-entities we have extracted), and 

(ii) although the model can extract a large number of meaningful ENDS-related named entities, 

there is also a lot of noise as shown in the results. We believe the performance can be improved 

in our future work with more annotated data. 

Table 5.5 Sample of Extracted Named-Entities 

Adverse events  

headache, nausea, trouble breathing, eye redness, painful respiratory, stomach 
pain, bad smell, cough, lung issue, chest pain, difficulty in sleeping, anxiety, 
loss of appetite, yellow teeth, seizure, dry lips, bronchitis, dizzy, joint ache, 
rash, itching, ……  

Asthma symptom 
relief reports 

help …with asthma, haven’t had an asthma, treating … lungs, bye wheezing, 
breathing better, barely touch inhaler …… 

Next, we manually evaluate the extracted cause-effect relationships between ENDS and named-

entities. Cause-effect relationships are identified between ENDS use and adverse events in 65% 

of the social media posts (note: 2480 social media posts are identified as having at least one 

mention of adverse events). 55% of the social media posts show a cause-effect relationship 
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between ENDS use and asthma symptom relief (note: 5033 social media posts are identified as 

having at least one mention of asthma symptom relief). Table 5.6 shows the top-ranked causal 

relations we extracted. The results show that more than 61% asthmatic smokers report that 

ENDS are helpful in alleviating their asthma symptoms - a possible implication is that ENDS 

could be a valid option for asthmatic patients who cannot quit smoking. The extracted adverse 

events can also contribute to understanding and assessing the risk of using ENDS by both 

asthmatic smokers and clinical practitioners.  

We also conduct an error analysis. The most useful cue-phrases we identified are after and since. 

However, there are some errors due to the fact that our model does not have the ability to 

discriminate between causal and ¬causal (non-causal) when these two phrases are used to 

indicate some aspect of time (see Table 5.7). In the future, more semantic and lexical features, as 

well as a temporal analysis could be introduced to solve this problem.  

Table 5.6 Top Ranked Cause-Effect Relationships 

Category Relationships: <𝑬𝑵𝑫𝑺, 𝑵𝑬, 𝐫𝐞𝐥𝐚𝐭𝐢𝐨𝐧 𝐥𝐚𝐛𝐞𝐥 > 

Adverse events 
< e-cig, cough, relation: causal>, < e-cig, headache, relation: causal>, <e-
cig, pain, relation: causal >, <vape, headache, relation: causal>, <e-cig, 
anxiety, relation: causal>, …… 

Asthma symptoms 
relief 

<e-cig, asthma…improve, relation: causal>, <vape, better sleeping, 
relation: causal>, <vape, better breath, relation: causal>, <e-cig, asthma 
disappear, relation: causal>, …… 

Table 5.7 Error Analysis 

Classified as causal 
relationships but are 
false positive 

<vape, quit, relation: causal>: After I quit smoking, I started vaping. 
<e-cig, smoking, relation: causal>: Start smoking ecig after I quit for a 
long time. 
 <vape, good, relation: causal>: Because my previous attempts at vaping 
are good. 
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5.6 Conclusion  

In the fourth essay, we develop an Information Extraction framework to identify if ENDS are 

safe substitutes for tobacco products, especially for asthmatic patients. Multiple advanced NLP 

techniques are adapted and combined to analyze social media users’ ENDS using experience. We 

first develop criteria to identify asthmatic patients who use ENDS. We then extract their self-

reported adverse events or asthma symptoms relief from the use of ENDS. In addition, we 

examine the cause-effect relationships between these reports and ENDS. The findings show that 

61% of asthmatic smokers on social media believe that ENDS can reduce their asthma symptoms 

- a possible implication is that ENDS can be safe substitutes for cigarettes for asthmatic patients 

who cannot quit smoking.  
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6 FUTURE WORK AND CONCLUSION  

6.1 Future Work 

This dissertation comprises of four studies. Each of them can be extended in many ways.  

In the first essay, we propose a framework for extracting signal from social media texts by 

developing a feature augmentation and sample reweighting based domain adaptation method. In 

the future, we propose to address many other types of noise. For instance, population biases vary 

across different social media platforms, e.g., some social media sites are more appealing to 

teenagers and young adults while others have a gender bias. There are large populations of bots 

masquerading as human beings on all major online social platforms. Moreover, many social 

media accounts are professionally managed to strategically influence other users. These biases 

should be fully acknowledged and corrected. 

In the second essay, we use social media, internet search, and environmental air quality data to 

estimate ED and hospital visits for asthma within a relatively short time period. For the future 

work, we are in the process of confirming the findings of this essay by collecting larger clinical 

datasets across different seasons and spanning wider geographic areas. Our continued work is 

focused on extending this research to propose a temporal prediction model that analyzes the 

trends in tweets and air quality index changes, and estimates the time lag between these changes 

and the number of asthma ED visits. We also are collecting air quality index data over a longer 

time period to examine the effects of seasonal variations. In addition, we would like to explore 

the effect of relevant data from other types of social media interactions, e.g. blogs and discussion 
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forums, on our asthma visit prediction model. Additional studies are needed to examine how 

combining real-time or near-real-time social media and environmental data with more traditional 

data might affect the performance and timing of current individual-level prediction models for 

asthma, and eventually, for other chronic conditions. In future projects, we intend to extend our 

work to diseases with geographical and temporal variability, e.g., COPD and diabetes. 

In essay 3, by using Machine Learning and Big Data, we conduct a comprehensive analysis of 

triggers and risk factors for asthma. The future work can be summarized from two perspectives. 

First, we proposed an advanced two-stage classification model to automatically derive social 

media users’ background and demographic information. It can be used as a substitute or 

complement for traditional survey-based data collection methods. The proposed two-stage model 

can be applied in many other field settings to collect the background information from large 

targeted population. Second, we propose a framework to identify asthma triggers and risk factors 

by repurposing and integrating multiple open data sources. The using of proposed framework can 

be generalized to other chronic diseases. For example, diabetes and obesity, the data collection 

and analysis for such chronic diseases should be adjusted and focused on patients’ behavior. 

Meanwhile, we can focus on specific demographics and better the trigger and risk factor analysis 

for such demographics.  

In essay 4, we identify smoking as one of the highest population-attributable risk factors and use 

Big Data to evaluate possible substitutes like e-cigarettes. In the future, we propose to address 

the following questions. First, population biases vary across different social media platforms 

since e-cigarettes may have different impact on different subpopulation groups. Second, more 
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annotated data should be used to improve the performance of the framework. Third, more 

semantic and lexical features could be introduced to improve the performance of the cause-effect 

relationship extraction model. 

6.2 Conclusion 

Big Data analytical tools have the potential to leverage data from large-scale longitudinal sources 

for population-level chronic disease prevention, as well as to capture trends and propose models 

for individual-level proactive self-management. To better understand the role of Big Data in the 

research area of chronic disease prevention and management, we use asthma as a research case 

and present four essays that focus on (i) extracting signals from social media data, (ii) use of Big 

Data for asthma surveillance, (iii) conduct comprehensive and multi-level asthma risk factor 

analysis and (iv) examine safer substitutes for asthma risk behavior e.g. smoking.  

From the perspective of design science, we advanced the analysis of Big Data in healthcare by 

designing NLP and Machine Learning based artifacts. The findings have significant implications 

for both researchers, health providers, and chronic disease patients. 
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